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Abstract
In recent years, the integration of machine learning algorithms into clinical settings
has shown immense potential for improving healthcare outcomes. However,
concerns regarding fairness and equity in machine learning models have garnered
increasing attention, particularly in healthcare where biased algorithms can
perpetuate existing disparities. This thesis investigates the role of fairness-aware
algorithms in addressing these issues within clinical machine learning applications.
Through case studies and empirical analyses, this research explores how biases
manifest and impact model performance across diverse patient populations,
highlighting the challenges and opportunities in promoting fairness within clinical
machine learning. Subsequently, drawing on datasets from multiple healthcare
institutions, we propose and assess the effectiveness of fairness-aware techniques
in advancing equitable healthcare outcomes. Ultimately, this thesis contributes
to the ongoing dialogue on fairness in machine learning, providing insights and
recommendations for the development of ethically sound and socially responsible
machine learning algorithms in healthcare.
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Abstract

In recent years, the integration of machine learning algorithms into clinical settings
has shown immense potential for improving healthcare outcomes. However, concerns
regarding fairness and equity in machine learning models have garnered increasing
attention, particularly in healthcare where biased algorithms can perpetuate existing
disparities. This thesis investigates the role of fairness-aware algorithms in addressing
these issues within clinical machine learning applications. Through case studies and
empirical analyses, this research explores how biases manifest and impact model
performance across diverse patient populations, highlighting the challenges and
opportunities in promoting fairness within clinical machine learning. Subsequently,
drawing on datasets from multiple healthcare institutions, we propose and assess
the effectiveness of fairness-aware techniques in advancing equitable healthcare
outcomes. Ultimately, this thesis contributes to the ongoing dialogue on fairness in
machine learning, providing insights and recommendations for the development of
ethically sound and socially responsible machine learning algorithms in healthcare.





Lay Summary

In recent years, using machine learning in healthcare has become more common
and has the potential to improve patient care. However, there are concerns about
whether these algorithms are fair and treat everyone equally, especially since biased
algorithms can worsen existing inequalities in healthcare. This thesis examines
how we can make sure these algorithms are fair, focusing on clinical applications.
By studying real-life examples and analyzing data, we explore how biases affect
the accuracy of these algorithms for different groups of patients. We also propose
ways to make these algorithms more fair and test them using data from various
healthcare providers. Ultimately, this research aims to make sure that machine
learning in healthcare is fair and helps everyone equally, providing recommendations
for making algorithms that are not only accurate but also ethical and just.
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1
Introduction

1.1 Motivation

Advancements in computational capabilities and the abundance of digital health

data are fundamentally altering the landscape of patient health assessment and

healthcare delivery. This paradigm shift is largely driven by the emergence of

clinical artificial intelligence (AI), which encompasses cutting-edge technologies

such as machine learning (ML). While ML-based tools offer numerous benefits, it is

imperative to prioritize the equity of these innovations, ensuring that healthcare

outcomes remain unbiased and fair for all individuals. This imperative underscores

the urgent need for the development of fairness-aware ML algorithms.

In the realm of healthcare, where decisions carry profound implications, ad-

dressing biases within algorithms is paramount to safeguard against disparities in

patient treatment. By integrating fairness-aware techniques into ML algorithms,

we aim to mitigate potential biases in the data that could disproportionately

impact specific demographic groups. This enables the development of a healthcare

system that is more just, transparent, and considerate of the diverse needs and

backgrounds of patient populations.

This commitment to fairness in ML aligns with broader societal aspirations

of promoting inclusive and ethical practices across critical healthcare settings.

1



2 1.2. Background

Emphasizing fairness in both the development and deployment of machine learning-

driven technologies allows us to harness their transformative potential while striving

to cultivate a healthcare landscape that embraces principles of equity and respect

for all individuals. In doing so, we contribute to the collective goal of achieving

optimal health outcomes for everyone.

1.2 Background

1.2.1 The Rise of Artificial Intelligence

According to our current understanding, the inception of the concept of "computer

intelligence" can be traced back to a lecture delivered by Alan Turing in 1947 in

London [1]. In this lecture, Turing articulated his vision for a machine capable

of learning from experience, emphasizing the importance of a machine’s ability

to modify its own instructions as the fundamental mechanism for achieving this

goal [1]. This early conceptualization laid the foundation for the field of artificial

intelligence as we know it today.

In 1956, John McCarthy provided a formal definition of the term "artificial

intelligence" as "the science and engineering of making intelligent machines" [1–4].

This seminal definition encapsulated the overarching goal of AI research: to develop

machines capable of exhibiting intelligent behavior akin to that of humans.

During its nascent stages, AI primarily relied on basic "if, then" rules and

focused on creating machines with the capacity for inference and decision-making,

mirroring human cognitive processes [2, 5]. However, as technological advancements

accelerated, AI evolved significantly, incorporating more sophisticated algorithms

and branching into specialized subfields such as machine learning.

Machine learning emerged as a pivotal area of AI research, emphasizing the

development of algorithms that enable computers to learn from data and improve

their performance over time without explicit programming [6]. This shift towards

data-driven approaches marked a turning point in AI research, unlocking new

capabilities and applications across various domains.
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Overall, the evolution of AI from its early conceptualizations by Turing to the

establishment of formal definitions by McCarthy, and its subsequent progression

into machine learning across diverse domains, highlights the dynamic and inter-

disciplinary nature of the field. As AI continues to advance, it holds immense

potential to revolutionize industries, transform society, and address many of the

most complex challenges facing humanity.

1.2.2 Clinical Machine Learning

Machine learning represents a crucial facet of artificial intelligence, focusing on

the development of algorithms and statistical models capable of learning from,

and adapting to, data [2, 6–9]. In essence, machine learning techniques enable

computers to analyze large datasets, identify patterns, and make predictions or

decisions without explicit programming instructions.

In the healthcare context, machine learning holds immense potential to revolu-

tionize patient care by leveraging the vast amounts of data generated by individual

patients and aggregated from diverse patient populations [10]. By harnessing this

wealth of information, machine learning algorithms can extract valuable insights,

uncover hidden correlations, and generate predictive models that facilitate more

accurate diagnoses, personalized treatment plans, and improved patient outcomes.

The origins of biomedical AI can be traced to the 1950s, during which early efforts

were made to develop computational models that mimicked the problem-solving

approaches and expertise of biomedical scientists [11]. These involved the creation

of systems for processing clinical data, interpreting information, and refining models

for clinical decision-making. The advent of digital resources such as the Medical

Literature Analysis and Retrieval System as well as PubMed further catalyzed these

efforts [2, 11]. The initial phase of AI in medical research culminated in the mid-

1970s with endeavors like the Stanford University Medical Experimental–Artificial

Intelligence in Medicine laboratory (which provided advanced computing capabilities)

and the inaugural National Institutes of Health–sponsored "AI in Medicine" workshop

held at Rutgers University [2, 12]. However, the adoption of AI in the medical
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sphere was slow, owing to constraints such as the high costs associated with building,

sustaining, and updating expert digital information databases, alongside ensuring

reliable performance [2, 4, 11].

Despite persistent exploration of AI in medicine between the 1970s and 1990s

[2, 3, 11, 13, 14], clinical AI did not gain significant momentum until the late

1990s. This era, characterized by technological breakthroughs, set the stage of

the contemporary era of clinical AI.

During the late 1990s and early 2000s, there was remarkable progress and

expansion of clinical artificial intelligence [2, 4]. A crucial aspect of this advancement

was the development of more sophisticated machine learning algorithms and

computational models, with the emergence of deep learning marking a significant

milestone [15]. Another significant driver of this transformative period was the

increasing accessibility of extensive datasets for AI systems to leverage. With

access to diverse and comprehensive datasets, AI systems can extract insights and

patterns, facilitating better-informed clinical decisions and ultimately contributing

to improved patient care outcomes. These more advanced algorithms, coupled

with the increased digitization of clinical data and significant advancements in

computational resources led to notable improvements in diagnostic capabilities and

treatment recommendations within clinical AI applications [15].

Since then, clinical AI has continued to attract increasing attention across a

spectrum of medical specialties, spanning oncology, cardiology, neurology, and

beyond [3, 8, 9].

Types of Clinical Data

The utilization of clinical AI spans various data modalities, including imaging,

textual data, omics, and others, each presenting distinct avenues for enhancing

patient care and clinical outcomes.

Medical imaging plays a crucial role in modern healthcare, offering insights into

disease diagnosis, treatment monitoring, and therapeutic guidance across a spectrum

of medical conditions [4, 16–18]. Modalities such as X-rays, CT scans, MRI scans,
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and ultrasound images constitute key pillars of medical imaging, providing clinicians

with detailed anatomical and pathological information.

The integration of artificial intelligence into medical imaging has revolutionized

the field, enabling medical professionals to harness the power of advanced algorithms

to extract meaningful insights from imaging data [4, 16–18]. AI algorithms are

adept at identifying subtle patterns, anomalies, and features within imaging data

that may not be readily apparent to the human eye. This capability enhances

diagnostic accuracy by aiding in the detection and characterization of abnormalities,

such as tumors, fractures, or lesions [19, 20].

Electronic health records play a vital role as centralized repositories housing

a wealth of patient information, including detailed medical histories, diagnoses,

prescribed medications, laboratory results, and treatment plans [21–23]. These

comprehensive records offer clinicians valuable insights into a patient’s health

status and medical journey over time. By harnessing AI algorithms, electronic

health record data can be subjected to meticulous analysis to uncover intricate

patterns and correlations that may not be readily apparent through manual review

alone. These algorithms can sift through vast quantities of electronic health record

data to identify trends, predict patient outcomes, and provide decision support

to healthcare providers.

Omics data, encompassing genomics, transcriptomics, proteomics, and metabolomics,

represents a rich source of biological information that offers insights into disease

mechanisms, treatment responses, and personalized medicine [24–27]. This mul-

tidimensional data provides a comprehensive view of the molecular landscape

underlying various physiological and pathological processes.

Through the integration of AI-driven analytics, omics data can be utilized

to tailor treatment approaches to individual patients, taking into account their

unique genetic makeup, molecular profiles, and disease characteristics [24–27]. This

personalized approach to medicine holds the potential to optimize therapeutic

efficacy, minimize adverse effects, and improve patient outcomes by aligning

treatments with the specific molecular drivers of disease [28, 29]. Furthermore,
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AI-driven analysis of omics data can contribute to the discovery of novel biomarkers

and therapeutic targets, facilitating the development of innovative treatments

and precision medicine interventions [30]. By elucidating the complex interplay

between genes, proteins, metabolites, and disease pathways, AI enables a deeper

understanding of disease pathogenesis and enables more targeted and effective

interventions [31].

In addition to structured data sources like electronic health records and omics

datasets, unstructured textual data such as clinical notes and physician reports

contain insights into patient symptoms, diagnoses, and treatment plans [32–34].

These narrative accounts provide a nuanced understanding of patient conditions,

capturing additional details that may not be captured in structured data formats.

Through the application of natural language processing (NLP) and text mining

techniques, meaningful information can be extracted from unstructured clinical

text [35–37], as these AI algorithms can parse through vast amounts of textual

data, identifying relevant clinical concepts, relationships, and patterns. Thus,

by leveraging NLP and text mining, healthcare organizations can streamline

documentation processes, reducing the burden on clinicians and improving workflow

efficiency [36, 38]. Automated summarization and categorization of clinical notes

can also enhance the accessibility and usability of patient information, facilitating

more informed decision-making at the point of care.

Furthermore, the ongoing production of physiological data through medical

sensors, ranging from wearable devices to monitors and implantable devices, offers

avenues for real-time health surveillance [39–42]. The continuous influx of data

provides a comprehensive picture of an individual’s health status, allowing for

proactive monitoring and timely interventions. By using AI algorithms, this wealth

of physiological data can be analyzed in real time to identify deviations from normal

patterns and detect potential health issues. Parameters such as heart rate, blood

pressure, and glucose levels, among others, can be monitored to flag anomalies

that may indicate emerging health concerns [43–45].
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Recent Advancements in Clinical Machine Learning

In recent years, artificial intelligence has emerged as a powerful tool in healthcare,

demonstrating notable benefits in enhancing the accuracy, consistency, and efficiency

of reporting [2, 4]. Numerous studies have directly compared AI to medical

professionals, showcasing the superior performance of AI algorithms across diagnostic

imaging, electronic health records, and clinical decision support. Highlighting

representative work across these domains illustrates both the breadth and depth

of AI’s clinical impact.

Diagnostic imaging has been one of the most visible areas of progress. For

instance, a study conducted in 2020 in the UK and the USA introduced an AI

system capable of outperforming human experts in predicting breast cancer using

mammograms [46]. The study revealed a significant reduction in false positives

by 5.7% and 1.2% (USA and UK, respectively), as well as reductions in false

negatives by 9.4% and 2.7% (USA and UK, respectively) compared to human

experts. Additionally, through an independent study involving six radiologists,

they determined that the AI system surpassed all human readers, achieving an

area under the receiver operating characteristic curve (AUROC) more than 11.5%

higher than the average radiologist. Similarly, another study in 2020, utilizing

data from institutions in the USA, UK, and South Korea, found that an AI

algorithm trained on mammography examinations exhibited significantly better

performance than 14 radiologists [47]. The AI algorithm demonstrated higher

sensitivity in diagnosing breast cancer with mass (90% vs. 78% compared to

radiologists) or architectural distortion/asymmetry (90% vs. 50% compared to

radiologists). Additionally, AI proved more adept at detecting early breast cancer

(91% vs. 74% compared to radiologists).

Beyond imaging, electronic health records have also served as a rich substrate for

clinical ML applications. For example, research has indicated the effectiveness of ML

algorithms utilizing electronic health record data in predicting antibiotic resistance

in urinary tract infection cases. According to findings, these algorithms improved

the predictability of resistance, thereby reducing the incidence of mismatched
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treatments when utilizing drug recommendations suggested by the algorithm [48].

Another study employed electronic health record data to forecast the likelihood of

antibiotic resistance in uncomplicated UTIs [49]. The models were found to reduce

inappropriate antibiotic therapy by 18% relative to clinicians and corrected 47% of

inappropriate first-line drugs chosen by a clinician. The approach also led to a 67%

reduction in the recommendation of second-line drugs compared to clinicians.

Recent work has also demonstrated the role of AI in decision support across

diverse clinical specialties. For example, in 2024, researchers presented findings

from a large teledermatology experiment focused on diagnosing skin diseases

[50]. In this experiment, dermatologists and primary-care physicians achieved

diagnostic accuracies of 38% and 19%, respectively, when tasked with diagnosing

46 skin diseases from 364 images. In contrast, the AI decision support system

significantly improved the diagnostic accuracy of both specialists and generalists

by more than 33%.

Taken together, these instances illustrate how clinical ML has advanced along

multiple fronts: from imaging to EHR-based predictions to decision support across

specialties. By harnessing AI algorithms, healthcare professionals can leverage

the wealth of physiological data available to them to detect anomalies, diagnose

conditions, and provide timely interventions, ultimately enhancing patient care

and health outcomes.

The evolution of AI since Turing’s pioneering vision has been nothing short of

remarkable, especially within the healthcare domain. The integration of machine

learning into healthcare has been motivated by its demonstrated efficacy and the

promise of notable progress across diverse domains, ushering in a transformative era

marked by personalized and precision medicine. However, amidst the enthusiasm

and aspirations to achieve this objective, it is vital to recognize the challenges

and considerations inherent in the adoption of machine learning in healthcare.

These challenges encompass a spectrum of issues, including data privacy concerns,

algorithm bias, interpretability challenges, and ethical implications [51–54]. Ad-

dressing these complexities demands a multidisciplinary approach, necessitating
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collaboration among clinicians, data scientists, ethicists, policymakers, and other

stakeholders. This collaborative effort is vital to ensure the responsible and ethical

utilization of machine learning technologies in healthcare [4].

1.2.3 Sources of Bias in Clinical Data

The focal point of this thesis lies in addressing algorithmic bias, a critical concern

within the realm of healthcare. The recognition of bias in clinical data, and

consequently, in the machine learning models trained on such data, has garnered

increasing attention in both healthcare research and practical application. Clinical

data, which encompasses a diverse array of information sourced from patients,

medical records, and healthcare systems, is vulnerable to various forms of bias

originating from factors such as data collection methodologies, institutional protocols,

and societal disparities. These biases have the potential to significantly impact the

accuracy, dependability, and equity of analyses and insights derived from clinical

data, thus exerting a profound influence on healthcare decision-making processes

and patient outcomes. Particularly, when developing machine learning algorithms

utilizing clinical data, further layers of complexity and challenges may emerge

regarding bias. These algorithms are vulnerable to inheriting biases present in

the data, potentially exacerbating them inadvertently. Thus, understanding the

presence of bias in clinical data and recognizing its implications for machine learning

are essential stages in the development process. Through this awareness, effective

strategies can be devised to mitigate bias and foster data-driven healthcare practices

that are equitable and dependable for all individuals.

Bias in clinical data refers to systematic errors or imbalances that can occur

during the collection, processing, or analysis of healthcare-related information,

stemming from various sources.

Selection Bias

One common source of bias in clinical data is selection bias, which arises when the

individuals included in a study or dataset are not representative of the broader
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population [55, 56]. For example, randomized trials assess treatment effects for

a trial population; however, participants in clinical trials often do not reflect

the demographic diversity of the patient population that ultimately receives the

treatment [57, 58]. This could be due to a variety of issues such as resource

constraints, regional biases, and other factors. Consequently, if a model determines

who receives a specific drug or intervention, minority groups such as ethnic minorities,

women, and obese patients might be adversely affected, perpetuating demographic

inequities in healthcare.

Measurement Bias

Another type of bias is measurement bias. This refers to inaccuracies or incon-

sistencies introduced into research or clinical data due to flawed or inconsistent

methods of data collection or measurement [59]. For example, diagnostic tests

may be prone to errors, such as false positives or false negatives, which can

skew the data; or, healthcare providers may have different approaches or criteria

for diagnosing conditions or assessing patient outcomes, leading to variability

in the data collected. Moreover, documentation standards may vary among

healthcare institutions, resulting in inconsistencies in the recorded information.

These discrepancies in data collection methods can compromise the validity of

research findings and clinical decision-making. If the data are not accurately

collected or measured, the conclusions drawn from them may not reflect the true

relationships or effects being studied.

Confounding Bias

Measurement bias can also interact with confounding bias, where external factors

influence both the exposure and outcome of interest, making it difficult to establish

causal relationships [60, 61]. For example, socioeconomic factors like income or

education level may confound the association between a specific treatment and

patient outcomes. If these factors are not properly accounted for or controlled,

biased estimates of treatment effects may result.
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Implicit Bias

Implicit bias represents a significant source of bias in various aspects of society,

including healthcare. These biases are unconscious and often stem from societal

stereotypes, historical disparities, or systematic inequalities. In healthcare, implicit

biases can manifest in several ways, ultimately leading to skewed or incomplete

datasets and perpetuating disparities in patient care.

One prominent example of implicit bias in healthcare is gender bias. Studies have

demonstrated unconscious biases among physicians regarding the presentation and

diagnosis of certain conditions in women. For instance, one study highlighted how

physicians may attribute symptoms of coronary heart disease to other conditions in

women, potentially leading to underdiagnosis or misdiagnosis [62]. Furthermore,

an observational study revealed discrepancies in the rates of referral to cardiology

specialists, indicating that women were 2.5 times less likely to receive referrals

for additional assessment, despite presenting with similar symptoms of chest pain

when compared to men [63]. Additionally, another study has shown that physicians

tended to ask fewer diagnostic questions and prescribe fewer coronary heart disease-

related medications to middle-aged women [64], further contributing to gender-based

disparities in healthcare delivery.

Similarly, ethnicity-based bias has been documented in healthcare settings [65].

For example, one study found disparities in the administration of pain medication

in emergency rooms, with black patients receiving pain medication at a 40% lower

rate compared to white patients [66]. These disparities underscore how implicit

biases can influence clinical decision-making and patient care, leading to unequal

treatment based on race or ethnicity. Thus, if a model intended to inform the

prescription of medications for coronary heart disease primarily draws from data

featuring male patients receiving medication, it may unfairly favor men, thus

deepening disparities in care.
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Location-based Bias

In the realm of healthcare, it is well-documented that clinical outcomes and medical

practices can significantly vary not only across different geographic regions but

also between hospitals within the same region. This variability encompasses a

broad spectrum of factors, including disease prevalence, mortality rates, quality of

healthcare services, and even the specific medical devices utilized, such as various

brands of blood analysis equipment. This location bias has been acknowledged

worldwide and has been examined for a range of medical conditions and diseases[67–

69], as well as different drivers of healthcare quality[67, 70].

This wide-ranging heterogeneity in healthcare settings poses significant chal-

lenges, particularly in the context of data-driven approaches such as machine

learning. Models trained on data from one hospital may not effectively generalize

when applied to data from a different hospital. This lack of generalizability stems

from the inherent biases encoded within the data collected, processed, and organized

at each specific site. Moreover, a recent study has highlighted how state-of-the-art

machine learning methods can systematically underdiagnose under-served patient

populations [71]. These findings underscore the critical need for addressing site-

specific biases in healthcare data to ensure equitable and accurate healthcare delivery,

particularly for vulnerable or marginalized populations.

Overall, the existence of biases within clinical data can carry significant con-

sequences, especially concerning the development of machine learning models for

healthcare purposes. Given that these models heavily depend on the quality and

representativeness of their training data, datasets suffering from unintentional

biases can lead to the creation of models that sustain and exacerbate prevailing

healthcare inequalities.

1.2.4 Bias in Machine Learning Models

In the realm of machine learning research, it is widely recognized that models

can develop biases based on the specific samples utilized during the training

process. This phenomenon can result in decreased predictive accuracy and the
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potential for unfair decision-making. In this context, bias refers to variations

in performance across different subgroups when performing predictive tasks [71].

Similarly, an unfair decision is defined as any outcome that exhibits a bias towards

a particular group or population [72, 73]. For example, machine learning models

have previously demonstrated susceptibility to demographic biases. One study

found that a recidivism prediction model exhibited bias against black defendants,

incorrectly classifying them as future criminals at nearly double the rate of white

defendants [74]. Similarly, another study found that a ML model used for predicting

juvenile recidivism tended to discriminate against male defendants, foreigners, or

people of specific national groups [75].

Formally, consider a scenario where a classifier Y is trained to predict labels

yi based on features xi for various samples i. Bias occurs when there is a notice-

able difference in the statistical properties of the distribution of predicted labels

{yi, i ∈ Z} compared to {yi, i ∈ Z ′}, where Z represents a sensitive subgroup. A

sensitive subgroup is a group that the model might exhibit bias against, while

Z ′ represents its non-sensitive complement.

In simpler terms, bias arises when the model’s predictions disproportionately

favor or disadvantage certain groups over others. This bias can lead to unfair

decision-making, where individuals from sensitive subgroups may be systematically

disadvantaged or marginalized by the model’s predictions. Understanding and

addressing these biases are critical steps in ensuring that machine learning models

produce fair and equitable outcomes across all demographic groups.

Various statistical measures have been proposed and studied in the literature to

assess and mitigate biases present in predictive models. Some of these measures

include demographic parity [76, 77], equality of odds and equality of opportunity

[76, 78–81], statistical parity [80–83], and disparate impact [80–82, 84]. Details and

formal definitions of these measures are presented in Chapter 4.2.5.

When biases are ingrained within the data used for training machine learning

models and subsequently internalized during the model training process, the resulting

clinical ML models may inadvertently generate unfair treatment or divergent
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outcomes for specific patient demographics [57, 85]. This phenomenon has significant

implications in sensitive domains like healthcare for several key reasons:

1. Inaccurate predictions for critical decisions: Biased models can lead to

inaccurate predictions for crucial decisions in healthcare. These decisions may

have life-altering consequences for patients, such as treatment plans, diagnoses,

or interventions. If the model is biased, it may provide recommendations that

are not optimal or even harmful to certain demographic groups, potentially

jeopardizing patient well-being.

2. Poorer care for disadvantaged groups: Bias against a particular demographic

group can result in those patients receiving suboptimal care compared to

individuals from other groups. This disparity in treatment may stem from

the model’s tendency to prioritize or allocate resources differently based on

demographic factors, rather than clinical need. Consequently, disadvantaged

groups may face barriers to accessing appropriate care, leading to poorer

health outcomes and exacerbating existing health disparities.

3. Exacerbation of inequities: Biased models have the potential to exacerbate

and perpetuate existing inequities in healthcare and society. By reinforcing

discriminatory patterns present in the training data, these models can amplify

disparities in access to care, health outcomes, and overall well-being among

different demographic groups. This not only undermines the principles of

fairness and justice but also undermines public trust in healthcare systems

and exacerbates social inequalities.

Recognizing and addressing biases during the development of machine learning

tools in healthcare is crucial for fostering more equitable and reliable healthcare

systems. By actively mitigating biases in both the data and the model architecture,

developers can ensure that ML tools better meet the diverse needs of all patients,

regardless of their demographic characteristics. This proactive approach is essential

for building trust in AI-driven healthcare solutions and advancing towards a future
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where healthcare is truly equitable and accessible to all. This thesis will primarily

focus on mitigating location-based biases, specifically those arising from hospital

differences. Additionally, it will briefly address ethnicity-based bias.

1.2.5 Towards Fairness-Aware Machine Learning

Fairness-aware machine learning is an evolving research field with the goal of

mitigating biases and promoting fairness within ML models and algorithms [80, 86,

87]. The increasing integration of ML systems into various societal domains like

finance, hiring, healthcare, and criminal justice has emphasized the importance of

ensuring that these systems do not unintentionally perpetuate or worsen existing

biases and inequalities. Fairness-aware ML addresses this concern by explicitly

integrating fairness considerations into the design, development, and deployment

phases of ML models. This entails creating algorithms that minimize biases and

promote fairness across diverse demographic groups, ensuring that individuals or

groups are not unfairly treated based on sensitive attributes such as race, gender,

ethnicity, or socioeconomic status [80].

A common strategy in fairness-aware ML involves establishing fairness metrics

that quantify the level of fairness or discrimination within a model’s predictions [72,

80]. These metrics, which may include measures like disparate impact, demographic

parity, and equal opportunity, are then integrated into the optimization process

of the model. By evaluating models using these fairness metrics, developers can

gauge the presence of bias or discrimination and make appropriate adjustments

to enhance fairness in their ML systems.

Equity Versus Fairness

Although the terms are often used interchangeably, equity and fairness represent

distinct but related concepts. In machine learning, fairness usually refers to

formalized definitions—such as demographic parity, equalized odds, or predictive

parity—that assess whether model predictions or errors are distributed evenly across
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groups [88, 89]. These criteria provide quantifiable and interpretable measures,

making them widely adopted in algorithmic fairness research.

Equity, by contrast, emphasizes justice in outcomes rather than equal treatment.

An equity-oriented perspective acknowledges that different groups may begin from

unequal starting points due to structural or historical disadvantages [90, 91]. In

such cases, treating all groups identically may perpetuate disparities rather than

reduce them. Instead, equity seeks to adjust allocations or decision thresholds in

ways that address pre-existing imbalances and promote more just outcomes [88].

A salient example comes from estimated glomerular filtration rate (eGFR)

calculations in nephrology. Historically, eGFR formulas incorporated a race-based

adjustment for Black patients, which led to systematically higher reported kidney

function estimates compared to non-Black patients with identical clinical markers.

While this adjustment was intended to improve predictive “fairness” in calibration

across populations, it raised equity concerns because it delayed referral of Black

patients for specialist care or transplant eligibility [92, 93]. This illustrates that

fairness defined as statistical parity or calibration does not always align with equity

understood as redressing structural inequities in healthcare outcomes.

In this thesis, we primarily evaluate fairness as defined through group fairness

metrics, given their operationalizability in machine learning (this is further intro-

duced in Chapter 4). Nonetheless, we recognize equity as a complementary but

distinct perspective that highlights the ethical implications of model deployment

in clinical contexts.

Fairness-Aware Machine Learning Methods

Various techniques have been proposed within the ML literature to achieve fairness

goals. This includes methods for processing data to remove bias, modifying the

training process to penalize unfair outcomes, or post-processing model outputs to

ensure fairness [80]. Additionally, researchers explore the trade-offs between fairness

and other desirable properties of ML models, such as accuracy or computational

efficiency, to develop balanced and effective solutions [86, 94].
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In general, fairness-aware ML techniques can be broadly categorized into pre-

processing, in-processing, and post-processing methods [80, 95]. Pre-processing

techniques involve modifying the training data to remove or mitigate biases before

training the model, for example through reweighting, resampling, or generating

synthetic instances to balance subgroup representation [96–99]. In-processing

methods integrate fairness considerations during model training by altering the

optimization process itself, for example through regularization, constraints, cost-

sensitive weighting, or adversarial learning[76, 77, 100–103]. Post-processing

techniques involve post-hoc adjustments to the model’s predictions to ensure fairness,

typically by applying algorithms that reassign or reweight predictions to achieve

fairness criteria [104–109].

These fairness-aware methods have been applied across diverse data modalities,

including natural language processing (e.g., reducing gender bias in sentiment

and occupation classification [110, 111]), computer vision (e.g., mitigating racial

and gender bias in face recognition [112, 113]), and tabular socio-economic data

such as income and recidivism prediction [101, 114, 115]. In healthcare, fairness

research has highlighted disparities in electronic health record–based risk prediction

[116, 117], medical imaging pipelines [118], and cross-institutional generalization,

where models often underperform on underrepresented demographics or patients

from specific hospitals [117, 119].

Research in this area highlights that sensitive attributes are not limited to demo-

graphics but can also include institutional or site-level factors, such as the hospital

at which a patient presents. Yet, in contrast to the extensive fairness-focused ML

research on demographic bias, site-related disparities remain comparatively under-

explored. This thesis addresses this gap by systematically examining in-processing

bias mitigation methods—also known as fairness-aware algorithms—which embed

fairness considerations directly into the training process. Our investigation applies

these methods to structured clinical data, with a particular focus on ensuring

fairness across hospitals in the context of COVID-19 diagnosis.
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Fairness-aware algorithms present significant advantages over pre-processing

techniques. By directly tackling biases within the model without altering the

original data, they prioritize maintaining the integrity of information, thus averting

potential distortions and upholding the original dataset’s integrity. In contrast,

adjusting training data poses the risk of introducing new biases or altering the

original information.

Furthermore, fairness-aware algorithms exhibit adaptability to evolving data dy-

namics. Given that training data may evolve over time, leading to shifts or emergence

of biases, these algorithms can be adapted to continuously monitor and adjust for

biases during model deployment, ensuring robust fairness considerations over time.

Moreover, fairness-aware algorithms are preferred over post-processing methods

due to their proactive stance in addressing bias early in the model training process.

By embedding fairness considerations directly into the optimization process, they can

identify and mitigate bias before it becomes entrenched in the model’s predictions.

This integrated approach enables balancing fairness with other performance metrics

(e.g., accuracy or predictive power) during model training, resulting in more effective

models that are both equitable and resilient.

Additionally, fairness-aware algorithms offer efficiency benefits by streamlining

the bias mitigation process. Unlike modifying training data or making post-hoc

adjustments, which can be labor-intensive and time-consuming, fairness-aware

algorithms seamlessly integrate fairness considerations into the model’s design and

optimization process, enhancing overall efficiency.

In summary, fairness-aware algorithms provide a principled and scalable approach

to mitigating bias in machine learning models, enhancing efficiency, flexibility, and

adaptability. They represent a proactive and integrated solution to addressing bias

in machine learning models, thereby promoting fairness and social responsibility in

AI systems. By integrating fairness considerations into the model training process,

developers can create models that prioritize fairness alongside other performance

metrics, contributing to equitable outcomes across various domains.
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1.2.6 Limitations of Current Clinical Machine Learning
Deployment

Despite the rapid growth of machine learning research in healthcare and the prolifer-

ation of proof-of-concept studies, the real-world clinical impact of these technologies

remains limited [120]. To date, most work in fairness-aware ML has focused

on developing theoretical frameworks, algorithmic innovations, or retrospective

validations on historical datasets. While these contributions are indispensable for

advancing the field, they provide little direct evidence that such systems improve

patient outcomes or reduce healthcare costs when deployed in practice.

Some prospective or real-world implementation studies that do exist have also

yielded disappointing results. A prominent example is the widely deployed EPIC

sepsis prediction tool, which was designed to provide early warnings of sepsis onset

in hospitalized patients. Despite its broad clinical rollout across multiple healthcare

systems, independent evaluations revealed that the model had poor sensitivity and

generated a high number of false alarms, leading to limited clinical utility and

increased burden on healthcare staff [121]. Such cases highlight the critical gap

between algorithmic performance in retrospective validation and tangible benefits

in real-world clinical environments.

This gap underscores the importance of not only developing fairness-aware and

high-performing models, but also rigorously evaluating their clinical value and utility

in deployment. Demonstrating improvements in patient outcomes, clinician decision-

making, or health system efficiency remains an essential and underexplored frontier

in clinical machine learning. The present thesis responds to this challenge by focusing

on fairness in clinical ML through the lens of location-based bias, with an emphasis

on approaches that move the field closer to models that are not only theoretically

fair but also practically useful and equitable in real-world healthcare contexts.

1.3 Research Aims and Thesis Overview

This thesis is dedicated to exploring the origins and ramifications of data-level

biases within healthcare contexts. It aims to illustrate how these inadvertent
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biases can emerge within clinical data and, consequently, impact the fairness of

outcomes produced by machine learning models trained on such datasets. Moreover,

it underscores the pivotal role and effectiveness of fairness-aware algorithms in

fostering the development of more equitable models, emphasizing their capacity to

mitigate biases from influencing model decisions. By focusing on biases associated

with geographic disparities—particularly differences among hospital sites—this

thesis provides frameworks for analyzing bias effects and devising robust bias

mitigation strategies.

The rationale for focusing on hospital site differences stems from a clear

recognition of the variability among healthcare institutions, and the ability to identify

and categorize different types of biases that may arise. Thus, this approach allows for

a nuanced exploration of how location-related disparities can influence model training

and performance, providing insights into the ways biases manifest in clinical settings.

Moreover, the pursuit of fairness in machine learning outcomes across diverse

geographic locations is crucial for achieving the broader objective of model gen-

eralizability. Generalizability remains a paramount goal among machine learning

practitioners, as it ensures that models are not only effective in narrow or specific

contexts but also across a wide range of scenarios and populations. This dissertation

thus aims to bridge the gap between theoretical fairness (i.e. formal, mathematical

definitions of fairness) and practical application in clinical machine learning (i.e.

how fairness is actually achieved or interpreted in clinical environments), advocating

for the development and deployment of algorithms that are not only high-performing

but also equitable and inclusive across different hospital environments. In doing so,

it seeks to contribute to the advancement of machine learning practices that are

ethically grounded and socially responsible, capable of serving diverse patient

populations equitably.

I hypothesized that biases stemming from disparities and imbalances among

different hospital sites might be apparent in the data and subsequently perpetuated

through machine learning models trained on such data, resulting in unfair decision-

making. Additionally, I posited that addressing these biases during model training
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could lead to outcomes that exhibit greater equity when applied across diverse

sites. The implication of this hypothesis suggests that proactive measures and

fairness-aware techniques, implemented during the model development phase, can

effectively mitigate biases and promote equitable decision-making. Validating these

hypotheses would not only advance our comprehension of the impact of data-level

biases in clinical machine learning but also provide practical strategies for developing

more equitable and inclusive machine learning models in healthcare.

Chapter 2 delves into a COVID-19 screening case study, which serves as a focal

point throughout this thesis. Specifically, I elaborate on a multicenter validation

study conducted in a UK emergency department, where an AI-based screening

model was employed. This study demonstrates the practical application of an

AI algorithm, and will be used to assess various machine learning approaches,

including fairness-aware algorithms.

Chapter 3 outlines the particular datasets and processing methodologies em-

ployed in the development and assessment of the COVID-19 screening models within

this thesis. Additionally, it examines potential biases inherent in the data that

could influence the results of machine learning models trained on said data.

Chapter 4 tests the effectiveness of advanced fairness-aware algorithms in

reducing biases, particularly in the context of supervised model training. It

underscores their effectiveness in generating machine learning models that are

more equitable.

Following this, Chapter 5 presents an innovative bias mitigation approach

within reinforcement learning, marking a novel contribution to bias reduction in

a distinct machine learning paradigm.

In Chapter 6, the scope of our investigation expands to include applications

of fairness-aware algorithms in both UK hospital groups and two Vietnamese

hospitals, illustrating the potential of these algorithms to improve fairness across

different socioeconomic conditions.

Chapter 7 provides additional validation of the effectiveness of fairness-aware

techniques through two supplementary case studies. These studies focus on



22 1.3. Research Aims and Thesis Overview

mitigating ethnicity bias in COVID-19 screening and predicting patient discharge

status, showcasing the adaptability and efficacy of these methods in promoting

fairness across diverse applications.

Chapter 8 concludes the thesis by summarizing key findings, discussing the

limitations of the conducted studies, and suggesting directions for future research

in promoting fairness in machine learning within healthcare and beyond.

This body of work not only addresses the urgent challenge of biases originating

from data in machine learning, but also provides insights and resources for fostering

fairness in the ever-evolving domain of clinical machine learning.



2
Patient Triage During the COVID-19

Pandemic

2.1 Introduction

2.1.1 Overview

This chapter delves into the central case study of this thesis: the diagnosis of

COVID-19. It sets the stage by exploring the challenges and nuances of patient

management during the COVID-19 pandemic, focusing on the critical role of

diagnostic testing for the virus, and highlighting the urgent need for innovative

strategies to bolster the resilience and preparedness of healthcare systems against

current and future pandemics.

The discussion focuses on the healthcare infrastructure in England, with a

particular emphasis on the NHS, which represents the cornerstone of the publicly

funded healthcare system in England. The NHS’s guidelines and protocols during

the pandemic have been instrumental in shaping patient care pathways in emergency

departments across the country. These protocols cover a broad spectrum, from the

management of patients suspected or confirmed to have COVID-19 to the care of

individuals seeking medical attention for other health issues.

Through an exploration of these admission processes and the broader strategies

implemented by the NHS amid the pandemic, this chapter aims to provide a

23
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thorough overview of the operational hurdles and response mechanisms during

that period. This context is pivotal for understanding the driving force behind

the pursuit of innovative diagnostic and management strategies for COVID-19,

notably in the realm of AI-driven triage.

2.1.2 The COVID-19 Pandemic

The COVID-19 pandemic, triggered by the emergence of the novel coronavirus

SARS-CoV-2, emerged as a pivotal global health emergency, exerting a profound

and multifaceted impact on societies, economies, and healthcare infrastructures

across the globe [122–124]. The pandemic’s dynamic and unpredictable nature

underscored the urgent need for AI-driven tools to enhance response efforts. Machine

learning and AI have shown immense potential in tackling key challenges, including

improving diagnostic accuracy, optimizing resource allocation, and predicting disease

progression. Their ability to process vast datasets, uncover patterns, and provide

actionable insights in real time is invaluable in managing the rapid spread and

clinical variability of such a global crisis.

The scientific consensus holds that the virus was first identified in December 2019

in Wuhan, a city in China’s Hubei province. Rapidly spreading beyond geographical

borders, this virulent pathogen prompted the World Health Organization (WHO)

to declare a Public Health Emergency of International Concern by January 2020,

and later, in March 2020, to classify it as a pandemic [125].

The pandemic is distinguished by its rapid spread and a wide spectrum of

clinical outcomes, from individuals remaining asymptomatic to cases of severe and

critical respiratory ailments [126, 127]. This variability has significantly complicated

efforts to diagnose, treat, and contain the virus. Moreover, the pandemic placed

unparalleled strain on global healthcare systems, prompted widespread economic

disruptions, and necessitated profound adjustments to the daily lives of billions

of individuals worldwide.

In the face of these challenges, an international coalition of governments,

healthcare workers, researchers, and communities was mobilized to confront the
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pandemic’s wide-ranging impacts. This collective effort encompassed the develop-

ment and distribution of vaccines, the implementation of public health measures

to control the virus’s spread, and the exploration of therapeutic strategies to

treat infected individuals.

Understanding the intricate dynamics of the COVID-19 pandemic is essential for

devising comprehensive strategies geared towards an effective response, mitigation,

and eventual recovery. The insights gained helped shape response endeavors at the

time, but will also enhance global readiness for future pandemics. This underscores

the vital significance of resilience, innovation, and international collaboration in

addressing emerging infectious diseases.

In this thesis, the focus will center on COVID-19 screening and diagnosis,

delving into specific aspects surrounding these critical areas.

2.2 COVID-19 Triage in Hospital Emergency De-
partments

During the COVID-19 pandemic, efficient front door triaging emerged as a crucial

strategy in managing healthcare facilities. This process refers to the initial point of

contact for patients seeking medical assistance, enabling the swift identification and

separation of potential COVID-19 cases. Through the implementation of meticulous

triage protocols, healthcare institutions managed to effectively reduce the risk of

virus transmission within their premises, optimize the allocation of resources, and

ensure timely care delivery to both COVID-19 and non-COVID-19 patients. This

overview delves into the significance of front door triaging during the pandemic,

highlighting its pivotal role in safeguarding public health, improving healthcare

delivery, and contributing to broader containment efforts.

At the core of front door triaging lies the principle that upon arrival at the

hospital, patients are promptly directed to a designated treatment area or service

where appropriate healthcare professionals are available to address their medical

needs [128]. The initial evaluation, commonly referred to as triage, is performed

by trained healthcare providers, such as nurses or doctors [128]. It is noteworthy
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that a significant portion of patients arriving at emergency departments do so

on their own accord, without prior referral [128]. Thus, triage plays a central

role in prioritizing patient treatment to ensure that those with the most critical

conditions receive immediate attention. Especially during periods of heightened

demand in emergency departments, triage serves as a valuable tool for clinicians

in determining the sequence in which patients should be attended to. Moreover,

beyond its role in managing patient flow, triage is also a routine practice aimed at

facilitating the efficient delivery of healthcare services. By systematically evaluating

and categorizing patients based on the severity of their conditions, triage contributes

to the overall effectiveness and functionality of the emergency department. During

this time, additional assessments including vital sign measurements or blood tests,

may be conducted to further inform treatment decisions.

With respect to triage, the NHS offers same-day emergency care services with

the objective of reducing waiting times and unnecessary hospital admissions, as

appropriate [129, 130]. This care model enables patients presenting at hospital

emergency departments with relevant conditions to undergo rapid assessment,

diagnosis, and treatment without requiring admission to a ward. If deemed clinically

safe, these patients can receive care and return home on the same day. This approach

not only enhances the patient experience by ensuring swift access to care but also

contributes to the reduction of hospital admissions.

The same-day emergency care model holds several advantages. Firstly, it

facilitates prompt assessment, diagnosis, and initiation of treatment, thereby

improving patient outcomes and satisfaction. Moreover, it minimizes the need

for unplanned and prolonged hospital stays, reducing the risk of hospital-acquired

infections and preventing patient deconditioning. By optimizing resource utilization

and streamlining care delivery processes, this model enhances overall healthcare

efficiency and effectiveness.

During the COVID-19 pandemic, hospitals implemented modifications to their

patient care protocols and access procedures, primarily due to heightened infection

prevention and control (IPC) measures [128, 130, 131]. These adjustments included
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the rapid testing of patients for COVID-19 to promptly identify and manage cases.

Additionally, NHS trusts adopted a color-coded "green–amber–blue" categorization

system. Under this system, patients are categorized based on their COVID-19

status: green denotes patients with no features of COVID-19, amber indicates symp-

toms potentially indicative of COVID-19, and blue signifies laboratory-confirmed

COVID-19 infection [132, 133]. This categorization aided healthcare providers in

prioritizing and managing patient care effectively, ensuring appropriate infection

control measures were implemented while delivering timely and tailored treatment.

2.3 Diagnosis of COVID-19

Upon arrival at hospital emergency departments, the diagnostic tests patients

undergo are tailored to their presenting clinical symptoms, medical history, suspected

or potential diagnoses, and the urgency of the situation. During the pandemic,

healthcare providers often included COVID-19 diagnostic testing options in their

assessment. These options included symptom-guided evaluation, rapid lateral flow

antigen device tests (LFD), or real-time polymerase chain reaction (PCR) tests.

These tests were crucial for confirming the presence of the virus and aiding in

infection prevention and control measures. Healthcare professionals determined the

most appropriate testing approach for each patient depending on the severity of

symptoms, risk factors, and local guidelines at the time.

2.3.1 Clinician-Assessed Symptom-Guided Evaluation

Clinician-assessed symptom-guided evaluation during hospital emergency depart-

ment triage plays a crucial role in swiftly identifying and managing patients suspected

of having infectious diseases like COVID-19. Upon arrival, patients undergo an initial

assessment performed by triage nurses or clinicians. This comprehensive evaluation

involved measuring vital signs, collecting essential demographic information, and

assessing the patient’s primary complaint. Subsequently, patients are meticulously

screened for symptoms typically linked with infectious diseases, such as fever, cough,

shortness of breath, fatigue, and others [134].
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Following the initial assessment, clinicians use a combination of gathered

information and clinical judgment to determine whether diagnostic testing is

necessary and, if so, which type of test is most appropriate for the patient’s

circumstances. This decision-making process involves considering several factors,

such as the patient’s presenting symptoms, medical history, and during the COVID-

19 pandemic, any potential exposure to the virus. Clinicians carefully evaluate

the benefits and limitations of each testing method to ensure accurate diagnosis

and optimal patient management.

For COVID-19 testing, clinicians would typically consider whether to administer

an LFD test or a PCR test. The choice between these tests depended on various

factors, including the urgency of obtaining results, the patient’s clinical condition,

and the healthcare setting’s testing capabilities.

For instance, the NHS recommended using rapid antigen tests (LFD) for patients

entering the emergency department with a possibility of admission, as these tests can

facilitate early decision-making and help identify COVID-19 cases promptly [131,

135]. However, PCR tests were generally preferred for patients requiring critical

care or those with severe symptoms, as they offer higher sensitivity and specificity

in detecting the virus [136]. Additionally, all symptomatic or asymptomatic patients

requiring emergency or unplanned admission via emergency departments were

given PCR testing to ensure appropriate patient placement and infection control

measures [135].

By carefully selecting the most appropriate testing method based on individual

patient needs and clinical circumstances, clinicians were able to ensure timely

diagnosis, appropriate patient management, and effective implementation of infection

control measures, ultimately contributing to better outcomes for both patients

and public health.

2.3.2 Real-Time Polymerase Chain Reaction

Real-time PCR testing was vital in the fight against the COVID-19 pandemic,

especially in dynamic hospital settings where accurate diagnosis is paramount. High
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sensitivity and specificity rendered PCR testing very dependable for identifying

individuals infected with the virus, effectively distinguishing them from those who

are not. This level of accuracy holds immense significance in clinical practice, guiding

clinicians in tailoring patient management strategies, implementing targeted infec-

tion control measures, and curbing the transmission of viruses within communities.

The reliability of PCR testing was instrumental in several critical aspects of

pandemic response. Firstly, it enabled clinicians to diagnose and isolate COVID-19

cases, preventing further transmission within healthcare facilities and the broader

community. Additionally, accurate diagnosis facilitated initiation of appropriate

medical interventions, thereby improving patient outcomes and reducing the strain

on healthcare resources. Furthermore, PCR testing served as a cornerstone for

epidemiological surveillance efforts, providing essential data for tracking the spread

of the virus, identifying emerging hotspots, and informing public health policies

and interventions.

Throughout the pandemic, Public Health England placed a high priority on

bolstering public health testing initiatives. Their primary focus was on facilitating

widespread screening and testing to swiftly identify and contain cases of COVID-

19. The preferred method of screening/testing recommended by Public Health

England involved molecular diagnosis using real-time PCR assays conducted on

oral swab samples [137].

To achieve this level of screening, Public Health England collaborated closely

with NHS England and NHS Improvement to scale up testing capacity across the

healthcare system. By expanding testing capabilities, the aim was to promptly

identify individuals infected with the virus, such that the necessary containment

measures could be implemented to limit its spread within communities. Additionally,

the concerted efforts aimed to delay and mitigate the transmission of the virus,

providing crucial time for healthcare systems to prepare and respond effectively

to the evolving situation.

The coordinated approach between Public Health England and NHS entities

underscored a proactive strategy to confront the challenges posed by the pandemic.
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By prioritizing robust testing infrastructure and capacity expansion, the aim was

to establish a comprehensive framework for identifying and managing COVID-19

cases, ultimately contributing to the broader public health efforts to curb the spread

of the virus and safeguard community health and well-being.

2.3.3 Lateral Flow Antigen Device Testing

Amidst the challenges posed by the COVID-19 pandemic, the urgency of promptly

identifying and containing cases quickly became paramount in combating the spread

of the virus. In meeting this critical need, rapid antigen testing, commonly known

as LFD testing, emerged as a pivotal diagnostic tool. LFD testing offered a swift

and accessible means of detecting the presence of COVID-19, providing rapid

results within minutes and eliminating the necessity for specialized laboratory

equipment [131, 138].

As nations worldwide contended with the complexities of mass testing and

contact tracing, the incorporation of LFD testing attracted considerable attention

for its potential to streamline case identification processes. By delivering rapid

results, LFD testing enabled healthcare authorities to promptly isolate confirmed

cases, initiate necessary treatment protocols, and implement targeted containment

measures to curb transmission rates. Thus, the integration of rapid testing into

broader testing strategies holds promise for enhancing the efficiency and effectiveness

of public health responses.

The NHS implemented rapid testing for patients admitted via the emergency

department using LFD on nasal swab samples, aiming to swiftly identify COVID-19

positive patients and reduce the risk of hospital-acquired infections [131].

Despite offering rapid results (typically within 15-30 minutes), LFD testing is

less sensitive compared to PCR tests [138]. As a result, the NHS recommended

using LFD testing as a supplementary measure to PCR testing, which typically

takes several hours from swab collection to result [131]. The suggested approach

involved responding exclusively to positive LFD results, with LFD testing not

intended to replace mandatory PCR testing [131].
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Consequently, in December 2020, the NHS issued a recommendation for emer-

gency department settings, stipulating that a trained staff member should conduct

both the LFD test and the PCR test simultaneously upon identifying a patient

likely to be admitted [131]. Upon receiving a positive LFD result, patients were

promptly classified as COVID-19 positive, eliminating the need to await PCR

results. In cases where LFD results were indeterminate, patients were managed

as potentially positive or negative, requiring isolation until confirmation through

PCR testing. Similarly, patients with negative LFD results were isolated pending

confirmation from PCR testing, ensuring cautious management and preventing

potential transmission risks within the hospital environment.

2.4 Challenges of Diagnostic Methods for COVID-
19 Patient Triage

While symptom-guided evaluation, rapid testing with LFDs, and PCR testing

are essential for enhancing patient care and reducing transmission risks, they do

come with their respective challenges.

Symptom-guided evaluation conducted by healthcare professionals for COVID-

19 triaging encountered several challenges amidst the intricate landscape of the

pandemic. Firstly, the broad array of symptoms linked to COVID-19, spanning from

mild respiratory illness to severe respiratory distress and multi-organ dysfunction,

introduced complexities in accurate diagnosis and triage [126, 127]. This spectrum

of symptoms complicated the prompt identification of COVID-19 cases, which may

have potentially led to delays in diagnosis and inadequate patient management,

thus heightening the risk of transmission within healthcare settings.

Moreover, the characteristic symptoms of COVID-19 overlaps with that of other

respiratory illnesses, such as influenza and the common cold, further complicating

the differentiation of COVID-19 cases from other respiratory infections [139, 140].

This diagnostic ambiguity can result in excessive testing, overuse of resources, and

heightened patient anxiety, especially during peak flu seasons when healthcare

facilities are already under strain.
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Although LFD testing had become a valuable tool in the fight against COVID-19,

a notable drawback was its lower sensitivity compared to PCR testing, especially

in low prevelance areas, or when detecting asymptomatic individuals or those

with low viral loads [133, 141, 142]. For example, one study found that the LFD

tests detected 46.2% of the positives detected by RT-PCR[143]. Another study

found that LFD sensitivity versus RT-PCR was 63.2% [142]. Decreased sensitivity

can increase the risk of false-negative results, potentially leading to undetected

cases and further spread of the virus.

This issue becomes particularly concerning in scenarios where patients undergo

assessment in the emergency department and await confirmatory PCR results

in segregated areas. For example, placing individuals who tested negative for

COVID-19 via LFD testing in close proximity to those confirmed positive or vice

versa raises concerns about inadvertent exposure and virus transmission. This

concern is pertinent to the application of NHS trusts’ triage system, categorized

as "green–amber–blue," and their protocol for LFD testing. As per this protocol,

patients with indeterminate or negative LFD results were isolated until PCR

results became available.

Despite its reputation for high sensitivity and specificity, PCR testing also

faced challenges, one of which was the turnaround time for test results [144]. This

timespan can fluctuate considerably based on various factors, including testing

capacity, laboratory workload, and logistical constraints. Delays in receiving PCR

test results posed a notable obstacle to timely diagnosis and subsequent patient

management. Such delays could impede efforts to swiftly implement effective

triaging and isolation measures, potentially allowing for further transmission of

the virus within communities and healthcare facilities. As a result, strategies to

minimize turnaround times and streamline the PCR testing process were crucial for

enhancing the efficiency and efficacy of COVID-19 diagnostic efforts [145].

Overall, one fundamental challenge persists in emergency department triage:

the need to swiftly provide relevant results to healthcare providers in a practical

manner. In the case of COVID-19 diagnosis, the resulting delays in diagnosing
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infections using PCR tests led to obstacles in promptly identifying positive cases.

And, while LFDs offered expedited time-to-results, their sensitivity tended to

be suboptimal and variable.

Tackling this challenge necessitates continuous efforts to refine testing protocols,

scale up testing capacity, and enhance turnaround times, all without imposing

significant burdens or expense. Moreover, exploring alternative and innovative

testing methods could enhance our diagnostic capabilities and mitigate some of these

challenges. Broadening our range of testing options holds promise for enhancing

our capacity to detect and manage virus transmission, such as with COVID-19,

more effectively. Specifically, this thesis explores the deployment of an AI-powered

COVID-19 screening tool to aid in triage within hospital emergency departments.

2.5 Machine Learning for Rapid COVID-19 Pa-
tient Triage

During the pandemic, emergency departments faced a significant influx of patients

exhibiting symptoms suggestive of COVID-19 infection, leading to concerns about

the potential spread of the virus among other patients and healthcare staff. A key

challenge was determining an effective method to identify and segregate patients

suspected of having COVID-19 from those with other medical conditions, thereby

minimizing the risk of transmission within the hospital setting. This challenge

was exacerbated by numerous factors, including the limited availability of suitable

laboratory screening tests, their suboptimal sensitivity in detecting the virus,

the associated high costs, and the resulting delays in obtaining confirmatory

test results. As a result, emergency departments were under pressure to quickly

implement strategies to address these challenges and enhance their capacity for

timely and accurate identification of COVID-19 cases while mitigating the risk

of in-hospital contamination.

Machine learning presents a promising avenue for enhancing COVID-19 triage

protocols in emergency departments by harnessing its capacity for sophisticated data

analysis, pattern recognition, and predictive modeling. In the fast-paced environment
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of emergency settings, where copious amounts of patient data are generated, machine

learning algorithms offer the capability to efficiently parse through this vast collection

of data. They can discern subtle patterns and correlations that may not be

immediately apparent to human clinicians, thereby aiding in the early identification

of potential COVID-19 cases.

Through the analysis of varied datasets comprising clinical symptoms, laboratory

results, imaging data, and patient demographics, machine learning models can

deliver precise predictions regarding the probability of COVID-19 infection. This

functionality enables healthcare professionals to select and implement suitable

interventions and patient management protocols. Furthermore, machine learning

algorithms can accelerate the identification of COVID-19 cases, facilitating swift

isolation and treatment measures to mitigate further transmission, both within

the emergency department and in the wider community.

Rapid triaging facilitated by machine learning also holds the potential to optimize

resource allocation in emergency departments. By prioritizing patients based on

their predicted risk of COVID-19 infection, healthcare resources can be allocated

more efficiently, ensuring that critical interventions are promptly administered to

those most in need. This streamlined approach not only enhances patient care but

also contributes to better overall outcomes by minimizing delays in diagnosis

and treatment initiation.

The existing body of literature on COVID-19 triage systems demonstrates a

variety of tools offering swift and effective decision-support mechanisms. These

systems incorporate a variety of predictors, ranging from clinical data encompassing

symptoms and vital signs to laboratory tests and radiological findings [144, 146–149].

Through the integration of these diverse data sources, these triage systems aim

to provide comprehensive assessments that aid healthcare professionals in making

timely and informed decisions regarding patient management and care.
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2.5.1 Real-World Evaluation of AI-Driven COVID-19 Triage
in Emergency Department

This section provides a concise overview of the findings from our investigation

into validating an AI-driven COVID-19 triage model. The results of this study

build upon a previous study [144], and have been documented and published in

Lancet Digital Health [133].

The process of COVID-19 triaging involves classifying individuals based on

their likelihood of being infected with the virus, making it a supervised learning

classification task (a detailed description of supervised learning is provided in

Chapter 4.1.2). In our particular study, we investigated a cohort comprising 72,223

patients from four distinct hospital groups - Oxford University Hospitals NHS

Foundation Trust (OUH), Portsmouth Hospitals University NHS Trust (PUH),

University Hospitals Birmingham NHS Trust (UHB), and Bedfordshire Hospitals

NHS Foundations Trust (BH), covering the period from December 1, 2019, to

March 31, 2021. Acronyms for these hospital groups are provided for consistency

throughout this thesis.

We introduced two distinct models: CURIAL-Lab, which incorporates vital signs

and commonly available blood tests (including full blood count, urea, creatinine,

electrolytes, liver function tests, and C-reactive protein), and CURIAL-Rapide,

which relies solely on vital signs and full blood count data. These models are

developed using Extreme Gradient Boosting (XGBoost) (further explained in

Chapter 4.2), and underwent external validation and prospective evaluation for

emergency admissions across four UK NHS trusts.

Our analysis indicated consistent performance across various healthcare trusts for

both CURIAL-Lab and CURIAL-Rapide, as evidenced by AUROC values ranging

from 0.858 to 0.881 (95% CI 0.838–0.912) for CURIAL-Lab and from 0.836 to

0.854 (0.814–0.889) for CURIAL-Rapide, as shown in Table 2.1. This matched the

gold standard benchmark set by real-time PCR, which has estimated sensitivities

of approximately 80%-90% [150, 151]. The table presents sensitivity, specificity,
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Table 2.1: Performance of CURIAL-Rapide during prospective and external validation.
Results are optimized to sensitivities of 0.9. OUH results are reported alongside SD across
imputation methods. PUH, UHB, and BH results reported alongside 95% confidence
intervals. These results are taken directly from [133]

Test Set Sensitivity Specificity PPV NPV AUROC
OUH 85.6 (0.6) 59.1 (0.3) 9.46 (0.0) 98.8 (0.0) 0.843 (0.002)
PUH 83.5 (81.8-85.1) 63.6 (63.1-64.1) 11.4 (10.9-11.9) 98.6 (98.4-98.7) 0.842 (0.832-0.852)
UHB 82.2 (78.4-85.5) 65.4 (64.5-66.3) 9.6 (8.7-10.6) 98.8 (98.5-99.0) 0.836 (0.814-0.858)
BH 74.3 (66.6-80.7) 81.8 (79.3-84.0) 36.3 (31.0-41.9) 95.8 (94.3-96.9) 0.854 (0.819-0.889)

positive and negative predictive values (PPV and NPV), and the area under receiver

operator characteristic curve (AUROC).

Incorporating these models with LFDs led to enhanced triage sensitivity. Specif-

ically, the model helped increase sensitivity from 56.9% (51.7–62.0) with LFDs

alone to 85.6% (81.6–88.9) with CURIAL-Lab and 88.2% (84.4–91.1) with CURIAL-

Rapide.

Following this, CURIAL-Rapide was implemented for prospective use at the

John Radcliffe Hospital, where 520 patients underwent point-of-care full blood

count analysis between February 18 and May 10, 2021. An OUH-approved service

evaluation (Ulysses ID 6907) oversaw the implementation of two OLO rapid

haematology analysers in the hospital’s emergency department in Oxford. The aim

was to evaluate the operational and predictive performance of CURIAL-Rapide in

a laboratory-free setting. Of the enrolled participants, 436 underwent confirmatory

PCR testing, revealing that ten individuals (2.3%) tested positive for COVID-19.

Figure 2.1 illustrates the patient flow upon arrival at the hospital emergency

department. Initially, upon arrival, patients undergo routine blood tests and vital

signs recordings. This process occurs either through rapid point-of-care haematology

analysers, taking approximately 10 minutes, or via the existing laboratory pathway,

which typically takes about 1 hour. As depicted, real-time algorithmic analysis

enables the early and confident identification of patients who test negative, allowing

for their safe triage to COVID-19-free (green) clinical areas. Patients who receive

positive CURIAL results are directed to enhanced precautions (amber) areas,
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pending confirmatory PCR testing. Those who test positive using a LFD test are

immediately directed to COVID-19 (red) clinical areas.

This real-time AI-driven approach showcased a considerable reduction in time-

to-result, with the median time from arrival to obtaining a CURIAL-Rapide result

being 45 minutes. This marked a 16-minute (26.3%) improvement compared to

LFDs, which took a median time of 61 minutes, and a significant advancement of 6

hours and 52 minutes (90.2%) compared to PCR, which required a median time of 7

hours and 37 minutes. The classification accuracy of CURIAL-Rapide was notably

high, boasting a sensitivity of 87.5% (52.9–97.8), specificity of 85.4% (81.3–88.7),

and negative predictive value of 99.7% (98.2–99.9). Moreover, CURIAL-Rapide

effectively ruled out infection for 31 (58.5%) of the 53 patients initially suspected

of COVID-19 by a physician but who later tested negative via PCR.

Figure 2.1: Patient flow upon arrival to the hospital emergency department. Figure is
taken from [133].
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This study emphasizes a clear and straightforward message: incorporating

an AI-driven model into the triage process upon admission to the emergency

department can provide significant decision support. This integration considers

various factors such as the model’s accessibility, ease of use, and its ability to

provide rapid diagnostic outcomes.

Furthermore, the notably high negative predictive value highlighted in the

study emerges as a crucial asset for frontline triage. This indicates the model’s

effectiveness in accurately identifying patients who are unlikely to have COVID-19.

Such accuracy could aid in the effective management of the influx of patients,

particularly during periods of heightened demand or surges in COVID-19 cases.

By swiftly ruling out infection in individuals deemed low-risk, healthcare providers

can better allocate resources and prioritize care for those most in need, thereby

enhancing the overall efficiency and effectiveness of the triage process.

The strength of this study lies in its rigorous validation process and real-time

evaluation of an AI-driven model within the operational setting of an emergency

department. By subjecting the model to external validation, we were able to

assess its performance across diverse patient populations and healthcare settings,

bolstering confidence in its reliability and generalizability. Moreover, conducting

real-time assessments provided valuable insights into the model’s practical utility and

feasibility in a dynamic and fast-paced clinical environment, further substantiating

its potential relevance in emergency scenarios.

Despite these encouraging findings, the results indicate that the model does

not achieve perfect generalizability, as evidenced by varying sensitivities and

specificities across different hospital sites (Table 2.1). Consequently, concerns

remain regarding the potential presence of site-specific biases among hospitals

and the fairness of the model’s deployment, along with potential biases in its

resultant outcomes. Recognizing these concerns, subsequent chapters of this

thesis aim to tackle issues related to fairness in machine learning algorithms. In

particular, the focus shifts towards the development, deployment, and assessment
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of machine learning techniques that prioritize fairness, with a specific emphasis

on statistical outcome fairness.

By prioritizing fairness, the goal is to ensure that AI-driven models produce

equitable outcomes for all patients, regardless of demographic or socioeconomic

factors. The proposed methods aim to mitigate any biases that may exist within

the model’s decision-making process, thereby promoting greater equity in patient

care and treatment outcomes. Ultimately, the following chapters aim to enhance

the overall fairness and effectiveness of the AI-driven triage system introduced,

contributing to more equitable healthcare delivery in emergency settings.
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Identification of Data-Level Bias Between

Hospitals

3.1 Introduction

3.1.1 Overview

In this chapter, we explore the impact of bias originating from the geographic

origins of clinical data, specifically in healthcare contexts. We provide an overview

of the four main datasets central to this thesis, outlining their structure, char-

acteristics, and the methodologies used for preprocessing in the development of

AI-based COVID-19 screening models. Additionally, we examine the potential

biases inherently present within these datasets, underscoring the pivotal necessity of

upholding fairness and equity in AI-driven strategies. This assessment serves as the

foundation for subsequent chapters, where we delve deeper into the development,

implementation, and evaluation of fairness-aware AI-driven screening algorithms.

By scrutinizing the datasets and acknowledging potential sources of bias, we aim to

foster transparency, reliability, and equity in the subsequent COVID-19 screening

methodologies presented.

41
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3.1.2 Location-Based Bias in Healthcare

Bias originating from individual hospitals can arise from various complex factors

inherent in the healthcare system and the diverse patient populations served by

different hospitals.

Firstly, bias across datasets sourced from distinct hospitals may be influenced

by the ethnic and genetic demographic of the local population. Ethnicity has been

found to influence the prevalence of certain diseases and health conditions due

to genetic predispositions, cultural practices, socioeconomic factors, and access

to healthcare services [152–155]. For example, certain genetic variations may

predispose individuals to specific diseases or affect their response to medications

[154]. Consequently, the disease profiles, treatment outcomes, and physiological

characteristics can and will vary between hospitals.

Additionally, disparities in healthcare utilization among ethnic groups can further

exacerbate bias across datasets sourced from various hospitals [156, 157]. Elements

like language barriers, cultural preferences, distrust of the healthcare system, and

discrepancies in access to care can significantly influence healthcare-seeking behaviors

among different ethnicities. As a result, hospitals serving communities with diverse

ethnic backgrounds may encounter differences in patient demographics, patterns

of healthcare utilization, and disease manifestation.

Ethnicity also frequently intersects with socioeconomic status [158], which can,

in turn, lead to imbalanced representation within clinical data. For example, medical

centers serving populations with higher socioeconomic status or improved access to

healthcare resources may exhibit superior outcomes. Conversely, hospitals catering

to marginalized or underserved communities may lack essential elements of high

quality care, such as advanced medical equipment and sufficient staffing, leading

to discrepancies in patient outcomes[159].

Moreover, variations in the implementation of advanced technologies and inno-

vations can also contribute to disparities in clinical data quality [160]. Hospitals

equipped with cutting-edge tools and technologies may generate more thorough

and precise clinical data compared to those with limited resources or technological
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infrastructure. In contrast, healthcare facilities facing resource constraints may

rely on less advanced diagnostic equipment or manual methods for data recording,

resulting in incomplete or less accurate documentation of patient information.

Finally, the influence of research affiliations and academic partnerships can

impact the quality and types of clinical data collected by hospitals. Hospitals

affiliated with research institutions may participate in research studies or clinical

trials, where rigorous data collection standards are enforced to meet research

requirements. As a result, these hospitals may prioritize data accuracy, completeness,

and standardization, contributing to higher-quality clinical data. Conversely,

hospitals without research affiliations may not have the same level of emphasis on

data quality or standardization, potentially leading to inconsistencies or inaccuracies

in the recorded clinical data.

Overall, bias based on the hospital attended by a patient manifests itself in

clinical data through differences in patient demographics, healthcare practices,

and resource availability across hospitals [161–163]. These biases can lead to

disparities in data quality, completeness, and accuracy, affecting the reliability and

generalizability of clinical research findings, healthcare interventions, and machine

learning models trained on clinical data. Thus, addressing location-based biases

requires concerted efforts to improve data collection practices, standardize clinical

protocols, and promote equity in healthcare delivery to ensure fair and accurate

representation of patient populations across different hospitals.

3.2 Methods

3.2.1 Dataset

To train and validate the machine learning models proposed in this thesis, we

use clinical data with linked, deidentified demographic information for patients

presenting to emergency departments across four independent UK NHS Trusts

– OUH, PUH, UHB, and BH. Each hospital operates within its own distinct IT

infrastructure. However, in general, laboratory data is managed within a system

referred to as LIMS (Laboratory Information Management System). The data
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extraction process for these datasets typically involved sourcing data from either

a LIMS mirror, a trust integration system that interfaces with LIMS, or a direct

extraction from the LIMS system itself. With respect to these datasets, UK NHS

approval via the national oversight/regulatory body, the HRA, has been granted

for development and validation of artificial intelligence models to detect COVID-

19 (CURIAL; NHS HRA IRAS ID: 281832). The studies are limited to working

with deidentified data, and extracted retrospectively; thus, explicit patient consent

for use of the data was deemed to not be required, and is covered within the

HRA approval. All necessary consent has been obtained and the appropriate

institutional forms have been archived.

These four UK datasets used are identical to those used in the validation study

discussed in Chapter 2.5.1, allowing for direct comparison. Specifically, for OUH,

we included all patients presenting and admitted to the emergency department. As

for PUH, UHB, and BH, the inclusion criteria comprised all patients admitted to

the emergency department. The full inclusion and exclusion criteria for patient

cohorts can be found in Appendix A.1.

3.2.2 Training, Continuous Validation, and Test Dataset
Partitioning

For each of the models, a training set, Dtrain, was used for model development,

hyperparameter selection, and model training; a continuous validation set, Dval, was

used for continuous model validation during development and threshold adjustment;

and after successful development and training, the held-out test set, Dtest, was

used to evaluate the performance of the final models.

From OUH, we curated two data extracts corresponding to distinct periods: the

first "wave" of the COVID-19 pandemic in the UK (December 1, 2019, to June 30,

2020), and the second "wave" (October 1, 2020, to March 6, 2021). A plot of OUH

positive cases, showing the first and the second waves is shown in Figure 3.1.

During the initial wave, challenges such as incomplete testing and the imperfect

sensitivity of the PCR swab test led to uncertainties in determining the viral status
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Figure 3.1: Plot of OUH positive cases, showing the first "wave" of the COVID-19
pandemic in the UK from December 1, 2019 to June 30, 2020; and the second "wave"
from October 1, 2020 – March 6, 2021.

of patients who were either untested or tested negative [144]. Thus, from the "wave

one" dataset, we only included the positive cases (as determined through PCR

tests) in training; and from the "wave two" dataset, we included both positive

COVID-19 cases (by PCR) and negative controls. This was done to ensure that

the label of COVID-19 status was correct during training. This resulted in a

prevalence of 11.1% used during training, which is within the spatial and temporal

range of prevalences observed across the UK trusts used in our study (prevalences

between 4.27%-12.2%, as shown in Table 3.1).

We divided the OUH data into training, continuous validation, and test sets

through a random split, allocated at 60%, 20%, and 20%, respectively.

Since UHB, PUH, and BH each provided a single dataset from a defined period

of the pandemic, we further divided these into training, continuous validation, and

test sets through a random split, allocated at 60%, 20%, and 20%, respectively.

This division was stratified based on the COVID-19 status, which was determined

through confirmatory PCR testing.
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Table 3.1: Summary population characteristics and COVID-19 prevalence for OUH
(wave one and wave two), PUH, UHB, and BH cohorts. * indicates merging for statistical
disclosure control.

OUH (wave one cases) OUH (wave two cases) PUH UHB BH
Total Patients 701 22,857 37,896 10,293 1177
COVID positive (%) 701 (100%) 2,012 (8.80%) 2,005 (5.29%) 439 (4.27%) 144 (12.2%)
Sex:
- Male (%) 376 (53.64) 11409 (49.91) 20839 (54.99) 4831 (46.93) 627 (53.27)
- Female (%) 325 (46.36) 11448 (50.09) 17054 (45.0) 5462 (53.07) 549 (46.64)
Age, yr (IQR) 72 (55-82) 67 (49-80) 69 (48-82) 63 (42-79) 68.0 (48-82)
Ethnicity:
-White (%) 480 (68.47) 17387 (76.07) 28704 (75.74) 6848 (66.53) 1024 (87.0)
-Not Stated (%) 128 (18.26) 4127 (18.06) 8389 (22.14) 1061 (10.31) ≤10
-South Asian (%) 22 (3.14) 441 (1.93) 170 (0.45) 1357 (13.18) 71 (6.03)
-Chinese (%) * 51 (0.22) 42 (0.11) 41 (0.4) ≤10
-Black (%) 25 (3.57) 279 (1.22) 187 (0.49) 484 (4.7) 36 (3.06)
-Other (%) 34 (4.85)* 410 (1.79) 269 (0.71) 333 (3.24) 29 (2.46)
-Mixed (%) 12 (1.71) 162 (0.71) 135 (0.36) 169 (1.64) 13 (1.1)

Finally, we merged data from all sites, yielding final training, continuous

validation, and held-out test sets comprising of 58,339 presentations used in training

and continuous validation (including 4,245 of which were COVID-19 positive),

and 14,585 presentations in the held-out test set (including 1,056 of which were

COVID-19 positive). A summary of each dataset is provided in Table 3.2. It is

important to note that the same individual may appear in multiple datasets if they

had multiple visits to the emergency department. Each presentation was treated

as an independent case, reflecting real-world scenarios.

Table 3.2: Summary of number of patients and COVID-19 positive cases for training,
continous validation, and test sets.

Training (Dtrain) Continuous Validation (Dval) Test (Dtest)
Total Patients 43,754 14,585 14,585

COVID-19 positive (PCR) 3,171 1,074 1,056
Hospital:
OUH (%)
PUH (%)
UHB (%)

BH (%)

14,104 (32.2)
22,750 (52.0)
6,186 (14.1)

714 (1.6)

4,694 (32.2)
7,596 (52.1)
2,062 (14.1)

233 (1.6)

4,760 (32.6)
7,550 (51.8)
2,045 (14.0)

230 (1.6)

Since we removed patients from "wave one" who were labeled as "COVID-19

negative," we performed sensitivity analysis to account for this. We trained a COVID-

19 prediction model and evaluated this on the continuous validation set (as to ensure

that the test sets were not used until a final model is developed), achieving AUROC

scores of 0.836 (95% CI 0.811-0.860) and 0.857 (0.833-0.880) for the original and
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adjusted training sets, respectively. The comparable results (overlapping confidence

intervals) demonstrate model stability across these cohorts. Additionally, the

AUROCs achieved are consistent with those of CURIAL-Lab and CURIAL-Rapide

in the original validation study discussed in Chapter 2, demonstrating that the

models trained are robust and align with the established benchmarks.

3.2.3 Clinical Features Used for Diagnosis

As described in Chapter 2.5, our focus is on rapid patient triaging [133, 144], acting

as a preliminary measure during the period when confirmatory laboratory testing

is awaiting results or when access to definitive molecular testing for COVID-19

is constrained. With an emphasis on scalability, the datasets used encompass a

segment of regularly acquired clinical data, comprising initial blood tests, vital

signs, and the confirmation of COVID-19 diagnosis through a PCR swab test. This

approach was chosen due to the widespread and standardized practice of collecting

such data within the initial hour of a patient’s arrival in emergency care pathways.

This practice was consistent across hospitals situated in middle- to high-income

countries [133]. By using these commonly collected metrics, our aim was to ensure

the applicability and practicality of our triaging models across a broad spectrum

of healthcare settings, facilitating efficient and effective patient assessment and

management. To ensure a meaningful comparison with prior studies, the features

included are similar to those used in the study described in Section 2.5.1, which

references the relevant published works [133, 144]). Table 3.3 summarizes the

final features included in training.

Regarding the data structure, the clinical features employed are presented

in a tabular layout, organized into rows and columns. This structured format

systematically arranges the data, where each row corresponds to information

pertaining to an individual patient, and each column signifies a specific attribute

or measurement. Thus, in our case, these columns depict laboratory blood test

outcomes and vital sign readings.
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Table 3.3: Clinical predictors considered for COVID-19 status prediction.

Category Features

Vital Signs Heart rate, respiratory rate, systolic blood
pressure, diastolic blood pressure, temper-
ature

Blood Tests Haemoglobin, haematocrit, mean cell
volume, white cell count, neutrophil
count, lymphocyte count, monocyte count,
eosinophil count, basophil count, platelets

Liver Function Tests & C-reactive
protein

Albumin, alkaline phosphatase, alanine
aminotransferase, bilirubin, C-reactive
protein

Urea & Electrolytes Sodium, potassium, creatinine, urea, esti-
mated glomerular filtration rate

3.2.4 Data Preprocessing

To start, we ensured consistency in the units used for identical features. Here,

all features included are continuous variables, and their units can be found in

Table A.1 in Appendix A.

In managing missing values within the dataset, we employed population median

imputation. This method involves replacing missing values with the median of the

corresponding feature across the entire dataset, preserving the overall distribution

and variability of the data. During the study highlighted in Chapter 2.5.1, various

imputation strategies, including population median, population mean, and age-based

imputation, were initially used to address missing data. As part of a sensitivity

analysis examining the impact of imputation strategies on model performance,

we conducted a prospective evaluation—assessing models in a forward-looking,

real-world context that accounts for their influence on future data collection and

distribution [164]—of models trained with each imputation method in all patients

presenting to OUH emergency departments during the second wave of the COVID-19

pandemic. Performance metrics, such as mean values and standard deviations (SD),

are detailed in Table A.2 in Appendix A.2. Narrow standard deviations observed

across all performance metrics indicate robustness to the imputation method used.

For example, for AUROC, the means and SDs were 0.843 (0.002) and 0.878 (0.001)
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for CURIAL-Rapide and CURIAL-Lab, respectively. Thus, we proceeded to assess

models trained with missing data imputed using population median. Additionally,

a comprehensive summary of data completeness is provided in Table A.1.

Finally, all features underwent standardization to achieve a mean of 0 and a

standard deviation of 1. This standardization process ensures that all features have

similar scales and distributions, preventing certain features from dominating others

during the training process. Additionally, standardization aids in optimization

and convergence when training neural network (NN) models, which we use in

our investigations [165–167].

3.2.5 Bias Identification Methods

In our examination of the four distinct UK datasets, we use established methodolo-

gies commonly employed in data science and machine learning to assess data-level

bias. While we acknowledge the importance of identifying and quantifying biases

within datasets, our primary emphasis in this thesis lies in the development and

implementation of fairness-aware methods. Thus, instead of extensively exploring

bias identification methods, our focus is on devising strategies to mitigate bias and

foster equitable outcomes in AI-driven decision-making processes.

To examine potential sources of bias across different hospital sites, we start by

using the Kruskal-Wallis test, a statistical method employed to assess covariate

shift. This test allows us to discern any variations in data distributions, particularly

differences in the medians, among various hospitals. By employing this test, we

aim to identify and quantify any disparities that may exist in the data collected

from different hospital settings.

At the sample level, we employ t-Stochastic Neighbor Embedding (t-SNE) to

create low-dimensional visualizations encompassing all positive COVID-19 cases

obtained from the four NHS sites (Figure 3.2). Through t-SNE, we generate plots

that condense the complex, high-dimensional data into a more manageable and

interpretable form. By examining the clusters within the t-SNE plot, we can discern

patterns and similarities among the data points that may not be immediately evident
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in the original high-dimensional space. This visualization technique provides valuable

insight into the underlying structure of the data, facilitating the identification of

clusters or groupings that may indicate commonalities or differences among the

samples. Moreover, these visualizations help in uncovering potential biases or

site-specific influences that may impact the interpretation of the data. By observing

the distribution of clusters, we can gain a deeper understanding of the data and

make informed decisions regarding subsequent analyses or interventions aimed

at addressing any identified biases.

3.3 Results

On a population-level, Table 3.2 illustrates varying sample sizes across different

hospital groups, suggesting potential bias due to unequal representation of each

group in the dataset. Such discrepancies can distort analysis, outcomes, and

conclusions, particularly in machine learning tasks, where they may unduly impact

results, potentially resulting in misleading interpretations.

At the feature level, across all UK cohorts, every matched feature exhibited

a notable difference in population median (Kruskal-Wallis test, p < 0.0001, de-

termined as statistically significant using a threshold value of 0.05), except for

platelets, where the population median appeared comparable (p = 0.127). These

statistically significant variations in feature distributions among different locations

imply the existence of biases across these areas. Supplementary Table A.3 provides

comprehensive summary statistics, including median and interquartile ranges, for

vital signs and blood tests across all patient cohorts.

Figure 3.2 displays the t-SNE plot obtained when applied on the dataset.

Here, the presence of an isolated green cluster corresponding exclusively to a

subset of presentations from one NHS site - OUH - suggests that the data from

OUH has distinct features or characteristics that separates it from data collected

at other sites. This underscores the importance of accommodating site-specific

biases during model development.
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Figure 3.2: Visualization via t-SNE representation of datasets used in the study, including
all positive COVID-19 cases across four NHS trusts (OUH, PUH, UHB, BH). This figure
has been published in [168]

3.4 Discussion

Although PCR is considered the diagnostic benchmark, it is important to recognize

the limitations of using PCR as the gold standard for COVID-19 diagnosis. Its

sensitivity is imperfect and can vary with factors such as viral load, sample collection

technique, and timing of infection [169, 170]. Consequently, some patients labeled

as “COVID-19 negative” may in fact have been positive, introducing noise into the

ground-truth labels. This label uncertainty may propagate into model training and

evaluation, and must be considered when interpreting performance metrics.

At a population level, it is evident that there exists unequal representation

concerning the quantity of available data across individual hospital sites. When

soliciting data from diverse hospitals, numerous factors can lead to the reception

of disparate amounts of data from each site. These factors include discrepancies

in policies and agreements regarding data sharing and collaboration with external

parties among hospitals, divergent capabilities in granting access to data owing to
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variations in data storage systems, data sharing agreements, data governance policies,

as well as the tendency of hospitals with limited resources to prioritize clinical

operations over data sharing initiatives, potentially causing delays or limitations

in providing data to external researchers.

When considering downstream analyses and such a dataset, this unequal

subgroup representation can profoundly influence the performance and fairness

of machine learning models. When certain subgroups are underrepresented or

overrepresented in the training data, it can lead to biased predictions and undermine

the model’s ability to generalize effectively. One consequence of unequal subgroup

representation is biased predictions, where the model may learn patterns primarily

from the majority subgroup and struggle to accurately predict outcomes for

underrepresented groups. This bias arises because the model’s training process

prioritizes patterns that are more prevalent in the training data, potentially leading

to inaccurate or unfair predictions for minority subgroups. For example, if certain

subgroups are consistently underrepresented in the training data, the model may

systematically misclassify or disadvantage those groups, resulting in unfair outcomes.

Furthermore, unequal subgroup representation can hinder the model’s ability to

generalize to new, unseen data from diverse populations. This limitation can

undermine the model’s utility in real-world applications, where it may encounter

diverse populations with varying characteristics and needs.

The Kruskal-Wallis test, conducted to compare features across four distinct

hospitals, revealed a statistically significant difference in the distribution of feature

values among these hospitals. Specifically, the test findings suggest that there are

variations in the medians of the feature values across the hospitals, signifying a

potential influence exerted by the hospital site on the features being investigated. As

previously discussed, this difference may originate from a multitude of factors, such

as differences in patient demographics, healthcare practices, or other contextual

elements inherent to each hospital setting. These distinctions underscore the

importance of considering the hospital site as a relevant factor when analyzing

clinical data, as it may contribute to significant variations in the distribution and
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characteristics of the features being investigated. Understanding and accounting for

these site-specific influences are crucial for ensuring the accuracy and reliability of any

subsequent analyses or predictive models built upon the data from these hospitals.

In the context of COVID-19 cases across multiple NHS sites, the visualization

of distinct clusters in the t-SNE plot provides valuable insights into the shared

characteristics among data points originating from specific sites. These clusters

represent patterns or similarities in the data that are inherent to each NHS site

and are indicative of various factors influencing data collection, processing, and

representation. Beyond distribution differences due to patient demographics and

healthcare practices, a potential factor contributing to the formation of distinct

clusters can be differences in annotation methods used at each site. Annotation

methods refer to the process of labeling or categorizing data points based on specific

criteria or attributes. Variations in annotation methods across NHS sites can result

in differences in how features are classified or categorized, leading to the emergence

of distinct clusters in the t-SNE plot. Similarly, discrepancies in data truncation,

which involves limiting or cutting off data beyond a certain threshold or range, can

also contribute to the formation of distinct clusters. Data truncation may occur due

to various reasons, such as data storage limitations, data preprocessing procedures,

or data quality control measures implemented at each site. These differences in data

truncation practices can result in variations in the distribution and representation of

COVID-19 cases within each hospital site. Furthermore, variations in measurement

devices or data collection tools used at different NHS sites can also contribute to the

presence of distinct clusters in the t-SNE plot. Differences in the type, accuracy, or

calibration of measurement devices used to collect clinical data, such as temperature

sensors, respiratory monitors, or laboratory analyzers, can lead to variations in the

recorded data and subsequently influence clustering patterns. Similarly, variations

in data collection and processing tools, such as electronic health record systems or

data management software, can also impact the representation of COVID-19 cases

within each NHS site and contribute to the formation of distinct clusters.
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Finally, it is important to acknowledge that bias may persist even after addressing

missing data through imputation techniques. While imputation helps fill in missing

values, the missingness itself could carry significant information or reflect underlying

biases in data collection processes. For example, disparities in clinical practices or

recording standards among hospitals or healthcare facilities can lead to discrepancies

in missing data patterns. This missing data, if systematically affecting specific

subgroups or variables, can introduce bias. Therefore, it is essential for future studies

to explore alternative methods to quantify and address missing data comprehensively.

Simply imputing missing values may not fully capture the complexities and nuances

of the underlying biases present in the data. Researchers may need to employ

more sophisticated approaches, such as pattern recognition algorithms [171] or

causal inference methods [172, 173], to identify and mitigate biases associated

with missing data.

Understanding the significance of unintended biases and disparities that may

emerge among various hospital sites, potentially influencing the data, is essential

for accurately interpreting and applying analyses or models incorporating these

factors. Additional investigation is required to uncover the underlying causes

of these discrepancies and to assess their potential impact on the precision and

applicability of findings across different hospital settings. This deeper comprehension

is critical for validating and ensuring the relevance of research outcomes across

a range of healthcare environments.

Therefore, regarding subsequent analyses, it is imperative to actively recognize

and alleviate any potential biases linked to hospital location. This is especially

critical in the creation of machine learning models, given that their performance

hinges entirely on the quality of the data they are trained on. By acknowledging

and rectifying these biases, we can uphold fairness and accuracy in predictions

across a wide range of healthcare contexts. This proactive approach is vital for

ensuring that machine learning models provide equitable and reliable insights that

can benefit patients across different healthcare settings.
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Bias Mitigation for Supervised Learning

4.1 Introduction

4.1.1 Overview

As highlighted earlier, recent years have seen a growing emphasis on ensuring

fairness and equity in machine learning outcomes, spurring the development of

innovative methodologies in fairness-aware algorithms. In this chapter, we will

explore in detail the specific machine learning techniques designed to address this

critical challenge by focusing on bias mitigation at the algorithmic level. These

techniques have gained significant traction within the machine learning community,

as demonstrated by a wealth of research studies dedicated to advancing fairness in

AI systems [76, 79, 81, 101, 102, 174–176], establishing themselves as state-of-the-art

strategies for addressing bias in machine learning models [80].

This heightened focus on fairness and equity in machine learning is driven by the

increasing influence of algorithms in critical sectors such as healthcare, finance, and

criminal justice [94, 177, 178]. As algorithms play a more significant role in decision-

making processes, there is a growing imperative to ensure that these algorithms are

fair and free from biases. The consequences of biased algorithms can be far-reaching,

impacting individuals’ quality of care, access to opportunities, resources, and even

55
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their fundamental rights. Therefore, the need to mitigate biases and promote

fairness in machine learning outcomes has become more urgent than ever before.

This chapter explores the principles involved in the development, utilization,

and assessment of fairness-aware algorithms. We showcase practical applications

of various supervised learning techniques designed to alleviate unintentional biases

inherent in training data and enhance fairness in machine learning outcomes. We

illustrate these methods using the COVID-19 screening task discussed in earlier

chapters. Through empirical analysis, we examine the effectiveness and constraints

of these techniques in promoting fairness and reducing disparities in algorithmic

decision-making.

4.1.2 The Three Branches of Machine Learning

Machine learning, a subset of artificial intelligence, encompasses various techniques

designed to enable systems to learn and improve from experience without explicit

programming. One possible way to categorize these methods is into three branches,

each addressing specific learning scenarios and objectives: supervised learning,

unsupervised learning, and reinforcement learning (RL) [179, 180].

Supervised learning involves training a model to learn the mapping between

input data and corresponding output labels based on training examples [179, 181].

One of the distinguishing characteristics of supervised learning is the presence of

labeled data, which provides explicit feedback to the model about the correctness

of its predictions. This feedback mechanism allows the model to learn from its

mistakes and gradually improve its performance over time. Subsequently, the goal

of supervised learning is to enable the model to generalize its learning from the

training data to make accurate predictions or classifications on unseen or new data.

Unlike supervised learning, where the model learns from labeled examples to

predict or classify new data, unsupervised learning algorithms aim to uncover

underlying patterns, structures, or relationships within the data without explicit

guidance. In unsupervised learning, the model is presented with a dataset consisting

only of input data, without corresponding output labels [181, 182]. The goal is to



4. Bias Mitigation for Supervised Learning 57

extract meaningful insights, discover hidden patterns, or identify intrinsic structures

in the data. This process is often described as "learning without a teacher," as

the model must autonomously infer the underlying structure of the data based

solely on the input features [183]. Overall, unsupervised learning plays a crucial

role in exploratory data analysis, pattern recognition, and feature extraction tasks,

enabling the discovery of hidden structures and insights within unlabeled datasets.

Reinforcement learning is a powerful paradigm in machine learning that enables

agents to learn optimal behavior by interacting with an environment and receiving

feedback in the form of rewards or penalties. Unlike supervised and unsupervised

learning, where the model learns from labeled or unlabeled data, reinforcement

learning is based on trial-and-error learning, where the agent learns to make

sequential decisions to maximize cumulative rewards over time [179, 184–186]. In

reinforcement learning, the agent operates within an environment, which can be

any system with defined states, actions, and rewards. The goal of the agent is to

learn a policy—a mapping from states to actions—that maximizes the cumulative

reward it receives over time. At each time step, the agent observes the current

state of the environment, selects an action to perform, and receives feedback from

the environment in the form of a reward signal [184–186].

When dealing with prediction tasks where the objective is to predict a label or

outcome, as seen with our case study for COVID-19 diagnosis, supervised learning

and reinforcement learning are viable approaches. In supervised learning, the

model learns from labeled data to make predictions, whereas in reinforcement

learning, the agent learns optimal actions through trial and error to maximize

rewards and come to the correct prediction. However, unsupervised learning is not

suitable for such prediction tasks as it isn’t typically used for making predictions

or decisions based on labeled outcomes.

In this chapter, we focus on supervised learning, as this is where the majority of

bias mitigation techniques have been developed. Here, algorithms are trained on a

dataset containing individuals’ features (including vital signs and blood tests) labeled

with their COVID-19 status (positive or negative), as discussed in previous chapters.
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It should be noted that previous studies have primarily focused on debiasing binary

sensitive attributes [76, 80, 101, 102, 176]. However, many real-world scenarios

necessitate preserving a higher level of granularity. Binning may not accurately

represent biological distinctions and can heavily reflect biases present in the sample

population. Therefore, in our study, where we aim to address bias across four hospital

sites, we seek to promote and illustrate the efficacy of bias mitigation methods

across a broader spectrum of prediction tasks and demographic characteristics.

4.1.3 Bias Mitigation Methods

In this section, we introduce commonly employed fairness-aware algorithms, specifi-

cally focusing on in-processing bias mitigation techniques. These methods aim to

address bias during the algorithm’s training phase. In general, in-processing bias

mitigation techniques, such as regularization/constraints [77, 103, 113, 187], cost-

adjusted weighting [80, 81, 96, 114], and adversarial debiasing [76, 80, 81, 174], have

emerged as promising strategies for addressing biases inherent in the learning process.

Compositional techniques [188–191], which involve training multiple classification

models independently for each sensitive class, also fall under the category of in-

processing bias mitigation methods. However, for the purposes of this thesis, we

focus on bias mitigation within a single algorithm, thus we exclude compositional

methods from our discussion.

Regularization and Constraints

Regularization and constraints are essential techniques used to modify the loss func-

tion of a learning algorithm, allowing for the incorporation of fairness considerations

into the training process. Regularization involves adding an additional term to the

loss function, which penalizes discriminatory behavior exhibited by the machine

learning algorithm [80, 81, 113, 192–194]. While the primary loss function typically

focuses on optimizing classification accuracy metrics, the regularization term aims

to discourage the model from making decisions that result in unfair outcomes.
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For instance, studies have demonstrated that incorporating a discrimination-

aware regularization term into the learning objective can effectively diminish gender

bias in income prediction compared to conventional methods [193]. Similarly,

research has shown promising results with a convex framework where fairness is

enforced by the regularizer [115], as well as with a regularizer inspired by the

Hilbert-Schmidt Independence Criteria, a statistical metric used to gauge the

independence between two variables in a dataset [195, 196]. Recently, a study

proposed a regularization technique aimed at refining feature representations of

sensitive subgroups to enhance fairness in machine learning models [113].

Constraints, on the other hand, establish predefined bias thresholds based on

the loss functions that must not be exceeded during training. Unlike regularization,

which imposes penalties for discriminatory patterns indirectly through the loss

function, constraints directly enforce specific levels of bias tolerance throughout

the training process, thereby limiting a model’s ability to discriminate based

on sensitive attributes.

With respect to constraints, a recent study introduced a differential privacy

mechanism that dynamically adjusts instance influence in each class based on

theoretical bias-variance bounds [194]. The authors demonstrated that by incorpo-

rating differential privacy into the training process, the model becomes more robust

to biases present in the data and demonstrated improved fairness across various

benchmark datasets and scenarios, ranging from text to vision tasks. Furthermore,

another research effort proposed a method using a Coefficient of Determination,

which measures the predictive power of features to a target variable, as a constraint.

This approach allows for rigorous control of fairness by treating the level of fairness

as an explicit constraint [197].

Cost-Adjusted Weighting

In cost-adjusted weighting for bias-mitigation, the weight assigned to each instance

in the dataset is determined based on its sensitive attribute [80, 81, 96, 114].

This weighting strategy aims to address the imbalance in the dataset by assigning
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higher weights to instances belonging to sensitive and/or rare groups. For example,

instances from an underrepresented sensitive group are given higher weights due

to their relative scarcity in the dataset. In our investigations, where the sensitive

attribute pertains to the hospital of patient presentation/attendance, higher weights

would be designated to patient samples from BH, given its lower representation

in the dataset.

During the training phase of classification models, these instance weights play

a crucial role. Instances with higher weights contribute more to the loss function,

meaning that misclassifying them incurs a greater penalty. This mechanism ensures

that the model pays more attention to the underrepresented or disadvantaged

groups during training, thereby improving its performance in predicting outcomes

for these groups.

It is worth noting that while cost-adjusted weighting is often categorized as

a preprocessing method, it can also be considered an in-processing technique.

This distinction arises from the fact that cost-adjusted weighting operates within

the training process of the machine learning algorithm itself. By modifying the

loss function through the assignment of varied weights to examples, it directly

influences how the algorithm updates its parameters to minimize loss. Importantly,

this adjustment occurs without altering the actual training set used for model

development, making it an integral part of the training process rather than a

separate preprocessing step. This is also distinct to resampling, including upsampling

and downsampling, whereby the frequencies of samples in the training set are

directly altered.

Prior research has showcased the efficacy of reweighing techniques in addressing

biased labels within the initial training dataset [73, 96, 114, 198]. Additionally,

in another investigation, instead of assigning uniform weights to data instances

from identical population subgroups, researchers assigned personalized weights to

each instance in the training dataset [199].
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Adversarial Debiasing

Unlike the previously introduced bias mitigation methods which operate on one

task network, adversarial debiasing seeks to rectify the presence of biases by

simultaneously learning to optimize a primary task network, while being adversarially

trained to mitigate biases using another network [76, 80, 81, 174].

At its core, this technique operates on the principle of adversarial learning,

a concept inspired by game theory. The model comprises two components: a

primary task network and a fairness adversary. The primary task network learns to

perform the intended prediction or classification task, such as diagnosing a disease,

while the fairness adversary aims to detect and mitigate biases within the model’s

decision-making process. In the case study presented in this thesis, the primary

task is diagnosing COVID-19, and the aim is to counteract any biases that may

stem from the specific hospital attended by a patient.

The process involves three key components - an adversary network, a primary

task model, and an objective function.

The adversary network is trained to predict the sensitive attribute (which in

our case is the hospital attended by a patient) from the representations learned

by the primary task model. During training, the adversary network strategically

perturbs the primary model’s parameters to combat discriminatory patterns and

biases in the dataset which can be learned by the primary task model. Essentially,

it functions as a "debiasing" mechanism by identifying and mitigating the impact

of sensitive attributes on the primary task.

The primary task model encompasses the standard machine learning model

designed to perform the primary task, such as classification or regression. This

network strives to minimize its prediction error while simultaneously thwarting the

adversarial attacks from the fairness adversary. Here, COVID-19 prediction is a

classification task, whereby the primary task model predicts whether an individual

is COVID-19 positive or negative based on the chosen clinical features.

Lastly, the training process revolves around optimizing a composite objective

function that balances the primary task’s performance with bias minimization.
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Typically, this objective function integrates the loss function associated with the

primary task model and a term penalizing the adversary network’s ability to predict

the sensitive attribute. By jointly optimizing these components via adversarial

interplay, the primary task network is encouraged to learn representations that are

both predictive and fair, thereby diminishing the influence of biased factors in

decision-making.

Overall, adversarial debiasing has emerged as one of the most used in-processing

bias mitigation techniques [80], and has been applied in various domains with

the goal of promoting more equitable outcomes across diverse populations. It has

previously been shown to be successful in reducing gender (male versus female) bias

in salary prediction [76, 102] and ethnicity (black vs white) bias in recidivism

prediction [101, 176].

4.1.4 Fairness Metrics

Fairness metrics serve as crucial components of bias mitigation strategies due

to their pivotal role in assessing the presence of bias within machine learning

models [80]. These metrics provide quantifiable measures to evaluate the fairness

of algorithmic decision-making processes across different demographic groups or

sensitive attributes. By systematically measuring the disparities in model predictions

or outcomes, fairness metrics enable researchers and practitioners to identify areas

of bias and develop targeted interventions to mitigate them.

Moreover, fairness metrics facilitate the comparison and selection of appropriate

bias mitigation techniques by providing objective criteria for evaluating their

effectiveness. By quantifying the degree of fairness achieved before and after applying

mitigation methods, these metrics allow for evidence-based decision-making in the

development and deployment of machine learning systems.

In this section, we primarily focus on group fairness metrics, which evaluate

disparities between predefined subpopulations (e.g., based on race, gender, or

institutional affiliation). While alternative notions of fairness exist, group fairness
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remains the most widely studied and applied in healthcare machine learning,

providing interpretable criteria for assessing and mitigating bias.

Recent advancements in fairness literature have introduced a diverse range of

fairness metrics, each focusing on distinct aspects of classification performance

[80, 81, 200]. These metrics offer nuanced insights into various dimensions of bias,

enabling a comprehensive evaluation of model fairness.

In categorical prediction tasks, like binary classification of COVID-19 status,

fairness metrics evaluating outcome fairness generally categorize into two groups

according to their definitions: those focusing solely on the predicted outcome

and those incorporating both the predicted and actual outcomes. Additionally,

there exist fairness metrics derived from dataset labels, predicted probabilities

and actual outcomes, similarity, and causal reasoning; however, these metrics are

beyond the scope of this thesis.

To provide equations of fairness metrics, we use the following notation:

• Z: The sensitive attribute

• Y: The actual (ground-truth) label

• Ŷ : The predicted label

Metrics Based on the Predicted Label

Metrics based on the predicted outcome, often referred to as "parity-based" metrics,

focus on assessing whether different demographic groups or sensitive attributes

receive equitable treatment in the model’s predictions [200, 201]. Unlike other fair-

ness metrics that rely on additional information such as actual labels, parity-based

metrics only necessitate knowledge of the predicted classification outcomes [80].

Parity-based metrics are particularly useful in scenarios where access to actual

labels may be limited or unavailable. Their reliance solely on predicted outcomes

makes them practical and applicable in a wide range of real-world settings, facilitat-

ing the assessment of fairness without compromising privacy or data confidentiality.
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A commonly employed metric for gauging fairness based on predicted outcomes

is Demographic Parity [76, 77, 80, 202–205]. This is a principle of fairness

which asserts that the distribution of outcomes (such as positive predictions or

decisions) should be equal across different demographic groups or sensitive attributes,

regardless of their membership in these groups. In other words, demographic

parity implies that individuals from different demographic groups should have

an equal chance of receiving a positive outcome. Mathematically, demographic

parity states that P (Ŷ = 1|Z = 0) = P (Ŷ = 1|Z = 1). Thus, the metric can be

calculated by determining the difference between subgroups, which is known as

Statistical Parity Difference (SPD) [80], or by computing their ratio, which is known

as Disparate Impact (DI) [80, 82, 206].

MSP D = P (Ŷ = 1|Z = 0) − P (Ŷ = 1|Z = 1) (4.1)

MDI = P (Ŷ = 1|Z = 0)
P (Ŷ = 1|Z = 1)

(4.2)

Like Disparate Impact, the P-rule assesses two ratios of positive labels (group1
group2

, group2
group1

),

and selects the minimum value from these ratios.

MP −rule = min

(
P (Ŷ = 1|Z = 0)
P (Ŷ = 1|Z = 1)

,
P (Ŷ = 1|Z = 1)
P (Ŷ = 1|Z = 0)

)
(4.3)

Ideally, we want to achieve MSP D=0, MDI=1, and MP −rule=1.

Metrics Based on Predicted and Actual Labels

Definitions considering both predicted and actual outcomes are used to assess

the predictive accuracy across different subgroups (e.g., does the classification

model exhibit a tendency to make errors more frequently when dealing with

underrepresented groups?) [80, 204]. These metrics entail comparing the rates

of classification accuracy between different groups. Often, these are derived from

combinations of true positive rate (TPR), false positive rate (FPR), true negative

rate (TNR), and false negative rate (FNR).

TPR = TP

TP + FN
(4.4)
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FPR = FP

FP + TN
(4.5)

TNR = TN

TN + FP
(4.6)

FNR = FN

FN + TP
(4.7)

Some commonly used metrics within this category include Equality of Oppor-

tunity, Predictive Equality, and Equalized Odds [78, 203–205, 207].

Equality of Opportunity describes the difference in TPR across subgroups [78,

80], whilst Predictive Equality describes the difference in FPR across subgroups

[204, 207]. The equations used to calculate these metrics are as follows:

Equality of Opportunity = MEO(T P ) = TPRz=0 − TPRz=1 (4.8)

Predictive Equality = MEO(F P ) = FPRz=0 − FPRz=1 (4.9)

In the ideal case where these metrics take the value 0, we say that Equality of

Opportunity is satisfied and Predictive Equality is satisfied. Equality of Opportunity

is often referred to as the true positive Equalized Odds, or MEO(T P ), and Predictive

Equality is often referred to as the false positive Equalized Odds, or MEO(F P ).

We say that Equalized Odds is satisfied when the true positive rate and the

false positive rate are equivalent across all subgroups. Thus, Equalized Odds being

satisfied requires that both Equality of Opportunity and Predictive Equality are sat-

isfied. In other words, the model should make predictions equally well for all groups,

regardless of their demographic characteristics. Formally, this states that a classifier

is fair if Ŷ and Z are conditionally independent given Y [72, 73, 76]. For binary clas-

sification, this is equivalent to P (Ŷ = 1|Y = y, Z = 0) = P (Ŷ = 1|Y = y, Z = 1),

with y ∈ {0, 1}.

Another similar metric is Average Odds Difference (AOD), which is determined

by the average score of Equality of Opportunity and Predictive Equality [80].

MAOD = 1
2
(
Equality of Opportunity + Predictive Equality

)
(4.10)
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Limitations of Group Fairness and Alternative Fairness Concepts

While group fairness metrics such as demographic parity and equalized odds are

widely adopted, they also present important limitations. First, they assume that

sensitive attributes (e.g., race, gender, institutional affiliation) are clearly defined and

reliably recorded. In practice, these attributes are often socially constructed, may

be poorly documented, or entirely absent from datasets. Moreover, group fairness

frameworks generally require a priori knowledge of which subgroups are relevant

to fairness assessments, which risks overlooking underrepresented or intersectional

populations[208].

Another challenge lies in the potential tension between group fairness metrics

and other desirable goals. For example, enforcing demographic parity may reduce

overall predictive accuracy or inadvertently mask disparities in error rates across

groups [209, 210]. Furthermore, satisfying one group fairness criterion can make it

impossible to satisfy another simultaneously, reflecting the well-known trade-offs

highlighted in the fairness literature [211].

In response to these limitations, several alternative fairness concepts have been

proposed. Fairness through unawareness stipulates that sensitive attributes should

not be used in the prediction process, although this approach is often insufficient

because bias can still enter through correlated variables [212, 213]. Counterfactual

fairness defines fairness in terms of individual-level comparisons: a decision is fair

if the predicted outcome would remain unchanged had the individual’s sensitive

attribute been different in a counterfactual world [214, 215]. Other perspectives, such

as equity-based approaches emphasize allocating resources in a way that accounts

for pre-existing disparities rather than simply treating groups identically [216].

Taken together, these considerations highlight that fairness is a multifaceted and

contested concept, with no single definition universally applicable across domains.

This thesis primarily evaluates group fairness metrics due to their interpretability

and widespread use in healthcare ML research, while acknowledging the broader

landscape of fairness definitions.
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4.2 Methods

4.2.1 Baseline Model Comparators

In order to evaluate the influence of incorporating a bias-mitigating element during

model training, we start by training two baseline models: XGBoost and a fully-

connected neural network. These baseline models serve as benchmarks against which

we can gauge the efficacy of subsequent fairness-aware models. By establishing

these baselines, we gain an understanding of model performance without any bias

mitigation techniques applied. This comparison enables us to assess the effectiveness

of our proposed bias-mitigating strategies, examining their performance in predictive

accuracy and their potential contribution to enhancing model fairness.

XGBoost

The XGBoost models previously trained and used in Chapter 2.5.1 serve as valuable

benchmarks for evaluating COVID-19 prediction performance [133, 144]. In this

section, we aim to provide a concise overview of the core principles of XGBoost,

rather than an exhaustive analysis, as we primarily use XGBoost as a benchmark

model. For a detailed description of its full architecture, readers can refer to

the original publication [217].

XGBoost is a highly effective ensemble learning method that has garnered

widespread recognition for its performance in a range of machine learning tasks

[217]. It operates within the gradient boosting framework, where weak learners,

typically decision trees, are combined sequentially to correct errors from previous

iterations, creating a strong predictive model [218]. By optimizing an objective

function that balances accuracy and simplicity - through the use of a loss function

to measure prediction errors and regularization terms to control model complexity

- XGBoost achieves high performance while mitigating overfitting [217].

During each training iteration, XGBoost calculates the residuals (the differences

between predicted and actual outcomes) along with their gradients and second-order

gradients (the first and second derivatives of the loss function). A new decision

tree is then built to predict these residuals, and its output is incorporated into the
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ensemble, with its contribution modulated by a learning rate [217]. Additionally, the

algorithm employs various system-level optimizations, including parallel processing

to enhance computational speed, sparsity-aware split finding for efficient handling

of sparse data (a feature particularly useful for clinical records), and out-of-core

computing to process large datasets that exceed memory limitations.

The final XGBoost model is composed of an ensemble of decision trees whose

outputs are combined to generate predictions. For regression tasks, these outputs are

summed, while for classification tasks (as addressed in this thesis), they are converted

into probabilities using a logistic function. XGBoost’s flexibility, scalability, and

customizable hyperparameters (e.g., tree depth, learning rate, and number of

estimators) make it highly effective for structured data tasks such as classification

and regression. Renowned for its cutting-edge performance, XGBoost has become

a favored tool in both academic research and real-world applications, as well as

a staple in machine learning competitions [217].

As a reliable and efficient benchmark model, XGBoost serves as a valuable

reference point for evaluating the performance of newer classifiers, including those

based on neural network architectures, which are the primary focus of this thesis.

Standard Neural Network

A standard neural network forms the fundamental building block of deep learning

models, serving as the basis for evaluating various bias mitigation techniques. By

developing a predictor network without any debiasing components, we create a

baseline to measure the relative impact of adding bias mitigation methods and

assess their effectiveness.

For this purpose, we train a fully-connected neural network featuring rectified

linear unit (ReLU) activation functions in the hidden layers and the sigmoid

activation function in the output layer. This architecture is selected due to its

ability to capture intricate patterns and correlations within the data. Throughout

the training phase, model weights are iteratively adjusted using binary cross-entropy
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(CE) loss and the Adam optimizer, commonly used for binary classification tasks

like COVID-19 classification [219].

Full details of the architecture can be found in Table B.1 in Appendix B.

4.2.2 Cost-Adjusted Weighting

The initial bias mitigation technique under assessment is cost-adjusted weighting,

applied in accordance with the sensitive attribute, which in this case is the hospital

attended by each patient. In implementing this technique, weights are allocated to

each patient sample based on the hospital attended. Employing a straightforward

weighting principle, the weight assigned to each sample is inversely proportional

to the frequency of the subgroup within the training dataset. We implement this

weighting for both XGBoost and standard neural network models.

4.2.3 Regularization

Regarding regularization-/constraints-based methods, we opt for a consistency

regularization technique [113, 220] to enhance fairness outcomes and consequently

mitigate bias. In a recent study, authors introduced a bias mitigation approach

which uses the concept of semantic-preserving augmentations at both image and

feature levels, integrated within a self-consistency framework aimed at gender

classification [113]. The core premise posited by the authors suggests that refining

the feature representation for each subgroup could be instrumental in enhancing

fairness, without compromising performance across different subgroups. This aligns

with other studies which have indicated that enhancing feature representation not

only improves classifier generalizability, but also reduces variance within the most

underrepresented groups, thereby effectively mitigating bias [113, 221]. By using a

gender-annotated facial image dataset, the study observed that employing a consis-

tency regularizer during mitigation not only boosted overall gender classification

accuracy but also lessened bias across all gender-racial categories compared to other

state-of-the-art bias mitigation methods [113].
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Based on insights from this research, our methodology also includes using

a consistency regularizer during the training process. This is aimed at refining

the feature representation of clinical data for COVID-19 screening, consequently

minimizing bias across various groups. The primary objective is twofold: firstly, to

diminish variability among underrepresented subgroups, particularly patient samples

from distinct hospital sites, and secondly, to address bias in model outcomes.

Figure 4.1: Neighbour consistency regularization.

In our specific implementation, we adopt Neighbour Consistency Regularization

(NCR) [220], a regularization method predicated on the principle that instances

belonging to the same class should exhibit comparable latent representations,

regardless of potentially noisy or disparate labels. This concept holds particular

relevance in the domain of COVID-19 screening, where diagnostic tools do not

reach 100% sensitivity and specificity, however their outcomes are still relied on

as ground-truth training labels during model development.

We define the similarity between two examples by the cosine similarity of their

feature representations [220]:

si,j = cos (vi, vj) = vT
i vj

∥vi∥ ∥vj∥
(4.11)

Here, cosine similarity is bounded between [0,1], and the feature representations

are non-negative values (obtained after a ReLU transformation) from a specific
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hidden layer. If vi and vj have high cosine similarity si,j, then a classifier f , is

encouraged to predict the same label for f(vi) and f(vj), regardless of their true

labels yi and yj. This discourages the model from overfitting to any incorrect

mapping, if either (or both) of yi and yj are noisy.

To enforce NCR, the objective function is formulated to minimize the distance

between logits zi and zj , when their corresponding feature representations vi and vj

are similar. Using Equation 4.11, the consistency regularizer can be written as:

LNCR := 1
m

m∑
i=1

DKL

(
σ(zi)

∥∥∥∥∥ ∑
j∈NNk(vi)

si,j∑
k

si,k

σ(zj)
)

(4.12)

In this formulation, DKL represents the Kullback-Leibler (KL) divergence loss

used to measure the dissimilarity between two distributions. The term NNk(vi)

refers to the set of k nearest neighbours of vi in the feature space.

To ensure that the similarity values form a probability distribution, we normalize

them. Additionally, we set the self-similarity si,i to zero to avoid it dominating the

normalized similarity. Gradients are propagated back to all inputs.

Thus, the NCR loss term encourages the output of a classifier to classify xi

in a way which aligns to its latent space neighbours, regardless of the potentially

noisy label yi. Regarding the COVID-19 screening task, this regularizer prompts

the classifier to categorize a patient sample in a manner that closely aligns with

similar samples, irrespective of the recorded diagnosis label.

We combine this regularizer with the standard supervised classification loss

function, namely cross-entropy, to form the final objective function that is minimized

during training. Thus, the final loss function is:

Ltotal := LCE + αLNCR, (4.13)

Here, the hyperparameter α controls the strength of the NCR term. This

differs slightly from the implementation in [220], where the authors implement

a linear interpolation between the NCR and CE contributions (however, both

implementations adjust the relative contributions of the CE and NCR loss terms).
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Therefore, through the incorporation of this consistency regularizer, our objective

is to enhance the feature representation of clinical attributes and diminish the

variability among patient samples from different hospital sites, thereby alleviating

any potential bias.

In addition to KL divergence, during hyperparamter optimization, we also

evaluated the Jensen-Shannon Divergence and Mean Absolute Error losses. The

equations for these loss functions can be found in Appendix B.

4.2.4 Adversarial Debiasing

Finally, we evaluate adversarial debiasing. The adversarial debiasing architecture we

implement consists of two individual networks – a primary task (predictor) network,

P , and an adversary network, A, as shown in Figure 4.2. P and A are each a

multilayer perceptron – the simplest form of a neural network. Here, P is trained to

predict COVID-19 status, Y , given a set of clinical features, without being biased

by Z (the sensitive feature). For our purposes, Z is the hospital location.

Because we are training a classifier, P , to accurately predict Y while satisfying

an equality constraint, namely, Equalized Odds, defined in Section 4.2.5, we must

consider this in our training of an adversary model. As previously mentioned,

Equalized Odds states that a classifier, P , is fair if Ŷ and Z are conditionally

independent given Y . Following this definition, we provide the adversary model,

A, access to both the true label, Y , and the predicted label, Ŷ ; thus, limiting the

information provided to A to those features contained in the definition of Equalized

Odds (which is defined using both the true and predicted labels). In other words,

the classifier’s raw output, Ŷ – the predicted probability score, and the true label,

Y , are used as the input to A, which tries to predict Z. Although we chose to

use Equalized Odds, this method can be extended to other definitions as well. For

example, if one wanted to train a classifier to satisfy demographic parity (which

states that a classifier is fair if Ŷ and Z are independent), the adversary would

be trained to predict Z, solely given Ŷ .
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Our goal is to train P to predict Y effectively, regardless of the demographic

membership of Z. Thus, we want P to be able to accurately predict Y , and

A to poorly predict Z, as this suggests that P has been trained in such a way

that debiases Ŷ with respect to Z. We use cross-entropy loss (and binary cross-

entropy loss when the feature is binary), where LP represents the loss for P ,

and LA represents the loss for A.

For P to be good at predicting Y while being unbiased towards Z, P is typically

trained to balance the trade-off between the two losses. This is achieved using

the combined loss function:

L = LP − αLA, (4.14)

where α is an adjustable hyperparameter that signifies the importance of debiasing

with respect to the sensitive feature, z. This combined function encourages P to

minimize LP while maximizing LA. However, to ensure that P propagates in the

correct direction at the beginning of training, we modified the combined loss function

to include an attenuating correction term, such that the loss function for P becomes:

L = LP + LP

LA

− αLA (4.15)

Under the assumption that LA starts small (A is able to accurately predict z at

the beginning of training), the correction term, LP

LA
, ensures that L is large at the

beginning of the training process (as LP + LP

LA
is large), encouraging the adversary

to increase its loss, LA. During training, as LP becomes smaller (P becomes better

at predicting y) and LA becomes larger (A becomes unable to accurately predict z),
LP

LA
→ 0, converging to the original adversarial loss function, LP − αLA.

For P , the sigmoid activation function is used in the output layer (since COVID-

19 prediction is a binary task); and for A, the softmax activation function is used

instead (as the prediction of the label of Z is a multiclass task).
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Figure 4.2: Adversarial debiasing architecture.

4.2.5 Evaluation Metrics

To evaluate the performance of COVID-19 prediction, we report sensitivity, speci-

ficity, PPV, NPV, and AUROC. It should be noted that PPV and NPV are

prevalence-dependent, and thus, they are calculated based on the actual prevalence

within each test set. These metrics are accompanied by 95% confidence intervals

(CIs), computed using 1000 bootstrapped samples drawn from the test set. Tests

of significance, indicated by p-values, involve evaluating how often one model

outperforms another across 1000 pairs of bootstrapped iterations. We use 0.05

as the threshold value for determining statistical significance. Results are based

on the evaluation of final, held-out test sets.

In our framework, our primary aim is to develop models that demonstrate

fairness concerning sensitive attributes. Thus, to evaluate fairness, we employ

Equalized Odds. We choose this metric because it considers both predicted and

actual outcomes, allowing us to evaluate predictive accuracy across various subgroups

effectively. Additionally, Equalized Odds offers a comprehensive evaluation of both

true positive (TP) and false positive (FP) rates, which are both important with

respect to COVID-19 diagnosis.
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Thus, evaluation based on Equalized Odds ensures that our models achieve

precise and reliable detection of COVID-19 cases while minimizing the occurrence

of false alarms and their subsequent implications. Striking a balance between TP

and FP rates is crucial for effective public health management and the equitable

distribution of resources during a pandemic. Therefore, Equalized Odds serves

as a critical measure for assessing the fairness and effectiveness of our models in

supporting COVID-19 screening efforts.

Recall that by definition, Equalized Odds is defined based on two subgroups (a

sensitive group and a non-sensitive complement), and is measured based on the

difference between TP rate and FP rate between these groups. However, in this

work, there are more than two subgroups within the sensitive category. Specifically,

there are four different hospitals. Thus, to assess multiple labels (i.e., >2), we

used the standard deviation (SD) of true positive and false positive scores. Thus,

SD scores closer to zero suggest greater outcome fairness. The equations used to

calculate TP and FP SD scores are as follows:

MEO(T P ) =SD

({
P (Ŷ = 1|Y = 1, Z = zi), P (Ŷ = 1|Y = 1, Z = zi+1),

..., P (Ŷ = 1|Y = 1, Z = zN)
})

=SD

{ TPi

TPi + FNi

,
TPi+1

TPi+1 + FNi+1
, . . . ,

TPN

TPN + FNN

},

(4.16)

MEO(F P ) =SD

({
P (Ŷ = 1|Y = 0, Z = zi), P (Ŷ = 1|Y = 0, Z = zi+1),

..., P (Ŷ = 1|Y = 0, Z = zN)
})

=SD

{ FPi

TPi + FNi

,
FPi+1

TPi+1 + FNi+1
, . . . ,

FPN

TPN + FNN

}
(4.17)

4.2.6 Hyperparameter Optimization

In the process of determining hyperparameter values, we employed grid search in

conjunction with standard five-fold cross-validation, using the training set. This

method involves systematically evaluating various combinations of hyperparameters
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across different ranges to identify the optimal configuration for our models. Through

this iterative process, we aimed to find the set of hyperparameters that yielded the

best performance on the training data while avoiding overfitting. By using cross-

validation, we ensured robustness in our hyperparameter selection process, as it

allowed us to assess the generalizability of our models across multiple subsets

of the training data.

Grid search was used for all neural network models to identify the optimal

configurations, including the number of hidden layers, the number of nodes within

each layer, and the learning rate. In the context of adversarial debiasing, this search

was conducted separately for both the predictor and adversary networks, as well as

for the α hyperparameter. For XGBoost, a range of parameters such as learning

rate, depth, and the number of trees were tested. In the case of NCR, the evaluation

involved assessing the number of hidden layers, the specific hidden layer used to

compute the NCR loss, the chosen loss function, the number of nearest neighbours,

the weight assigned to the NCR term, and the starting epoch for NCR.

Detailed information regarding the software used, implementation, and final

hyperparameter values selected for each model can be found in Appendix B.

4.2.7 Threshold Optimization

It is important to note that many of the definitions and methods introduced

thus far work with both regression and classification models. For our purposes,

rather than working with a continuous probability score, we chose to perform

thresholding and use a binary classification (COVID-19 positive or negative), to

correspond to the "green–amber–blue" categorization system used by NHS Trust

policy [132, 133] (detailed in Chapter 2). Here, green represented an illness with no

symptoms of COVID-19, amber represented an illness with symptoms potentially

characteristic of COVID-19, and blue represented a laboratory-confirmed COVID-19

infection. Therefore, using classification is consistent with performing rapid triage

into either a green or amber pathway.
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For classification tasks, the raw output of a machine learning algorithm is

typically a probability score indicating the likelihood that an instance belongs to

a particular class. This probability is then mapped to a discrete class label using

a predefined threshold (example shown in Figure 4.3). In binary classification

tasks, the default threshold is often set at 0.5, meaning instances with predicted

probabilities equal to or greater than 0.5 are assigned to one class, while those below

0.5 are assigned to the other [222]. While straightforward, this default threshold

may not always yield optimal results, particularly in scenarios with significant

class imbalances. For example, in our task, where COVID-19 negative cases vastly

outnumber positive ones, relying on the default threshold risks poor sensitivity,

potentially failing to detect a substantial number of positive cases.

To address this issue, we performed a grid search on the continuous validation set

to optimize the threshold for prediction. This approach allowed us to systematically

evaluate different threshold values and their impact on classification performance,

particularly sensitivity and specificity. The goal was to identify a threshold that im-

proves detection rates without excessively compromising other performance metrics.

For our specific application, we prioritized achieving a sensitivity of 0.9, as this

ensures clinically acceptable performance in identifying positive COVID-19 cases.

High sensitivity is crucial in this context to minimize the risk of missing positive

cases, which could have serious public health implications. By optimizing the

threshold, we tailored the model’s predictions to the task’s specific requirements and

enhanced its clinical utility. This threshold adjustment underscores the importance

of tuning model parameters to align with the practical and ethical considerations

of real-world applications. This chosen threshold also exceeds the sensitivity of

lateral flow device tests, which achieved a sensitivity of 56.9% (95% CI 51.7%-

62.0%) for OUH admissions between December 23, 2021 and March 6, 2021 [133].

Additionally, as previously mentioned, the gold standard for COVID-19 diagnosis

is by real-time PCR, which has estimated sensitivities of approximately 80%-90%

[150, 151]. Therefore, setting the threshold at 0.9 enables the models to effectively

identify COVID-19 positive cases while achieving sensitivities that surpass those
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of current diagnostic tests (noting that the training datasets use PCR as the gold

standard for COVID-19 diagnosis).

Figure 4.3: Figure shows neural network architecture used for classification, including a
visual of the decision boundary used to determine COVID-19 positive or negative status.

4.3 Results

After hyperparameter optimization and model fitting, we evaluated all models using

the held-out set. In terms of the AUROC metric, model performances exhibited

relative consistency, with AUROC values ranging from 0.882 to 0.901. The weighted

XGBoost model achieved the highest AUROC score of 0.901 (95% CI ±0.12),

while the adversarial model achieved the lowest at 0.882 (±0.14), although only

marginally lower. When using a sensitivity configuration of 0.9, we also observed

Table 4.1: Equalized Odds evaluation for hospital bias and COVID-19 status prediction
test results across different models, optimized to sensitivities of 0.9. Bolded values denoting
the the best (underlined) and second best Equalized Odds scores. Classification metrics
are reported alongside 95% CIs, with bolded values denoting best scores achieved on the
test set.

Model MEO(T P ) MEO(F P ) Sensitivity Specificity PPV NPV AUROC
XGBoost 0.024 0.057 0.875 (± 0.020) 0.720 (± 0.008) 0.196 (± 0.011) 0.987 (± 0.003) 0.900 (± 0.12)

Neural Net. 0.022 0.065 0.879 (± 0.019) 0.676 (± 0.008) 0.175 (± 0.010) 0.986 (± 0.002) 0.891 (± 0.13)
Neural Net. (weighted) 0.033 0.055 0.883 (± 0.019) 0.686 (± 0.008) 0.180 (± 0.011) 0.987 (± 0.002) 0.894 (± 0.13)

XGBoost (weighted) 0.014 0.057 0.892 (± 0.019) 0.681 (± 0.008) 0.179 (± 0.01) 0.988 (± 0.002) 0.901 (± 0.12)
Neural Net. (reg.) 0.022 0.046 0.865 (± 0.021) 0.714 (± 0.008) 0.191 (± 0.012) 0.985 (± 0.003) 0.892 (± 0.13)

Adversarial 0.022 0.045 0.882 (± 0.019) 0.642 (± 0.008) 0.161 (± 0.009) 0.986 (± 0.003) 0.882 (± 0.14)
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consistent sensitivity scores across all models, ranging from 0.865 to 0.892. The

neural network regularized using NCR achieved the lowest score of 0.865 (±0.021),

while the weighted XGBoost model achieved the highest score of 0.882 (±0.019). It is

noteworthy that although the neural network regularized with NCR achieved slightly

lower sensitivity, it attained the highest specificity of 0.714 (±0.008), highlighting

the tradeoff between sensitivity and specificity metrics. All models demonstrated

high prevalence-dependent NPV scores exceeding 0.985, indicating their capability

to confidently exclude COVID-19 cases. Despite the apparent similarity in overall

predictive performance among models, the difference in AUROC values was found

to be statistically significant (p < 0.0001, based on 1,000 bootstrapped samples).

In terms of bias mitigation, the impact of cost-adjusted weighting on Equalized

Odds varied across models. For the neural network, the cost-adjusted weighting

led to a slight improvement in Equalized Odds concerning the false positive rate,

but conversely worsened it with respect to the true positive rate. However, for

XGBoost, the weighted XGBoost model showed improvement compared to the

standard XGBoost baseline. It achieved the best Equalized Odds concerning the

true positive rate across all methods, with a value of 0.014. Here, true positive

rates across hospitals had a small range, with values of 0.888, 0.886, 0.875, and

0.850 for OUH, UHB, BH, and PUH, respectively. However, Equalized Odds for

the false positive rate remained unchanged and overall ranked as the second worst

across all methods, at 0.057, with false positive rates of 0.349, 0.264, 0.273, and

0.215, for OUH, UHB, BH, and PUH, respectively.

On the other hand, the neural network regularized using NCR obtained the

second-best Equalized Odds for both true positive and false positive rates, with

values of 0.022 and 0.046, respectively. It should be noted that the score for

true positive rate is the same for the standard neural network without any bias

mitigation technique. When looking at individual true positive and false positive

rates across hospitals, the standard neural network generally achieved higher true

positive rates than the NCR-regularized model (true positive rate range 0.863-

0.920, compared to 0.849-0.906, respectively), however, the NCR-regularized model
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generally showed improved false positive rates compared to the standard neural

network (false positive rate range 0.207-0.338, compared to 0.192-0.372, respectively).

Similarly, the adversarial model achieved a score of 0.022 for the true positive rate,

while displaying slightly superior performance for the false positive rate, with a

score of 0.045. Consequently, overall, the adversarial model demonstrated the

fairest performance, with the neural network regularized with NCR achieving the

second-best fairness performance. Full hospital subgroup analysis of true positive

and false positive rates can be found in Tables C.2 and C.3 in the Appendix.

This emphasizes the significant improvement in Equalized Odds achieved by

integrating some form of debiasing capability within models, with only a slight

compromise in predictive performance. Specifically, when comparing the regularized

neural network and adversarial models to both the neural network and the XGBoost

implementations (with and without cost-adjusted weighting), there was a reduction

in the AUROC score of less than 0.02.

4.4 Discussion

We observed that neural network-based methods (with and without bias mitigating

components) consistently achieved AUROC scores comparable to those using

XGBoost. One notable advantage of employing neural networks is their applicability

to a wide range of problems beyond the scope of traditional methods like XGBoost.

Neural networks are well-suited for tasks such as image recognition and Natural

Language Processing (NLP), where XGBoost and similar algorithms may not

be as effective. Furthermore, these methods can be adapted to different model

architectures and incorporated into transfer learning frameworks to enhance model

performance. Unlike tree-based algorithms like XGBoost, which rely on the entire

dataset during training, neural networks offer greater flexibility for transfer learning,

enabling the utilization of pre-trained models and using knowledge from related

tasks or domains.

The bias mitigation strategies we applied in our study yielded generally improved

outcomes compared to models without any bias mitigation component. Despite
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this progress, our models fell short of fully satisfying the Equalized Odds criteria,

as indicated by their failure to achieve TP and FP standard deviations of zero. One

potential explanation for this discrepancy lies in the inherent imbalance present

in our training datasets, particularly concerning sensitive features. Because we

used neural network-based models, skewed distributions within our data can have a

notable impact on classification outcomes. This observation aligns with findings

from previous studies [102], which have highlighted the significant influence of data

balance on the effectiveness of bias mitigation methods. Moving forward, it would

be interesting for future experiments to address the imbalance in training data to

enhance model performance and foster greater fairness in predictions. One possible

approach involves using sampling techniques, such as over- or under-sampling,

to create more balanced training datasets. However, it is important to consider

the implications of altering the dataset’s prevalence, especially in scenarios where

maintaining the true sample population is crucial for accurate representation of

real-world conditions. Thus, achieving a balance between data subgroup frequency

and preserving the true prevalence is paramount in ensuring the effectiveness and

applicability of bias mitigation techniques in practical settings.

Furthermore, our analysis revealed inconsistent performance of cost-adjusted

weighting in terms of improving Equalized Odds across both neural network and

XGBoost models. While it exhibited enhancements in either the true positive or

true negative rate, it did not consistently improve both simultaneously. In the

standard supervised learning setup observed in these models, the cross-entropy

loss function provides a learning signal regardless of the input data, potentially

leading to model skewness or bias based on the majority class within the batch.

Despite the implementation of cost-adjusted weights to mitigate class imbalances

to some extent, models still rely on the cross-entropy loss function. As a result, the

effectiveness of using cost-sensitive weighting, which is based on sensitive attribute

frequency, may have been constrained.

These observations suggest that while cost-adjusted weighting can partially

address class imbalances, it may not fully address the underlying biases present in
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the dataset, particularly when the loss function itself does not differentiate between

different classes based on their significance or sensitivity. Therefore, alternative

approaches or combinations of bias mitigation techniques may be necessary to

achieve more consistent and effective improvements in model fairness.

In this chapter, we also observed that a neural network trained with both

the NCR and the adversarial framework exhibited superior fairness performance

compared to other models. Specifically, the model trained with the adversarial

framework achieved the best fairness outcomes, while the one trained with the NCR

regularizer performed the second best. Furthermore, despite the incorporation of

bias mitigation components, both the NCR regularizer and adversarial framework

models maintained consistent AUROC scores when compared to a standard neural

network trained without any bias mitigation component and XGBoost, with very

little trade-off in accuracy. Previous studies have acknowledged the trade-off between

fairness and accuracy [86, 94], yet some research has suggested that it might be

feasible to enhance fairness without sacrificing accuracy [223, 224], aligning with our

findings. These results demonstrate promise in the effectiveness of bias mitigation

techniques in advancing fairness within machine learning models.

It should also be noted that the techniques employed can alter decision boundaries

and model outcomes, potentially impacting the perceived significance of features

in classification. For instance, NCR promotes smoothness and consistency in

predictions among neighboring data points. Consequently, features that contribute

to stable predictions and smooth decision boundaries within local neighborhoods are

likely to be prioritized by the model. However, overemphasizing feature significance

within local neighborhoods may result in a focus on local rather than global

feature importance.

In summary, the findings presented in this chapter emphasize the efficacy

of implementing bias mitigation techniques, including the NCR regularizer and

adversarial framework, to improve fairness while maintaining predictive performance

in machine learning models, particularly within supervised learning contexts. Moving

forward, the subsequent chapter introduces an innovative bias mitigation approach
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within reinforcement learning, representing a novel contribution to bias reduction

within a distinct machine learning paradigm. This expansion into reinforcement

learning not only broadens the scope of bias mitigation efforts but also demonstrates

a commitment to advancing fairness across various machine learning domains.



84



5
Bias Mitigation for Reinforcement

Learning

5.1 Introduction

5.1.1 Overview

The existing literature on mitigating bias at the algorithmic level has focused on

conventional supervised learning methodologies, as outlined in Chapter 4. These

methodologies incorporate a range of techniques, including adversarial learning,

the integration of regularization methods, and the imposition of constraints on

a model’s loss function. They have shown effectiveness in mitigating undesired

biases by adapting the learning process to incorporate fairness considerations across

various domains, including our investigations into COVID-19 screening.

Nevertheless, although these methods have proven effective, they might not

comprehensively tackle the intricacies of bias mitigation, especially in situations

requiring specialized approaches to fulfill specific tasks and attain desired fairness

goals. Recognizing this gap, our aim is to create an innovative technique using a

reinforcement learning framework to enhance fairness outcomes. Reinforcement

learning was briefly introduced in the previous chapter; however, in this chapter,

we will explore it in greater detail, as it serves as the primary focus.

85
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Reinforcement learning constitutes a distinctive set of tasks that not only find

relevance across numerous real-world scenarios but also diverge significantly from

conventional machine learning domains. Typically, machine learning tasks are

categorized as either supervised (where an input is mapped through a model to

predict a class label) or unsupervised (aiming to discern patterns from unlabeled

data). RL, however, stands apart by concentrating solely on maximizing rewards

garnered from interactions with the environment [186, 225]. Although it has

commonly been associated with successes in game playing and control, the core

elements of RL have been shown to be successful on a wider range of tasks, including

those which, on the surface, do not appear to have a particular “agent” interacting

with an “environment”. Such problems include classification tasks, which have

commonly been addressed using standard supervised learning algorithms. RL

instead, uses an agent to interact with the input to determine which class it

belongs to, and then receives an immediate reward from its environment based on

that prediction [226, 227]. This offers a unique framework for bias mitigation, as

we can use a specialized reward function with the specific purpose of improving

algorithmic fairness and mitigating unwanted biases. Thus, by formulating bias

mitigation as a reinforcement learning problem, we can design agents that learn

to make decisions that not only optimize predictive accuracy but also promote

fairness and equity in outcomes.

This approach allows us to incorporate fairness considerations directly into the

learning process, enabling the agent to adapt its behavior in response to feedback.

By training agents to navigate decision-making tasks while explicitly mitigating

biases associated with sensitive features, we can develop models that are inherently

more robust and equitable across diverse populations.

This chapter aims to extend the current repertoire of bias mitigation techniques

by introducing a reinforcement learning-based approach that prioritizes fairness

outcomes. By using the strengths of reinforcement learning, we aim to develop more

effective and adaptive methods for addressing bias in machine learning algorithms.
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5.1.2 Reinforcement Learning

In this section, we offer a concise introduction to reinforcement learning, with a

specific emphasis on Q-learning and deep Q-learning within the realm of classification.

Variants of reinforcement learning beyond these are not covered within the scope of

this thesis. Chapter 5.2 will delve deeper into the distinct iterations of Q-learning,

methodologies, and implementation specifics used.

Recall that reinforcement learning is a machine learning paradigm where an

agent learns to make decisions by interacting with an environment to achieve specific

goals. The agent learns through trial and error, receiving feedback in the form of

rewards or penalties based on its actions [179, 184–186]. We use discrete timesteps

to consider each observation-action-reward cycle used within the RL framework.

Thus, to train an agent for a task effectively, a reward value R is provided to the

agent after it takes an action at each time step. A positive reward is assigned

to the agent upon correct prediction of a label, and a negative one is allocated

otherwise [227]. This feedback mechanism aids the agent in learning the optimal

“behavior” to accurately classify samples, aiming to accumulate the highest possible

rewards. To achieve this, the agent executes actions that establish memory cells,

which are subsequently used by the agent, in conjunction with the original input, to

determine actions and classify samples. The overall objective is to acquire a policy

that maximizes the cumulative reward throughout an entire run of the training

process, commonly referred to as an episode.

Formally, an RL environment can be defined as a sequential decision-making

problem within a finite Markov Decision Process (MDP) framework [184, 225,

227], characterized by a tuple of five variables (s, a, r, p, γ). During the training

phase, data batches are randomly shuffled and sequentially presented to the model,

with each variable defined as follows:

• s: The current state, comprising the features of the current observation

(sample) being processed.
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• a: The subsequent action taken by an agent, used for selecting a classification

label.

• r: The anticipated reward associated with a specific action, determined by

the accuracy of the classification.

• p: The transition probability resulting from an action.

• γ: The discount rate applied to future rewards.

The agent engages with the environment in discrete time steps denoted as

t = 0, 1, ..., T , where T represents the final time step of the episode. At each

time step, the agent selects an action at, and the environment transitions to a

new state according to the transition function p(st, at) = st+1. In our case, this

transition is deterministic, as the agent progresses from one state to the next in

accordance with the order of samples in the training data. Subsequently, the

agent receives a reward rt = R(st, at).

The objective is to maximize the reward across all time steps, often referred to

as the return. A simple approach involves defining this return as the summation

of the sequence of subsequent rewards, rt + rt+1 + · · · + rT .

Nevertheless, in certain tasks where the agent continually takes actions without

reaching an end state, this method becomes inadequate, as the sum of all rewards

will tend to infinity as T → ∞. Additionally, this would hinder the agent’s ability

to differentiate actions that yield greater rewards more promptly. Hence, a discount

factor denoted by γ, where 0 ≤ γ ≤ 1, is employed to control the significance

of future rewards in comparison to immediate rewards. Consequently, the total

return [184] is recalculated as:

Gt = rt + γrt+1 + γ2rt+2 + · · · + γT rt+T =
T∑

k=0
γkrt+k (5.1)

The rewards at each time step are contingent on both the environment’s state

and the action chosen by the agent. Therefore, an action-value function, Q(st, at),

is established to estimate the values associated with particular state-action pairs.
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Commonly known as the Q-function, this function provides values termed as

Q-values [184].

5.1.3 Q-Learning

Q-Learning is an iterative reinforcement learning algorithm aimed at constructing

a look-up table of Q-values to represent the Q-function [184, 228]. The Bellman

equation serves as the theoretical foundation for updating Q-values. The Q-value

update equation in Q-learning is a form of the Bellman equation known as the

Bellman optimality equation. In the context of Q-learning, it is used to update

the Q-values based on observed experiences. The Bellman optimality equation

for Q-learning is given by [229]:

Q(st, at) = E
[
rt + γ max

a′
Q(s′, a′)

]
, (5.2)

where the expectation is over possible state transitions. Here, Q(st, at) denotes

the Q-value for taking action at in state st. rt is the immediate reward received

after taking action at from state st, and to this immediate reward we add the

product of the discount factor and maxa′ Q(s′, a′), which represents the highest

expected Q-value in the subsequent state for all possible actions a′. This function

is formulated with the inherently greedy rationale that the optimal strategy for

maximizing overall reward involves selecting actions that optimize the expected

return at each time step. Consequently, numerous reinforcement learning algorithms

aim to acquire a precise Q-function through their experience.

Q-learning is one such process which uses iterative updates to learn the true

Q-value of each state-action pair. The Q-value update equation in Q-learning is:

Q(st, at) := Q(st, at) + α
(

rt + γ max
a′

Q(s′, a′) − Q(st, at)
)

(5.3)

Here, α ∈ [0, 1] is the learning rate, which controls the extent to which new

information overrides old information.

Subsequently, at each time step t, Q-learning executes the following steps:

1. Observe the current state st.
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2. Select and execute action at.

3. Observe the resulting new state s′.

4. Receive the immediate reward rt.

5. Update the Q-Table update equation 5.3.

These steps are repeated for each time step until the learning converges or reaches

a predefined stopping criterion. The learning rate α in Q-learning modulates the

influence of new experiences on updating the Q-values, striking a balance between

incorporating new information and maintaining stability during the learning process.

It plays a crucial role in controlling the convergence and performance of the Q-

learning algorithm. Through iteratively updating Q-values based on observed

rewards and transitions, Q-learning enables the agent to learn the optimal action-

selection strategy for maximizing cumulative rewards over time.

In practice, adopting this basic approach is impractical, as it involves esti-

mating the action-value function separately for each sample, lacking any form of

generalization [230]. Moreover, it is important to highlight that implementing this

method necessitates memory cells to store the Q-table, which may not be feasible

for domains with extensive state spaces [231, 232]. To address this limitation, a

function approximator for the Q-value is used instead of storing values in a table.

This function approximator is often a linear function, although a nonlinear function

approximator can also be used, such as a neural network. The use of a neural

network as a function approximator forms the foundation of Deep Q-learning [230].

5.1.4 Deep Q-learning

Deep Q-learning (DQN) is a significant advancement in reinforcement learning,

using deep neural networks to approximate Q-values [225, 230]. Unlike traditional

tabular Q-learning, which struggles with high-dimensional state spaces, deep Q-

learning efficiently handles complex inputs such as images or raw sensory data. This
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capability is crucial for real-world applications like robotics, autonomous vehicles,

and clinical data, where input data can be vast and intricate.

Moreover, deep Q-learning offers improved generalization across similar states

[232]. By extracting relevant features from input data, neural networks can

generalize their knowledge more effectively, enabling agents to learn optimal policies

in unseen states. This scalability and flexibility make deep Q-learning highly

adaptable to various reinforcement learning problems, including both discrete

and continuous action spaces.

Deep Q-learning does not store a Q-table, but instead uses a neural network as

a function approximator, where the parameterized Q-function, Q(s, a; θ) ≈ Q(s, a),

is used. Here, θ represents the parameters of the neural network. For training, we

substitute the Q-Learning iterative update process with gradient descent, minimizing

the mean-squared error loss function:

L(θ) = (yt − Q(st, at; θ))2 (5.4)

Q(st, at; θ) is the network prediction and, as in standard supervised learning, yt

can be treated as the target to be predicted. We use the target of the Q-learning

iterative update in Equation 5.3:

yt = rt + γ max
a′

Q(s′, a′; θ) (5.5)

Overall, deep Q-learning represents a powerful combination of reinforcement

learning and deep learning techniques, unlocking new possibilities for learning in

high-dimensional and complex environments.

5.1.5 The Advantage Function

As well as the action-value function Q(st, at), we can also introduce the state-value

function V (st) = E[Gt|st] which represents the expected return Gt that can be

achieved from the state st in the remaining timesteps. Here the expectation is over
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the policy π(at|st) of possible actions from this state. We can therefore write the

state-value function in terms of the action-value function as:

V (st) =
∑
at

π(at|st)(st, at)

We can then introduce the advantage function A(st, at) to quantify the advantage

of selecting each of the different actions:

A(st, at) = Q(st, at) − V (st)

A(st, at) then indicates how much better taking a specific action at is compared

to the average expected reward over all possible actions in that state st.

Finally, the Q-function can then be reconstructed using the value function

and the advantage function:

Q(st, at) = V (st) + A(st, at)

The value function V can be viewed as a proxy for the “goodness” of a particular

state, and the Q function evaluates the value of selecting a particular action in this

state [233]. Thus, A can be interpreted as the relative importance of each action.

By decomposing the Q-function into these two components, it becomes easier to

analyze and understand the relative value of actions in different states.

The subsequent section will delve deeper into the specific techniques and

implementations used in our proposed approach.

5.2 Method

5.2.1 Reinforcement Learning for Classification

To formulate classification as a reinforcement learning task, we start by modeling

the COVID-19 diagnosis task in a sequential decision-making format using a

finite MDP. We define the MDP using a tuple of five variables (s, a, p, r, γ),

as defined in Section 5.1.2

With respect to the training dataset, we define it as size N × D, where N

is the total number of samples and D is the number of features in each sample.
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During training, a batch of data is randomly shuffled and presented to the model

in order. Here, p is deterministic, as the agent moves from one state to the next

according to the order of samples in the training data, with the features of each

sample making up the state, s.

The action, a, is the prediction the agent makes when presented with the state, s.

Given a total number of classification labels, K, each action a is selected from one of

K classes. With respect to COVID-19 classification, a ∈ {0, 1}, where 0 corresponds

to COVID-19 negative cases and 1 corresponds to COVID-19 positive cases.

Because the selection of an action, a, does not determine the following sample,

s, presented to the agent, an alternative dependency must be introduced between s

and a. To achieve this, a training episode is terminated when an agent incorrectly

classifies the minority class, preventing any further reward, r. This allows for

a relationship between s and a to be learned, especially when there are severe

data imbalances between majority (COVID-19 negative) and minority (COVID-19

positive) classes. We have specifically chosen to use this off-policy Monte Carlo

(i.e. model-free) RL approach, as an off-policy algorithm allows for the samples

presented to the network to be independent and uncorrelated; and the model-free

element means we don’t learn a transition function (and thereby don’t learn a

trajectory), but instead, learn a mapping of state to appropriate action for all

considered states. The overall RL framework is shown in Figure 5.2.

Defining Reward for Bias Mitigation

In the realm of reinforcement learning, customized reward functions have demon-

strated effectiveness in mitigating significant data imbalances concerning the

predicted label, as evidenced in a previous study [227], and further confirmed in our

own investigations with COVID-19 diagnosis [234]. Building upon this foundation,

we started our evaluations by implementing this previous method as a benchmark

against our proposed method, which specifically aims to address data imbalances

related to a sensitive feature. In Chapter 5.2.3, we provide further details on this

comparative method. Here, rather than focusing on addressing label imbalances, our
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methodology focuses on mitigating imbalances associated with the sensitive feature,

specifically the hospital attended by a patient. By targeting imbalances related to

sensitive features through the reward function, our proposed method aims to tackle

potential biases that may arise from disparities across different hospital sites.

Standard classification models which use gradient descent, estimate the marginal

distribution with a differentiable error term. This can skew models towards the

majority class present in a batch, due to aggregation of the errors. However,

reinforcement learning provides a way of indicating error using a non-differentiable

signal that can be uniquely designed for each situation at hand. For example, for

the task presented here, we can detect minority classes by representing this in the

reward function, which aggregation typically doesn’t allow you to do. As a result, a

reinforcement learning paradigm allows for the learning of minority classes without

needing to compromise on learning of majority classes, implicitly. This is particularly

important in the tasks presented here, where we aim to train models that can

generalize well across different patient demographics, patient outcomes, and hospital

centres, even if their distributions are unequal at the time of model development.

The reward, R, is the signal evaluating the success of the agent’s selected action.

We introduce a specialized function for reward, uniquely formulated for the purpose

of mitigating biases of the chosen sensitive feature, z. To do this, we separate the

reward function into two components – one to help train a strong classifier, and one

to debias with respect to the sensitive attribute. Furthermore, given that most prior

investigations have primarily focused on assessing bias mitigation solely for binary

attributes, we designed the reward function to address debiasing in multi-class

attributes. This is particularly crucial in clinical contexts, where a greater level of

detail is often necessary, as condensing values into fewer (e.g., binary) classes may

lack biological relevance—especially in cases where classes are categorical—and may

exhibit significant bias based on the sample population. Hence, to address class

imbalance in multi-class sensitive attributes, we adjust the reward to be inversely

proportional to the relative frequency of a class within the dataset. This approach

resembles the use of cost-sensitive weights in standard supervised learning. However,
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it is important to note, as discussed in Chapter 4, that while adjusting weights based

on costs can mitigate class imbalances to some extent, it still relies on cross-entropy

loss, which provides the network with a learning signal regardless of the presented

data. Consequently, models may exhibit bias towards the majority class within a

batch due to the aggregation of errors. By contrast, employing a reinforcement

learning setup (as opposed to a supervised learning framework reliant on gradient

descent) allows for more precise control over when and how a learning signal is

backpropagated (further explained in the following sections). This was demonstrated

through our previous investigations on imbalanced learning with respect to the

outcome class label, where RL (with a specialized reward function) was compared

to other common imbalanced learning methods (SMOTE, cost-sensitive/-adjusted

weights), and found to improve on balanced classification [227, 234]. Results for

this study can be found in Appendix C.6.

In our implementation, a positive reward is given when the agent correctly

classifies the sample (as either COVID-19 positive or negative), and a negative reward

is given otherwise. If a negative reward is given (i.e. a sample was misclassified), the

absolute reward value given is inversely proportional to the relative presence of the

label of the sample in the training data. Thus, the absolute reward value of a sample

from the minority class is higher than that in the majority class, making the model

more sensitive to the minority class. This helps accommodate for label imbalance

during training; and since the primary purpose of the model is to effectively classify

COVID-19 status, this sensitivity-differential will help the agent learn the optimal

behavior for COVID-19 prediction. To consider the sensitive class, z (which we

aim to debias), we make the absolute reward for the positive case (i.e. when a

sample is correctly classified) inversely proportional to the relative presence of each

respective z label in the training data, accommodating for any class-imbalances

present in a multi-class sensitive attribute. Here, the absolute reward value of a

sample from a minority z class is therefore higher than that from the majority class,

making the model more sensitive to minority z labels. By performing debiasing

on the positively rewarded states, we already know that the sample was correctly
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classified for the main task, as debiasing would be inconsequential if the model was

not clinically effective for use to begin with. The formulation introduced allows for

evaluation of both binary and multi-class tasks and sensitive features.

To formulate the problem, we first use m ∈ {0, ..., M} to represent the possible

values for the sensitive feature and k ∈ {0, ..., K} to denote the possible class

labels. Then, for a patient with features st and sensitive feature zt, if the model

predicts COVID-19 status at, and the true COVID-19 status is lt, the reward

function is calculated as follows:

R(st, at, lt, zt) =
−λk if at ̸= lt and lt = k

λm if at = lt and zt = m
(5.6)

λk =
1

Nk∥∥∥( 1
N0

, 1
N1

, ..., 1
NK

)
∥∥∥2 (5.7)

λm =
1

nm∥∥∥( 1
n0

, 1
n1

, ..., 1
nM

)
∥∥∥2 (5.8)

where Nk represents the number of instances in class k, and nm represents

the number of instances with sensitive feature m. As seen in Equation 5.6, the

reward is assigned differently depending on whether or not the model correctly

predicts the COVID-19 label k.

In the first scenario, where the COVID-19 label is predicted incorrectly, the

reward −λk is inversely proportional to the frequency, Nk, of the COVID-19 label

k. As discussed above, the motivation for this is that by penalizing incorrect

COVID-19 predictions, the model will learn to predict COVID-19 status correctly.

The weighting by label frequency is to address imbalance in the dataset.

In the second scenario, where the COVID-19 label k is predicted correctly, the

reward λm is inversely proportional to the frequency, nm, of the sensitive label z.

The reason for this is that if the model is already able to predict COVID-19 status

correctly, we now want to mitigate any unintentional biases.

After experimenting with different configurations for λk and λm, we found

that models achieved desirable performance when these were set to be the vector-
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normalized reciprocal of the class frequencies, as shown in Equations 5.7 and 5.8.

To balance immediate and future rewards, a discount factor, γ = 0.1, is used.

Dueling Q-Network Architecture

In a typical deep Q-network (DQN) setup, the output layer of the network

corresponds to predicted Q-values for state-action pairs. Since only one state-action

pair can be trained at a time, it can be difficult to provide update information about

the state. To address this, we choose to implement a dueling Q-network, which is

capable of training state representations and action representations independent

of one another.

For a DQN, the Q-network is implemented as a standard, single-stream neural

network, where fully-connected layers are connected in a continuous sequence. The

dueling Q-network, shown in Figure 5.3, instead, implements a fully-connected

neural network with two streams - one for estimating the value (which is scalar)

and another to estimate the advantages of each action (which is a vector). These

two streams are combined to produce a single output, which is the Q function

[233]. We compared this method to a non-dueling network by analyzing the training

curves, where the dueling DDQN appears to outperform the non-dueling DDQN.

This analysis can be found in Figure 5.1.

Based on the definition of the advantage function, we represent Q as:

Q(st, at; θ, α, β) = V (st; θ, β) +
(

A(st, at; θ, α) − softmax(A(st, at+1; θ, α))
)

, (5.9)

where α and β represent the parameters of the A and V streams of the fully

connected layers, respectively. The additional softmax module is used to address

identifiability issues and improve performance [233]. Additionally, this extra term

does not change the relative rank of A (and subsequently, Q-values), which preserves

the ϵ-greedy policy (which we use in our training; explained in Section 5.2.2).

For the Q-network, we used a fully-connected neural network with one hidden

layer, alongside the rectified linear unit (ReLU) activation function and dropout.

For updating model weights, the Adam optimizer was used during training. We
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Figure 5.1: AUROC scores during training, comparing DDQN and Dueling DDQN
models. Curves are shown for the COVID-19 prediction task.

set the exploration probability, ϵ, to be linearly attenuated from 1 to 0.01 over

the entire training process. Each training period consists of 120,000 steps (i.e.

iterations of updating parameters θ).

Figure 5.2: Overview of the reinforcement learning framework used.



5. Bias Mitigation for Reinforcement Learning 99

Figure 5.3: A typical single-stream Q-network is shown in a). A dueling architecture,
with two streams to independently estimate the state-values (scalar) and advantages
(vector) for each action is shown in b) (this implements Equation 5.9).

Double Deep Q-Learning

During each episode, combinations of states, actions, and rewards at each step,

(st, at, rt, st+1), are saved in the agent’s working memory, M . To learn the parameters

of the Q-network, θ, a randomly sampled mini batch of these transitions, B, are

used in the gradient descent step. Recall the mean-squared error loss function,

where y can be treated as the target to be predicted and Q(s, a; θ) as the prediction:

L(θ) =
∑

(st,at,rt,st+1)∈B

(y − Q(st, at; θ))2 (5.10)

We choose to define y using the format of a double deep Q-Network (DDQN).

As a standard DQN uses the current Q-network to determine an action, as well

as estimate its value, it has been shown to give overoptimistic value estimates

[235]. This increases the likelihood of selecting overestimated values (which can

occur even when action values are incorrect), making it harder to learn the optimal

policy. Double deep Q-Learning (DDQN) was introduced as a method of reducing

this overestimation [236]. Unlike a DQN, a DDQN uses the current Q-network

to select actions, and the target Q-network to estimate its value [237]. Through

decoupling the selection and evaluation steps, a separate set of weights, θ′, can

be used to provide an unbiased estimate of value.

The DDQN algorithm is implemented using the following target function:

y = rt + (1 − term)γQ(st+1, argmax
at+1

Q(st+1, at+1; θ); θ′) (5.11)
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As previously mentioned, a dependency between a state and action needs to be

established for the agent to learn a relationship. As well as the regular feedback

from rewards, the value of term is set to 1 once the agent reaches its terminal

state, and 0 otherwise. A terminal state is reached after the agent has iterated

through all samples in the training data (or a set number of samples, specified

at the beginning of training), or when the agent misclassifies a sample from the

minority class (preventing any further reward).

5.2.2 Reinforcement Learning Training Procedure

By framing our learning problem with a RL set-up, learning can be regulated

through the design of the reward function. This enables control of how and when a

learning signal is backpropagated, which aggregation (through standard supervised

learning) typically doesn’t allow for.

The environment’s reward procedure is outlined in Algorithm 1. Here, D1

represents the minority class, which in our case corresponds to the COVID-19

positive label. As previously discussed, when the COVID-19 label is predicted

correctly (at = lt), a reward λm is assigned, which is inversely proportional to

the frequency of the sensitive label. Conversely, when the COVID-19 label is

predicted incorrectly (at ̸= lt), a penalty of −λk is applied, with λk being inversely

proportional to the frequency of the COVID-19 label. The value of the term

variable is initially set to False and is updated to True once the agent reaches its

terminal state. As outlined earlier, a terminal state occurs when the agent has

either processed all samples in the training data (or a predefined number of samples

specified at the start of training) or misclassifies a sample from the minority class,

thereby halting further reward accumulation.

The Q-network is trained following the DDQN procedure outlined in Algorithm

2. Training begins by shuffling the dataset D and initializing the initial state

s1 as x1. During each training episode, the agent uses an ϵ-greedy behavior

policy to select actions. With probability ϵ, the agent chooses a random action,
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while with probability 1 − ϵ, it selects the action that maximizes the optimal

Q-function, arg maxa Q∗(st, at).

At each step of the episode, the transitions—combinations of states, actions,

and rewards (st, at, rt, st+1)—are stored in the agent’s working memory, M . A

mini-batch of these transitions is then randomly sampled from M . For each sampled

transition, yj is set to rj if the episode has terminated. Otherwise, yj is computed

using the target function defined in Equation 5.11. The network parameters θ are

updated through gradient descent to minimize the loss. The resulting optimized

Q-network serves as the trained classifier.

Algorithm 1: Environment Reward Procedure
State D1 is the minority class set in the training data.
Function Reward(at, lt):

Initialize termt = False
if at = lt then

Set rt = λm

else
Set rt = −λk

if lt ∈ D1 then
Set term = True

return rt, term

5.2.3 Baseline Evaluation and Model Comparators

In Chapter 4, we’ve established robust baseline and state-of-the-art benchmarks

to assess the proposed RL-based bias mitigation method.

Given that we introduce a deep Q-learning approach, a neural network serves

as the foundation of our function approximator, facilitating the generalization of

the relationship between state (represented by patient samples) and action (the

COVID-19 prediction) pairs. This setup enables a more direct comparison with

the consistency regularization and adversarial debiasing methods, which also rely

on neural network frameworks for implementation.
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Algorithm 2: DDQN Training Procedure
Initialize memory, M
Function Main(at, lt):

Initialize termt = False
for episode ∈ {1, 2, ..., E} do

Shuffle training data, D
Initialize state s1 = x1
for t ∈ {1, 2, ..., T} do

Choose action using ϵ-greedy policy:
at = πθ(st)
rt, termt = Reward(at, lt)
Set st+1 = xt+1
Store (st, at, rt, st+1, termt) to M
Randomly sample (sj, aj, rj, sj+1, termj) from M
if termj = True then

Set yj = rj

else
Set yj = rj + γQ(sj+1, argmax

aj+1
Q(sj+1, aj+1; θ); θ′)

Perform gradient descent on L(θ) w.r.t. θ
Set θ′ = θ
if termt = True then

Break

Moreover, by incorporating cost-adjusted weighting within our proposed RL

debiasing framework, we can directly compare it with the implementations of neural

network and XGBoost models using the same weighting strategy.

Lastly, as we delve into a new machine learning paradigm, we also assess our

method against an RL classification model lacking any debiasing component (as

mentioned in Chapter 5.2.1). This comparative analysis ensures that our model

initially trains as a robust classifier and validates the utility of incorporating a

debiasing component. Specifically, we implement the same RL framework outlined,

however the reward function used is:

R(st, at, lt) =
λk if at = lt and lt = k

−λk if at ̸= lt and lt = k
(5.12)

λk =
1

NK∥∥∥ 1
N0

, 1
N1

, ..., 1
Nk

∥∥∥2 (5.13)
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Here, we let the reward for correctly/incorrectly labeling an instance of a

particular class be inversely proportional to the relative presence of the class in the

data. The absolute reward value of a sample from the minority class is thus higher

than that in the majority class, making the model more sensitive to the minority class.

Here, we do not provide any feedback regarding the label of the sensitive feature.

5.2.4 Evaluation Metrics

We employ identical evaluation metrics as specified in Section 4.2.5. Thus, to

evaluate the performance of COVID-19 prediction, we report sensitivity, specificity,

PPV, NPV, and AUROC, accompanied by 95% confidence intervals (CIs), computed

using 1000 bootstrapped samples drawn from the test set. Tests of significance,

indicated by p-values, involve evaluating how often one model outperforms another

across 1000 pairs of bootstrapped iterations. We use 0.05 as the threshold value

for determining statistical significance. Results are based on the evaluation of

final, held-out test set. With respect to fairness, we use the standard deviation

of Equalized Odds, as defined in Equations 4.16 and 4.17.

5.2.5 Hyperparameter Optimization

Consistent with Chapter 4.2.6, we use grid search alongside standard five-fold

cross-validation on the training set to identify the optimal hyperparameters for

the reinforcement learning methods deployed. This process involves optimizing

parameters such as the number of layers in the Q-network, the number of nodes

within each layer, and the learning rate.

Detailed information regarding the software, implementation, and finals hyper-

parameter values selected for each model can be located in Appendix C.

5.2.6 Threshold Optimization

In alignment with the findings detailed in Chapter 4.2.7, we conduct threshold opti-

mization using the continuous validation set. This allowed for binary classification

(COVID-19 positive or negative) to align with the "green–amber–blue" categorization
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Table 5.1: Equalized Odds evaluation for hospital bias and COVID-19 status prediction
test results across different models, optimized to sensitivities of 0.9. Bolded values denoting
the the best (underlined) and second best Equalized Odds scores. Classification metrics
are reported alongside 95% CIs, with bolded values denoting best scores achieved on the
test set. The RL algorithm is a dueling DDQN.

Model MEO(T P ) MEO(F P ) Sensitivity Specificity PPV NPV AUROC
RL (debiasing) 0.010 0.040 0.887 (± 0.019) 0.622 (± 0.008) 0.155 (± 0.009) 0.986 (± 0.003) 0.879 (± 0.014)

RL 0.035 0.063 0.892 (± 0.019) 0.553 (± 0.008) 0.135 (± 0.008) 0.985 (± 0.003) 0.855 (± 0.015)
XGBoost 0.024 0.057 0.875 (± 0.02) 0.720 (± 0.008) 0.196 (± 0.011) 0.987 (± 0.003) 0.900 (± 0.012)

Neural Net. 0.022 0.065 0.879 (± 0.019) 0.676 (± 0.008) 0.175 (± 0.01) 0.986 (± 0.002) 0.891 (± 0.013)
Neural Net. (weighted) 0.033 0.055 0.883 (± 0.019) 0.686 (± 0.008) 0.180 (± 0.011) 0.987 (± 0.002) 0.894 (± 0.013)

XGBoost (weighted) 0.014 0.057 0.892 (± 0.019) 0.681 (± 0.008) 0.179 (± 0.01) 0.988 (± 0.002) 0.901 (± 0.012)
Neural Net. (reg.) 0.022 0.046 0.865 (± 0.021) 0.714 (± 0.008) 0.191 (± 0.012) 0.985 (± 0.003) 0.892 (± 0.013)

Adversarial 0.022 0.045 0.882 (± 0.019) 0.642 (± 0.008) 0.161 (± 0.009) 0.986 (± 0.003) 0.882 (± 0.014)

system employed by NHS Trust policy. Here, the objective is to identify a suitable

threshold, optimized to attain sensitivities of 0.9, ensuring clinically acceptable

performance levels in detecting positive COVID-19 cases.

5.3 Results

For consistency with Chapter 4, following hyperparameter optimization and model

fitting, we assessed all models using a held-out set. The outcomes showcased for

XGBoost, the conventional neural network, weighted models, adversarial debiasing,

and NCR debiasing are extracted from Table 4.1. Across all models, there was

relative consistency in terms of the AUROC metric, with values ranging from 0.855

to 0.901. Notably, the weighted XGBoost model achieved the highest AUROC score

of 0.901 (95% CI ±0.12), while the standard RL and RL debiasing models achieved

the lowest scores at 0.855 (±0.15) and 0.879 (±0.14), respectively.

Furthermore, with a sensitivity configuration of 0.9, sensitivity scores remained

consistent across all models, ranging from 0.865 to 0.892. Specifically, the neural

network regularized using NCR achieved the lowest score of 0.865 (±0.021), while

both the weighted XGBoost and standard RL methods attained the highest score

of 0.882 (±0.019). The RL debiasing method followed closely with the second

highest sensitivity of 0.887 (±0.019). It is important to note the trade-off between

sensitivity and specificity metrics, as models with high sensitivity tended to exhibit

slightly lower specificity.
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All models demonstrated high prevalence-dependent NPV scores exceeding 0.985,

suggesting their ability to confidently exclude COVID-19 cases.

Despite the apparent similarity in overall predictive performance among models,

the difference in AUROC values was found to be statistically significant (p < 0.0001,

based on 1,000 bootstrapped samples).

In the context of bias mitigation, the debiasing RL model (dueling DDQN)

demonstrated the fairest performance, achieving the most favorable outcomes for

Equalized Odds. It outperformed other models in both true positive and false

positive metrics, with scores of 0.010 and 0.040, respectively. Across the hospital

groups, it achieved true positive rates of 0.878, 0.886, 0.906, and 0.900 for OUH, UHB,

BH, and PUH, respectively, and false positive rates of 0.419, 0.350, 0.308, and 0.364.

The weighted XGBoost and adversarial debiasing models followed closely in

performance. The XGBoost model achieved the second-best Equalized Odds for true

positive rates (0.014), with a range of 0.850–0.888 across hospital subgroups—slightly

lower than the debiasing RL model. Meanwhile, the adversarial debiasing model

achieved a false positive Equalized Odds score of 0.045, with false positive rates

ranging from 0.273 to 0.396. Although the adversarial model demonstrated better

false positive rates overall compared to the RL model, its wider range resulted

in a slightly lower ranking.

Overall, the adversarial model ranked second in terms of Equalized Odds

performance, followed by the weighted XGBoost model and the neural network

regularized using NCR.

One interesting observation is that the weighted neural network exhibited

consistently lower true positive and false positive rates across all hospital subgroups.

Its true positive rates ranged from 0.750 to 0.875, compared to 0.849 to 0.969

observed in other models, while its false positive rates ranged from 0.121 to 0.200,

significantly lower than the 0.207 to 0.502 range seen in other models.

A detailed analysis of true positive and false positive rates for each hospital

subgroup is provided in Tables C.2 and C.3 in the Appendix.
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When comparing the two RL methods, the model implementing a bias-mitigating

reward function notably enhanced Equalized Odds, showing improvements of 0.025

and 0.023 for TP and FP Equalized Odds, respectively. Furthermore, comparing

models with a debiasing component (particularly the regularized neural network,

RL debiasing, and adversarial methods) to all other methods revealed a significant

enhancement in fairness, with only a slight trade-off in predictive performance

compared to the models achieving the highest AUROC scores.

We also found that the adjusted thresholds, listed in Appendix C.5, for the

RL-based methods are also much closer to the default threshold (0.5) than the other

methods (0.46-0.49, compared to 0.01-0.31 for non-RL methods), demonstrating

how threshold adjustment may not be necessary even when the training data is

heavily imbalanced (unlike the baseline models).

Moreover, due to its inherent computational complexity, reinforcement learning

often demands more computational resources in comparison to supervised learning.

To evaluate the computational efficiency of various models, including XGBoost,

Neural Network, and Reinforcement Learning Models, we conducted an analysis

of the average training times across 10 training iterations. Our findings indicated

that RL consistently exhibited longer execution times compared to other supervised

methods. Detailed results of this evaluation are presented in Appendix C.

5.4 Discussion

Comparable to the findings from the supervised learning-based models discussed

in Chapter 4, we observed that the RL-based debiasing models yielded less biased

outcomes compared to models lacking bias mitigation components. However, despite

the reduction in bias, our models did not entirely meet the criteria for Equalized

Odds. This discrepancy could be attributed to the imbalance in data concerning

the sensitive attribute [102], with significantly more data available from OUH and

PUH compared to UHB and BH. Additionally, given that we employed a neural

network for Q-learning, skewed distributions within the data could potentially

lead to inconsistent results.
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The RL debiasing approach exhibited superior fairness performance compared

to supervised-learning-based bias mitigation techniques, particularly in terms of

both true positive and false positive rates. This superiority can be attributed to

the ability of a RL setup to regulate the propagation of learning signals and refine

error aggregation processes. In contrast to standard supervised learning frameworks,

where cross-entropy loss provides a uniform learning signal irrespective of input

data, RL frameworks offer more control over when and how learning signals are

backpropagated to improve error aggregation. Consequently, the use of cost-sensitive

weighting based on sensitive attribute frequency may have been more effective within

the RL context. This could explain the relatively weaker fairness outcomes observed

in the weighted neural network and XGBoost implementations. In these models, the

indiscriminate learning signals generated by cross-entropy loss may have amplified

biases. This may also explain the notable shifts in true positive and false positive

rate ranges across hospital subgroups when using the weighted neural network model.

Although the prediction outcomes between RL methods and supervised learning

methods exhibited similarity, a notable disparity lies in their training times, partic-

ularly the significantly longer duration required for training an RL model relative

to supervised approaches, as observed in Appendix C. While this posed minimal

problems with this dataset, where we dealt with relatively small feature sets, it could

present considerable challenges when applying these methods to high-dimensional

datasets like images. Thus, it is essential to consider the computational requirements

associated with each modeling approach to facilitate the selection of the most suitable

method based on computational constraints and performance prerequisites.

While the training time for reinforcement learning-based models may exceed that

of other methods, such as supervised learning with XGBoost or neural networks,

there are notable advantages to this approach. One significant advantage is the

increased flexibility of applying reinforcement learning across various types of

learning tasks. While supervised learning models are often tailored to specific

tasks and require large amounts of labeled data, RL algorithms can be applied to

a wide range of problems with minimal modifications. This inherent versatility
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renders RL well-suited for tackling intricate, real-world challenges characterized

by noisy, incomplete, or heterogeneous data, a common scenario encountered

in clinical data settings.

Secondly, RL provides a framework for learning optimal decision-making policies

in dynamic and uncertain environments. Unlike supervised learning, where the

model’s objective is to minimize prediction errors based on labeled data, RL agents

aim to maximize cumulative rewards over time. This objective-driven methodology

empowers RL models to dynamically adjust to evolving conditions and formulate

decisions geared towards optimizing long-term outcomes, even without explicit

training instances. Such adaptability proves particularly advantageous in clinical

prediction tasks, where distributions, prevalence rates, and patient conditions

may exhibit fluctuations over time. By embracing the inherent uncertainty of

real-world scenarios, RL models have potential to navigate the complexities of

clinical environments and provide decisions that align with evolving healthcare

needs and circumstances.

Regarding threshold adjustment, we made modifications to the decision threshold

to prioritize achieving high sensitivity in our models. However, as previously

demonstrated, data (and subsequent downstream analyses like machine learning)

can be influenced by site-specific factors, suggesting that optimal decision thresholds

derived from one dataset/location may not necessarily generalize well to others.

Nevertheless, we observed that the optimized thresholds for RL-based methods were

already considerably closer to the default classification threshold (0.5) compared to

non-RL methods, even when the training data exhibited significant imbalance with

respect to the predicted label. Consequently, RL methods may offer an advantage

in that the optimal threshold may require less adjustment to the training set,

facilitating greater generalizability to new, unseen data. In conclusion, further

investigation into the selection of an optimal decision threshold is warranted, given

its direct impact on both model performance and fairness metrics, resulting from

shifts in true positive and true negative rates.
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Finally, RL enables agents to learn complex behaviors and strategies that may

not be feasible with supervised learning alone. By exploring different actions and

observing their consequences, RL agents can discover novel solutions and adapt

their strategies over time based on feedback from the environment. Specifically, RL

provides a mechanism for expressing errors through a non-differentiable signal that

can be customized to suit the specific scenario. This means that if it is imperative

to detect a minority or sensitive class, this requirement can be integrated into the

reward function, a feat typically unattainable through simple aggregation methods.

Consequently, embracing an RL framework facilitates the learning of the minority

class without compromising the learning of the majority class, implicitly. This

aspect is particularly critical in the context of the clinical tasks at hand, where

the objective is to train models capable of effectively generalizing across diverse

patient outcomes, even when the distributions of these outcomes are imbalanced

during model development.
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6
Mitigating Machine Learning Bias Across

Low-Middle- & High-Income Countries

6.1 Introduction

6.1.1 Overview

Earlier sections have illustrated the presence of bias in machine learning models,

stemming from the composition of training data. Such biases lead to varying

performance across specific subgroups in predictive tasks and impede a model’s

capacity to accurately capture the relationship between features and the target

outcome. Consequently, this results in suboptimal generalization and unfair decision-

making [71, 72, 77]. Previous chapters have also demonstrated the efficacy of

specific machine learning training frameworks in mitigating biases, particularly in

successfully addressing site-specific biases across four distinct hospital groups in

the UK, as applied to a COVID-19 screening task. Building on prior investigations,

this chapter concentrates on evaluating the efficacy of machine learning debiasing

techniques across hospitals situated in diverse socioeconomic contexts, particularly

across high-income countries (HICs) and low-middle-income countries (LMICs). In

our study, these correspond to the UK and Vietnam, respectively.

Hospitals in LMICs often contend with resource constraints, including inad-

equate funding, outdated infrastructure, a shortage of technical expertise, and
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a limited availability of comprehensive and digitized healthcare data [238–241],

all of which are essential requirements for the development and validation of AI

algorithms. This often results in a significant disparity in resource availability

between HIC and LMIC settings. Notably, this discrepancy in data availability

creates a bias during the development and training of collaborative models, affecting

their relative effectiveness when deployed across participating sites [239, 240, 242,

243]. Consequently, addressing and mitigating unintentional biases in data-driven

algorithms is imperative to prevent the perpetuation or exacerbation of existing

disparities in healthcare and society.

6.1.2 AI Challenges in Low-Middle-Income Countries

LMICs face several significant challenges in the development and implementation

of artificial intelligence technologies. One of the foremost challenges is the lack

of access to high-quality data [239–241]. LMICs often have limited resources and

infrastructure for data collection, storage, and management. This scarcity of data

can hinder the training and validation of AI algorithms, leading to models that

may not generalize well or perform accurately in real-world settings. Additionally,

existing data may be incomplete, biased, or of poor quality, further complicating

AI development efforts in LMICs. For instance, a comprehensive systematic review

focusing on LMICs assessed various aspects of health data quality management

[244]. Among the studies analyzed, the review revealed instances of poor data

completeness (ranging between 19-50%) [245, 246], inconsistencies in data reporting

[247–249], and inaccuracies [246, 247].

Another obstacle lies in the scarcity of AI-related skills and expertise within

LMICs. These regions often face challenges in both attracting and retaining qualified

professionals proficient in critical areas such as data collection, analysis, and AI

research, development, and implementation [250–252]. The limited pool of skilled

workers constrains the capacity of LMICs to innovate and effectively utilize AI

technologies [241]. Moreover, many LMICs lack educational and training programs

specifically tailored to AI, further exacerbating the skills gap and hindering the



6. Mitigating Machine Learning Bias Across Low-Middle- & High-Income
Countries 113

development of local AI talent [252]. This shortage not only hampers the adoption

and deployment of AI solutions but also undermines efforts to address pressing

societal and healthcare challenges within LMICs.

Infrastructure and technological limitations also present formidable obstacles

to AI development in LMICs. Many of these countries grapple with inadequate

internet connectivity, unreliable power supply, and limited computational resources,

all of which are crucial for conducting AI research and deploying AI systems [250,

251, 253]. The absence of robust infrastructure impedes LMICs’ ability to access

cloud computing resources, deploy AI applications at scale, or effectively harness

emerging AI technologies. Furthermore, regulatory and policy frameworks governing

AI may be deficient or outdated in many LMICs, resulting in ambiguity and barriers

to the adoption and implementation of AI solutions [241, 253, 254].

Ethical and societal concerns surrounding AI also present challenges in LMICs.

Issues such as privacy, fairness, transparency, and accountability are particularly

salient in contexts where marginalized populations may be disproportionately

impacted by AI technologies [253, 254]. Moreover, LMICs may lack the resources

and expertise to develop and enforce appropriate ethical guidelines and regulations

for AI development and deployment [252]. Cultural and societal norms may also

influence the acceptance and adoption of AI technologies in LMICs, underscoring

the importance of contextual sensitivity and engagement with local communities

in AI development endeavors [241]. Addressing these ethical and societal concerns

is paramount to fostering trust, equity, and responsible use of AI technologies

in LMICs, ensuring that these innovations contribute positively to societal well-

being and development.

In summary, the predominant challenges in AI development within LMICs revolve

around several key areas, including data scarcity, skills shortages, infrastructure

limitations, regulatory gaps, and ethical considerations. These challenges collectively

hinder the effective adoption and utilization of AI technologies in LMIC contexts.

By addressing these challenges, LMICs can unlock the potential of AI to address

pressing societal issues, improve healthcare delivery, enhance educational outcomes,
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stimulate economic growth, and advance progress towards sustainable development

goals [253]. However, concerted action and sustained commitment are needed to

realize the transformative potential of AI in LMIC contexts.

6.1.3 Collaborative AI Development

Collaborative AI development between HICs and LMICs presents a significant

opportunity to overcome some of the key barriers facing LMICs in the realm of

AI [253]. This collaborative approach has the potential to significantly enhance

technology access, build critical capacities, and ensure ethical, responsible AI

development tailored to the unique needs and challenges of LMICs.

One of the primary benefits of such collaborations is the facilitation of technology

transfer and the strengthening of local capacities in LMICs. Through partnerships

with HICs, LMICs can gain access to advanced technologies, resources, and expertise

[255–257]. HICs can offer specialized training, mentorship programs, and technical

support, thereby enhancing the skills and knowledge base of researchers, tech

entrepreneurs, and policymakers in LMICs. This transfer of knowledge and

technology empowers LMICs to spearhead AI initiatives, fostering innovation

and self-reliance in the local AI landscape. By building a robust AI ecosystem,

these collaborations can drive sustainable development, economic growth, and

technological self-sufficiency in LMICs.

Moreover, collaborative AI initiatives provide a platform for addressing complex

ethical, regulatory, and societal challenges associated with AI. By bringing together

a diverse array of stakeholders, including ethicists, policymakers, civil society

organizations, and local communities, these collaborations can ensure that AI

technologies are developed with a keen awareness of ethical considerations, regulatory

compliance, and societal impact [258, 259]. Such a multifaceted, inclusive approach

to AI development helps to build systems that are not only technologically advanced

but also ethically sound, culturally sensitive, and socially inclusive. Engaging a wide

range of perspectives in the development process promotes trust, transparency, and
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accountability, key factors in achieving broad acceptance and successful integration

of AI technologies within LMIC settings.

In addition to fostering AI innovation at a broad level, these collaborations

can also significantly enhance AI model development through direct, practical

engagements. One of the key avenues for this direct enhancement is through data

sharing and the utilization of high-quality datasets [260], a critical component in the

development and refinement of AI models. HICs often possess extensive, diverse,

and meticulously curated datasets [261], which are essential for the training and

validation of sophisticated AI algorithms. These datasets, encompassing a wide

range of variables and scenarios, can significantly improve the performance of AI

models, making them more robust, accurate, and applicable across different settings.

For LMICs, access to such datasets can be a game-changer, enabling them to leapfrog

some of the initial barriers to AI development related to data scarcity and quality.

Collaborative projects can facilitate access to AI resources in various ways.

Firstly, by merging datasets from HICs with local data from LMICs, the resulting

combined datasets become larger, more diverse, and more representative of various

global contexts. This not only improves the training process but also ensures

that the developed AI models are more generalizable and effective across different

geographical and cultural settings. Secondly, LMICs can utilize the model weights

from AI models initially trained on HIC data, and apply transfer learning techniques

to fine-tune these models to specific LMIC contexts [262]. This approach provides

a practical solution to the often stringent data sharing and privacy regulations that

might restrict direct access to raw data across borders [263, 264]. By sharing model

weights and utilizing transfer learning, collaborations can respect these legal and

ethical boundaries while still facilitating the mutual exchange of AI knowledge and

resources. Overall, these methods allow LMICs to build upon the advanced AI

groundwork laid by HICs, tailoring it to their unique local needs and constraints

without the necessity for extensive local datasets.

To summarize, partnerships in AI development between HICs and LMICs opens

doors for LMICs to tackle obstacles, seize opportunities, and explore AI’s capabilities
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for sustainable progress. Such collaborations go beyond merely enhancing AI

technologies; they aim to narrow the digital gap and promote worldwide participation

in creating and applying AI solutions. However, the benefits of these collaborative

efforts must be balanced with a commitment to fairness and equity, particularly

given the distinct challenges and conditions faced by LMICs compared to their

HIC counterparts.

6.2 AI Generalizability Across Low-Middle- &
High-Income Countries

Machine learning generalization refers to a model’s ability to accurately apply

its learned knowledge from training data to new, unseen data. This capability

is particularly valuable when models are deployed in real-world scenarios, where

they must perform well on independent datasets encountered in real-time. In

clinical contexts, two common types of generalizability are temporal generalizability

(applying prospectively within the center where a model was developed) and

external/geographic generalizability (applying a model at an independent center).

Based on the previously discussed challenges surrounding location bias, we will

focus on external/geographic generalizability.

This chapter considers the collaboration between the Oxford University Clinical

Research Unit (OUCRU) in Ho Chi Minh City, Vietnam, and the University

of Oxford Institute of Biomedical Engineering in Oxford, England, along with

the Hospital for Tropical Diseases in Ho Chi Minh, Vietnam, and the National

Hospital for Tropical Diseases in Hanoi, Vietnam. This partnership is dedicated

to enhancing critical care in low-middle-income country contexts. Their primary

objective is to accurately identify patients requiring critical care and enhance

the quality of care they receive, addressing the unique challenges encountered

within LMIC healthcare systems.

Previously, we developed an AI-driven rapid COVID-19 triaging tool using data

across four UK NHS Trusts. As such, through our collaboration with Vietnam-based

centres, we aimed to translate the UK-based models to LMIC settings, specifically
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at the Hospital for Tropical Diseases (HTD) in Ho Chi Minh, Vietnam, and the

National Hospital for Tropical Diseases (NHTD) in Hanoi, Vietnam. Applying a

similar screening tool at the HTD and NHTD in Vietnam could offer a systematic

approach to prioritize and manage patient care. It would allow for the efficient use

of limited resources, including clinician expertise, ventilators, and beds, ultimately

optimizing patient outcomes and ensuring timely access to appropriate interventions.

These benefits are especially valuable in LMIC settings where resource constraints

pose significant challenges to healthcare delivery.

With this COVID-19 case study, we start by assessing the viability of adapting

models across hospitals serving diverse socioeconomic demographics, illustrating

the significant impact of inherent biases on the generalizability of the models.

6.2.1 Methods
Datasets

We use clinical data comprising of linked and deidentified demographic information

from patients across four hospital centers in the UK and two hospitals in Vietnam.

As discussed in Chapter 3, from the UK, the datasets included electronic health

records from hospital emergency departments in OUH, PUH, UHB, and BH. The

four UK datasets used are identical to those introduced in Chapter 3. However, to

emphasize the difference in digital data availability (particularly with respect to

historical data), we additionally include historical ("pre-pandemic") data from OUH.

As before, we received UK NHS approval via the national oversight/regulatory body,

the HRA, for the development and validation of artificial intelligence models aimed

at detecting COVID-19 (CURIAL; NHS HRA IRAS ID: 281832).

The data from Vietnam was sourced from the intensive care units (ICUs) in

the Hospital for Tropical Diseases (HTD) and the National Hospital for Tropical

Diseases (NHTD). The ethics committees of the HTD and the NHTD approved

use of the HTD and NHTD datasets for COVID-19 diagnosis, respectively. For

the Vietnam hospitals, we extracted data from the Critical Care Asia Registry
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(we will refer to this as "Registry"), a dedicated prospectively acquired database

facilitating quality improvement initiatives.

In previous chapters, to counteract bias stemming from hospital locations, it

was imperative to include data from all sites in both the training and validation

datasets. Consequently, we amalgamated all datasets to ensure representation from

each site. Here, to address generalizability across sites, we perform prospective

and external validation across multiple datasets.

From OUH, we have three data extracts corresponding to distinct periods:

pre-pandemic presentations (before December 1, 2019), the first wave of the COVID-

19 epidemic in the UK (December 1, 2019, to June 30, 2020), and the second

wave (October 1, 2020, to March 6, 2021). The positive COVID-19 presentations

from "wave one" and pre-pandemic controls were used for training and continuous

validation, with an 80% to 20% random split, respectively.

As highlighted in Chapter 3, challenges such as incomplete testing and the

imperfect sensitivity of the PCR swab test led to uncertainties in determining the

viral status of patients who were either untested or tested negative [144]. To address

this, following the methodology used in [144], each positive COVID-19 presentation

from "wave one" was matched with a set of pre-pandemic negative controls based

on age. Using patient presentations from OUH prior to the global COVID-19

outbreak guarantees that these cases are COVID-free. This careful selection of data

ensures the accuracy of COVID-19 status labels used during the training phase

of the model. For our purposes, we employed a ratio of 20 controls to 1 positive

presentation for the training set. This matching approach aimed to simulate a

disease prevalence of 5%, consistent with the actual COVID-19 prevalences observed

at all four UK sites during the data extraction period (ranging from 4.27% to

12.2%). It is important to note that this matching process was exclusively applied

to the training set, as it directly influences the model weights and biases. The

continuous validation set, used solely to evaluate model training and determine an

evaluation threshold (without altering the model itself), retains the full stratification

without simulating a 5% prevalence. To account for the uncertainty in negative
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PCR results, a sensitivity analysis was conducted, yielding improvements in the

apparent accuracy of the models, as outlined in [144].

Thus, for the training dataset, we used 114,957 patient presentations from OUH

prior to the global COVID-19 outbreak, guaranteeing that these cases are COVID-

free. Additionally, we included 701 patient presentations that tested positive for

COVID-19. This careful selection of data ensured the accuracy of COVID-19 status

labels used during the training phase of the model.

We then validated the model on four UK cohorts (OUH “wave two”, UHB,

PUH, BH), totalling 72,223 admitted patients (4,600 COVID-19 positive), and

two Vietnam cohorts (HTD and NHTD), totalling 3,431 admitted patients (2,413

COVID-19 positive). A summary of each respective cohort is in Table 6.1.

HTD considered all patients admitted between December 10, 2020 and December

30,2022. NHTD considered all patients admitted between November 1, 2020 and

December 21,2022.

COVID-19 status at the UK sites and HTD was determined through confirmatory

PCR testing, while at NHTD, both PCR and/or rapid antigen testing were used.

Nonetheless, concerning NHTD, there were numerous instances where the specific

test type was not recorded. Therefore, in order to maximize testing coverage, in

cases where the test type was unspecified (Table 6.2), we examined how COVID-19

was documented during patient evaluation, including terms such as "COVID-19

lower respiratory infection," "COVID-19 pneumonia," "SARS-COV-2 Infection,"

"COVID-19 acute respiratory distress syndrome," "Acute COVID-19," and others,

to determine the presence of COVID-19. A full count of all COVID-19 severity

levels in the HTD and NHTD cohorts can be found in Figures D.1 and D.2

in Appendix D. For our analysis, alongside confirmatory testing, we considered

any indication and severity of COVID-19 presence as COVID-19 positive. These

diagnoses were confirmed by attending specialist infectious diseases clinicians, and

thus, we consider these diagnostic labels to be robust. A breakdown of the labels

available within the NHTD database is provided in Table 6.2. Furthermore, we

conducted a sensitivity analysis for NHTD, comparing PCR-confirmed outcomes
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Table 6.1: Total patients and positive COVID-19 cases in the OUH training cohorts
(OUH pre-pandemic and "wave one"), prospective validation cohort (OUH), external
validation cohorts of patients admitted to three independent NHS Trusts (UHB, PUH,
BH), and external validation cohorts of patients admitted to two Vietnam-based hospitals
(NTD, NHTD).

Cohort Total Patients COVID-19 Positive Cases
OUH pre-pandemic Before Dec 1/19 114,957 0

OUH "wave 1" Dec 1/19-June 30/20 701 701
OUH "wave 2" Oct 1/20-Mar 6/21 22,857 2,012 (8.80%)

UHB Dec 1/19-Oct 29/20 10,293 439 (4.27%)
PUH Mar 1/20-Feb 28/21 37,896 2,005 (5.29%)

BH Jan 1/21-Mar 31/21 1,177 144 (12.2%)
HTD Dec 10/20-Dec 30/22 1,820 1,360 (74.7%)

NHTD Nov 1/20-Dec 21/22 1,611 1053 (65.4%)

with those incorporating rapid antigen tests and other written documentation of

COVID-19, which is detailed in Section 6.2.2.

Table 6.2: Diagnostic testing method for COVID-19 detection.

COVID-19 Test-type NHTD
PCR 880
Rapid Antigen Test 69
Other 58
Unspecified 604

Clinical Features

Consistent with previous chapters, the focus is on rapid patient triaging, with

datasets encompassing a segment of regularly acquired clinical data, comprising ini-

tial blood tests (encompassing full blood counts, liver function tests, and electrolytes),

vital signs, and the confirmation of COVID-19 diagnosis through a PCR swab test.

It is important to note that certain features, such as C-reactive protein, bilirubin,

albumin, alkaline phosphatase, urea, and estimated glomerular filtration rate (found

in the UK datasets), are not part of the standard admission protocol at HTD

and NHTD. We were also unable to obtain many of the blood test features from

NHTD. Therefore, in order to integrate data from the UK, HTD, and NHTD, we

had to match the features available in the UK hospitals with those present in the

NHTD database. Additionally, any features with missing values exceeding 30%

were excluded. Table 6.3 summarizes the final features included.
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Table 6.3: Clinical predictors considered for COVID-19 diagnosis.

Category Matched UK and Vietnam UK Features
Vital Signs Heart rate, respiratory rate, systolic blood

pressure, diastolic blood pressure, temper-
ature

Blood Test Haemoglobin, haematocrit, white cell
count, platelets

Mean cell volume, neutrophil count, lympho-
cyte count, monocyte count, eosinophil count,
basophil count

Liver Function Tests & C-reactive protein Bilirubin Albumin, alkaline phosphatase, alanine
aminotransferase, C-reactive protein

Urea & Electrolytes Sodium, potassium, creatinine, urea Estimated glomerular filtration rate

Data Pre-processing

Once we confirmed consistency in the units applied to identical features, we

proceeded with implementing the pre-processing procedures outlined in Section 3.2.4.

Consequently, all features were standardized to attain a mean of 0 and a standard

deviation of 1. Additionally, we used the population median to impute any

missing values.

Model Architectures

In order to evaluate the generalizability of developed models, we conducted investiga-

tions using XGBoost and a standard neural network, the baselines used in previous

chapters. Also consistent with previous chapters, we trained a fully-connected

neural network which used the rectified linear unit (ReLU) activation function in

the hidden layers and the sigmoid activation function in the output layer. For

updating model weights, the Adam optimizer was used during training.

Evaluation Metrics

We adopt the same evaluation metrics outlined in Section 4.2.5, reporting on

sensitivity, specificity, PPV, NPV, and AUROC with 95% CIs derived from 1000

bootstrapped samples from the test set. Significance tests, marked by p-values,

assess model performance differences over 1000 bootstrapped comparisons, using a

significance threshold of 0.05. These analyses are performed on final test sets.
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Hyperparameter Optimization

As in with Chapter 4.2.6, we employ a grid search together with standard five-fold

cross-validation on the training set to determine the optimal hyperparameters for

both XGBoost and the neural network.

Grid search was applied to the neural network model to determine the best

hyperparameter configurations, encompassing factors like the number of hidden

layers, nodes per layer, and learning rate. In the case of XGBoost, we explored a

range of parameters such as learning rate, depth, and the number of trees.

Detailed information regarding the software, implementation, and final hyper-

parameter values selected for each model can be located in Appendix D.

Threshold Optimization

In alignment with the findings detailed in Chapter 4.2.7, we conduct threshold

optimization, employing binary classification (COVID-19 positive or negative).

Again, the objective is to identify a suitable threshold, optimized to attain sen-

sitivities of 0.9, ensuring clinically acceptable performance levels in detecting

positive COVID-19 cases.

For each task, we used a training set to develop, select hyperparameters, train,

and optimize the models. A separate validation set was employed for ongoing

validation and threshold adjustment. Following successful training, six independent

test sets were used to evaluate the performance of the final models.

6.2.2 Results

To start, we used the OUH pre-pandemic controls and "wave one" positive cases

to develop models, using the matched feature set (Table 6.3).

In the original study mentioned in Chapter 2.5.1, laboratory blood markers,

such as eosinophils and basophils, were identified as having a significant impact on

model predictions. This determination was made through the application of Shapley

Additive Explanations (SHAP) analysis during the development and evaluation

of models using patient cohorts from the UK (this can be found in Appendix A).
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However, these particular features were not accessible in the Registry dataset,

and consequently, were not incorporated into the initial models developed for

compatible testing across UK and Vietnam cohorts. We hypothesize that without

the inclusion of these features during training, the models’ performance would be

inferior compared to the previously reported scores.

COVID-19 prevalences observed at all four UK sites during the data extraction

period ranged from 4.27% to 12.2%. COVID-19 prevalence was highest in the BH

cohort, owing to the evaluation timeline spanning the second UK pandemic wave

during January 1, 2021 to March 31, 2021 (12.2% vs 5.29% in PUH and 4.27%

in UHB; Fisher’s exact test p < 0.0001 for both). Prevalance at the Vietnam

sites was significantly higher (74.7% and 65.4% at HTD and NHTD, respectively,

p < 0.0001), as these were exclusively infectious disease hospitals, and handling

the most severe cases of COVID-19.

Between all UK and Vietnam cohorts, all matched features had a significant

difference in population median (Kruskal-Wallis, p < 0.0001). In the case of features

exclusive to the UK cohorts, a significant distinction in population median across

hospital sites was observed for all features, except for mean cell volume, where the

population median appeared to be similar (p = 0.210). Full summary statistics

(including median and interquartile ranges) of vital signs and blood tests for all

patient cohorts are presented in Supplementary Tables D.4 and D.5, respectively.

It is important to highlight that, upon a preliminary examination of the summary

statistics of the datasets, we observed the presence of extreme values in the Vietnam

datasets. For instance, the minimum haemoglobin value was recorded as 11 g/L,

which is notably rare, as values this low are typically considered highly unlikely

[265–267]. Another instance is observed in the white blood cell count feature,

where the dataset’s maximum value was registered at 300, an exceptionally high

value [267]. While such levels of deviation theoretically can occur in cases of

haematological malignancy [268], they remain exceedingly rare occurrences. In the

Vietnam datasets, there were some extreme values in patients with lymphoma. For

our experiments, we made a deliberate choice to retain these extreme values in the
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Table 6.4: COVID-19 diagnosis performance across XGBoost and neural network models
trained on the UK data. Results are optimized to sensitivities of 0.9. Bolded values
denote the best scores across models for each test set. Metrics are reported alongside 95%
confidence intervals (CIs).

Test Set Model Sensitivity Specificity PPV NPV AUROC
OUH XGBoost 0.711(±0.018) 0.716(±0.005) 0.195(±0.005) 0.962(±0.002) 0.784(±0.010)

Neural Net. 0.718(±0.017) 0.725(±0.005) 0.201(±0.005) 0.964(±0.002) 0.803(±0.010)
PUH XGBoost 0.766(±0.016) 0.709(±0.005) 0.128(±0.003) 0.982(±0.001) 0.817(±0.009)

Neural Net. 0.835(±0.014) 0.592(±0.005) 0.103(±0.002) 0.985(±0.002) 0.816(±0.009)
UHB XGBoost 0.617(±0.039) 0.754(±0.008) 0.101(±0.006) 0.978(±0.002) 0.76(±0.020)

Neural Net. 0.69(±0.036) 0.743(±0.007) 0.107(±0.006) 0.982(±0.002) 0.776(±0.021)
BH XGBoost 0.576(±0.070) 0.811(±0.020) 0.299(±0.034) 0.932(±0.011) 0.773(±0.038)

Neural Net. 0.688(±0.069) 0.74(±0.056) 0.269(±0.027) 0.944(±0.012) 0.804(±0.034)
HTD XGBoost 0.803(±0.017) 0.202(±0.034) 0.748(±0.009) 0.258(±0.035) 0.533(±0.026)

Neural Net. 0.908(±0.013) 0.139(±0.028) 0.757(±0.007) 0.339(±0.056) 0.577(±0.027)
NHTD XGBoost 0.727(±0.024) 0.272(±0.032) 0.654(±0.013) 0.346(±0.033) 0.478(±0.026)

Neural Net. 0.831(±0.019) 0.159(±0.026) 0.651(±0.009) 0.333(±0.045) 0.515(±0.026)

dataset. This decision was motivated by our aim to evaluate the performance of

models using real-world data, acknowledging the presence of extreme values and

potential errors. This is further discussed in Chapter 6.2.3.

Following the training of models on the OUH pre-pandemic and "wave one"

data, we conducted prospective and/or external validation on six datasets. As

anticipated, when utilizing the matched dataset based on the available features in

Registry, the performance of the models was approximately 5%-10% lower in terms

of AUROC compared to our previous investigations using the same training and

test cohorts. The AUROC ranges were as follows: OUH (0.784-0.803), PUH (0.816-

0.817), UHB (0.76-0.776), BH (0.773-0.804), in contrast to the results reported

from the validation study highlighted in Chapter 2.5.1 [133]: OUH (0.843-0.878),

PUH (0.842-0.872), UHB (0.836-0.858), BH (0.854-0.881). The AUROC scores

remained relatively consistent across all UK test sets, with a standard deviation

(SD) of 0.017 for the neural network model. However, the AUROC was lower

for the HTD and NHTD centers, with an neural network AUROC of 0.577 (CI

±0.027) and 0.515 (±0.026), respectively.

Sensitivity scores varied across all test sets, with an SD of 0.090 for the neural

network model. The highest sensitivities were observed at HTD, PUH, and NHTD

(0.908, 0.835, 0.831 for the neural network model, respectively), while the lowest

sensitivities were observed at OUH, UHB, and BH (0.718, 0.690, 0.688 for the neural
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network model, respectively). Even within the same country, there was a significant

range in sensitivity, with ranges of 0.688-0.835 for UK centers and 0.831-0.908

for Vietnam centers in the neural network model. In the UK test sets, specificity

exhibited a reasonable balance with sensitivity. However, for the Vietnam datasets,

specificity was notably poor, with values of 0.139 (±0.028) and 0.159 (±0.026) for

neural network models at HTD and NHTD, respectively.

Consistent with previous studies, our models achieved high prevalence-dependent

NPV scores (>0.944) on the UK datasets, demonstrating their ability to confidently

exclude COVID-19 cases.

We conducted an additional sensitivity analysis to address the uncertainty

surrounding the viral status of patients who underwent rapid antigen testing or

where the testing method was unspecified at NHTD. Utilizing the neural network

model, which demonstrated superior performance, and evaluating solely on the subset

of NHTD patients with confirmed PCR testing, we attained AUROC scores of 0.492

(±0.056) for the NHTD set. Generally, we observed comparable results, indicated

by overlapping confidence intervals, when compared to datasets incorporating

alternative testing methods.

6.2.3 Discussion

Using ready-made HIC models (UK models) in LMIC settings (Vietnam hospitals)

without customization resulted in the lower predictive performance and the high

variability in AUROC and sensitivity/specificity. This finding aligns with prior

research indicating that model performance deteriorates when models trained in one

context are then used in a different context, such as the shift from HIC to LMIC

settings [239, 243]. Thus, these outcomes were anticipated, as diverse hospital

settings can significantly differ in terms of unobserved factors, protocols, and

cohort distributions, posing challenges to model generalization. Despite potential

similarities in human pathophysiology for specific outcomes, neural networks heavily

rely on the specific datasets and patient cohorts used during training [44]. Therefore,

considering the unique attributes of each setting is crucial for achieving optimal
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model performance. In particular, the datasets analyzed in this study exhibited

variations in patient demographics, genotypic/phenotypic characteristics, and other

determinants of health, such as environmental, social, and cultural factors. For

example, the HTD and NHTD datasets were primarily composed of Southeast Asian

(Vietnamese) patients, as opposed to the UK datasets, which had a majority of

patients from a white demographic, and this may have influenced the models

generalization capabilities.

Regarding data quality, we also detected the presence of outliers within the

Vietnam datasets, such as the minimum recorded haemoglobin value of 11 g/L.

This particular value would typically be considered highly improbable [265, 266].

The existence of such outliers could be attributed to a unit conversion error, where

values were erroneously shifted by a factor of 10 (some locations utilize g/dL instead

of g/L), or they may be the result of data entry errors. Since we aimed to work

with real data, our model incorporates such instances of incorrect data entry and

outliers. In the case of extreme values for white blood cell count, there were some

extreme values found in patients with lymphoma in the HTD and NHTD datasets.

In certain scenarios, outliers like these may contain unique information that can

enhance a model’s ability to generalize effectively, rendering the models more robust

and less susceptible to noise. The decision of whether to retain extreme values

in a dataset or not depends on the context and the problem under consideration.

Extreme values can indeed offer valuable information, but it is important to handle

them appropriately to prevent any adverse impact on model performance [269, 270].

Therefore, for future studies, it may be worthwhile to explore additional filtering

and preprocessing steps to address these anomalies and enhance the dataset’s

quality before model development and testing.

It is essential to consider that HTD and NHTD are specialized hospitals for

infectious diseases. They specifically designated as "COVID-19" hospitals during

the pandemic, primarily receiving referrals for severe cases of COVID-19. While

both the UK and Vietnam datasets included the first recorded blood tests and

observations, it is important to acknowledge that in LMICs, there might be some
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delay in recording these features after the initial presentation. Moreover, COVID-19

negative cases in these facilities typically involved other infectious diseases, and

critical cases, including patients with various comorbidities, were treated at these

hospitals. Given that the Vietnamese cohorts primarily consisted of severely ill

patients, this might account for the more noticeable fluctuations in blood test

results. Due to these differences, models may encounter challenges in accurately

differentiating COVID-19 for patients at HTD and NHTD based on vital signs and

blood test features, as other diseases (including infectious diseases) might also be

present. Furthermore, in the case of UK hospitals, there was a broader spectrum of

COVID-19 case severity. The UK datasets encompassed all individuals coming to

the hospital, with only a small subset of patients progressing to ICUs. Consequently,

diagnosing COVID-19 using AI is a significantly more challenging task at HTD

and NHTD because we must distinguish the specific reason for ICU admission,

particularly in cases of infectious diseases. For instance, distinguishing COVID-19

from bacterial pneumonia (which is frequently encountered at HTD and NHTD) is

more challenging than distinguishing it from injuries such as a fractured leg.

This difficulty may also account for the lower level of specificity observed in

the HTD and NHTD datasets compared to the UK sites. Thus, even if AUROC

metrics are high at external hospitals sites, it may be necessary to tailor the

classification threshold (i.e., the criterion for categorizing COVID-19 status as

positive or negative) for each site independently, to maintain the desired levels

of sensitivity and specificity [44].

While we analyzed patient cohorts admitted to ICUs at HTD and NHTD, the

datasets and features we used were those readily available and documented upon

hospital admission. These models can provide swift insights and facilitate efficient

and precise triage during a patient’s initial presentation at the hospital. It is

important to note that in many cases, such as those observed in Vietnam, by the

time patients are transferred from the hospital to the ICU, the diagnosis is typically

already established. Therefore, even though similar features are recorded upon ICU

admission, in these scenarios, the relevance of a machine learning-based classification
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algorithm may appear redundant, and the benefits of diagnosing at ICU admission

may be limited. Ultimately, the decision to employ machine learning algorithms

should consider various factors, including the clinical context, the patient’s condition,

and the urgency of the situation. Additionally, similar approaches could be applied

to other diseases or integrated into local hospital protocols, including guidelines

for patient transfer, among other considerations.

It is also important to acknowledge that prediction models can never be fully

validated due to inherent variability in their performance across different locations,

settings, and time periods [271, 272]. A single external validation study conducted

in a specific geographical area, during a particular time frame, and within a

distinct patient population offers only a limited view and cannot assert universal

applicability. In this study, our investigation spanned a significant time period,

from December 1, 2019, to December 30, 2022. During this extended duration

and particularly during peak pandemic periods, such as the COVID-19 outbreak,

the relationship between patient and disease factors with clinical events, including

hospital-acquired infections, may undergo changes [272]. Additionally, over time,

there may be variations in practice patterns such as hardware and software updates

and changes in protocols, which can impact data capture and outcomes. Although

this retrospective study offered valuable insights into historical data, future research

should ideally focus on prospective analysis. Models should be updated regularly

to maintain their relevance. This approach enables a more dynamic assessment

of model performance and provides timely feedback for refining and improving

predictive models. Therefore, future validation efforts should aim to quantify and

comprehend the heterogeneity in model performance, rather than solely focusing

on point estimates [271]. This broader understanding of performance variability

is crucial for refining and improving the models over time. For instance, in LMIC

settings, real-time data preprocessing and curation can be achieved through cost-

effective and accessible strategies. In the study highlighted here, an offline, in-house

version of the algorithm can be used, where a doctor manually enters feature

values in real-time (feasible with only 14 features). These values can then be



6. Mitigating Machine Learning Bias Across Low-Middle- & High-Income
Countries 129

automatically processed through a script that imputes missing features and performs

standardization, ultimately outputting a diagnosis for further triaging. Additionally,

emphasizing the use of open-source tools and scalable, cost-effective infrastructure

ensures applicability in resource-constrained settings.

Finally, the adoption of AI in LMICs encounters significant infrastructural and

capacity-building challenges [238, 240, 241, 273]. These challenges encompass power

outages, unreliable internet connectivity, cybersecurity concerns, inadequate digital

infrastructure (such as data and storage), and a shortage of skilled AI professionals.

As a result, prioritizing AI solutions may divert resources from more urgent

foundational needs. These issues also impact the broader concern of AI governance,

which remains a challenge even in HICs [274], and is likely even more challenging

in LMICs. Therefore, while AI holds promise, its adoption in LMICs necessitates a

careful, context-sensitive approach to address these underlying challenges.

6.3 AI Bias Mitigation Across Low-Middle- and
High-Income Hospitals

The preceding section underscored the challenge of generalizability when attempting

to directly implement a HIC model in a LMIC context. Consequently, this section

delves into a collaborative training initiative that uses datasets from both UK and

Vietnamese hospitals during the training process. In this endeavor, we exclusively

utilize data from HTD, as the NHTD dataset exhibits a higher prevalence of

missing features. This strategic decision enables us to develop more robust models,

effectively showcasing the impacts of bias mitigation techniques. Furthermore, the

contrast between data sourced from four hospitals in the UK and only one in Vietnam

underscores the common resource disparity between HICs and LMICs. This inequity

sheds light on potential biases inherent in the development and training of models,

which could compromise the efficacy of these models in diverse settings, particularly

those marked by significant socioeconomic disparities [239, 240, 242, 243]. It is

imperative to address and mitigate these biases in data-driven technologies to prevent

further reinforcing or exacerbating existing healthcare and societal inequalities.
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Building on the work of previous chapters that examined the creation of fair

machine learning systems in relation to various UK hospital sites, this part of the

thesis extends the examination to include an assessment of the effectiveness of

machine learning debiasing techniques across hospitals operating under differing

socioeconomic conditions.

In line with insights from Chapters 4 and 5, our focus will be on reinforcement

learning-based debiasing and adversarial debiasing, as these were the best and

second best performing models in terms of fairness. As before, we employ the

statistical definition of Equalized Odds. Using the same COVID-19 case study, our

aim is to mitigate any site-specific biases and assess the effectiveness—considering

both classification performance and fairness—of bias mitigation models trained

collaboratively across both HIC and LMIC hospital settings.

6.3.1 Methods
Datasets

We use the same data cohorts as those mentioned previously in Chapter 6.2.1,

except we do not include the NHTD dataset.

Thus, we use the pre-pandemic and "wave one" cohort as the training and

continous validation set, with an 80% to 20% random split, respectively. The "wave

two" dataset, comprising both negative and positive COVID-19 cases confirmed

through PCR testing, was designated as the held-out test set.

Since UHB, PUH, BH, and HTD each provided a single extract, we divided

each into training, continuous validation, and test sets through a random split

(allocated at 60%, 20%, and 20%, respectively). This division was stratified

based on the COVID-19 status.

Finally, we merged data from all sites, yielding final training (Dtrain), continuous

validation (Dval), and held-out test (Dtest) sets comprising 42,385, 33,371, and 33,095

presentations, respectively (including 2,912, 944, and 2,805 COVID-19 positive

cases, respectively). A summary of each dataset is provided in Table 6.5.
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Table 6.5: Aggregate of patients, positive COVID-19 instances, and distribution across
hospitals in the training, continuous validation, and test sets.

Training (Dtrain) Continuous Validation (Dval) Test (Dtest)
Total Patients 42,385 33,371 33,095

COVID-19 positive (%) 2,912 (6.9%) 944 (2.8%) 2,805 (8.5%)
OUH (%) 11,676 (27.5%) 23,132 (69.3%) 22,857 (69.1%)
UHB (%) 6,175 (14.6%) 2,059 (6.2%) 2,059 (6.2%)
PUH (%) 22,737 (53.6%) 7,580 (22.7%) 7,579 (22.9%)

BH (%) 705 (1.7%) 236 (0.7%) 236 (0.7%)
HTD (%) 1,092 (2.6%) 364 (1.1%) 364 (1.1%)

Clinical Features

As previously seen, in order to integrate data from both the UK and HTD, we

had to match the features available in the UK hospitals with those present in the

HTD database. Additionally, any features with missing values exceeding 30% were

excluded. Table 6.6 summarizes the final features included. Note that this task

has more features than the generalizability experiments previously mentioned in

Chapter 6.2, as those features were limited by the ones available at NHTD.

Table 6.6: Clinical predictors considered for COVID-19 diagnosis.

Category Matched UK and Vietnam
Vital Signs Heart rate, respiratory rate, systolic blood

pressure, diastolic blood pressure, tempera-
ture

Blood Test Haemoglobin, haematocrit, white cell count,
platelets, mean cell volume, neutrophil
count, lymphocyte count, monocyte count,
eosinophil count, basophil count

Liver Function Tests Alanine aminotransferase
Electrolytes Sodium, potassium, creatinine

Data Pre-processing

Once we confirmed consistency in the units applied to identical features, we

proceeded with implementing the identical pre-processing procedures outlined

in Section 3.2.4. Consequently, all features were standardized to attain a mean

of 0 and a standard deviation of 1. Additionally, we used the population median

to imputate any missing values.
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Evaluation Metrics

We adopt the same evaluation metrics outlined in Section 4.2.5, reporting on

sensitivity, specificity, PPV, NPV, and AUROC with 95% CIs derived from

1000 bootstrapped samples from the test set. Significance tests, marked by p-

values, assess model performance differences over 1000 bootstrapped comparisons,

using a significance threshold of 0.05. These analyses are performed on final test

sets. For fairness evaluation, we measure Equalized Odds variance as specified

in Equations 4.16 and 4.17.

Hyperparameter Optimization

As in Chapter 4.2.6, we employ a grid search coupled with standard five-fold cross-

validation on the training set to determine the optimal hyperparameters for all

conventional supervised learning and reinforcement learning methods used.

Grid search was applied to all neural network models to ascertain the best

configurations, encompassing factors like the number of hidden layers, nodes

per layer, and learning rate. Specifically concerning adversarial debiasing, this

exploration was carried out independently for both the predictor and adversary

networks, as well as for the α hyperparameter. In the case of XGBoost, we explored

a range of parameters such as learning rate, depth, and the number of trees. For

reinforcement learning methods, optimization efforts were focused on parameters

including the Q-network’s layer count, nodes per layer, and learning rate.

Detailed information regarding the software, implementation, and final hyper-

parameter values selected for each model can be located in Appendix D.

Threshold Optimization

In alignment with the the process detailed in Chapter 4.2.7, we conduct threshold

optimization, employing binary classification (COVID-19 positive or negative).

As before, the objective is to identify a suitable threshold, optimized to attain

sensitivities of 0.9, ensuring clinically acceptable performance levels in detecting

positive COVID-19 cases.
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Experimental Outline

Consistent with previous chapters, for each task, we use the training set to select

hyperparameters and train the models, whilst the continuous validation set is used

for ongoing validation and threshold adjustment (optimizing for a sensitivity of

0.9). After successful training and validation, the held-out test set is used to

assess the performance of the final models.

As before, to establish a benchmark for comparing our neural network-based

models, we start by training an XGBoost model utilizing the complete set of

features outlined in Table 6.6. This model will additionally be used to assess the

significance of variables for the classification task.

Following this, we proceed to train a neural network baseline using the entire

feature set, facilitating comparison to various bias mitigation methods.

Concerning bias, our initial approach involves investigating potential bias sources

across various hospital sites. As detailed in Chapter 3, we begin by utilizing

t-Stochastic Neighbor Embedding (t-SNE) at the sample level to generate low-

dimensional visualizations encompassing all positive COVID-19 cases collected from

the four NHS sites and HTD. At a feature level, we then employ the Kolmogorov-

Smirnov test to assess covariate shift. By identifying features exhibiting the most

significant distribution shift between the UK sites and HTD, we subsequently remove

these features and train models using a reduced feature set. This methodology

effectively mitigates the impact of covariate shift in the training data.

For comparison, we then proceed to train new models using the complete

feature set, incorporating bias mitigation techniques, namely adversarial debiasing

(Chapter 4) and RL-based debiasing (Chapter 5).

This thorough comparison enables us to assess the models and techniques that

contribute to enhancing classification fairness, thereby reducing undesired bias, in

collaborative training across various hospital sites.
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Figure 6.1: Visualization via t-SNE representation of datasets used in the study, including
all positive COVID-19 cases across four NHS trusts and one Vietnamese hospital (OUH,
PUH, UHB, BH, HTD).

6.3.2 Results

Starting with the t-SNE plot, in Figure 6.1, the presence of an isolated light blue

cluster corresponding exclusively to a subset of presentations from one NHS site

(OUH) suggests that the data from OUH has distinct features or characteristics

that separates it from data collected at other sites. This is similar to results

found in Chapter 3, when just comparing across the four NHS sites. Moreover, it

underscores the importance of accommodating site-specific biases during model

development, as these biases can be pronounced between hospitals from very

different socioeconomic contexts.

During the data extraction period, COVID-19 prevalences at all four UK sites

varied from 4.27% to 12.2%. The BH cohort exhibited the highest COVID-19

prevalence, attributed to the assessment timeframe covering the second wave of

the UK pandemic from January 1, 2021, to March 31, 2021 (12.2% compared to

5.29% in PUH and 4.27% in UHB). As anticipated, the prevalence at HTD was
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Table 6.7: Equalized Odds evaluation for hospital bias and COVID-19 status prediction
test results across different models, optimized to sensitivities of 0.9. Classification metrics
are reported alongside 95% confidence intervals based on 1,000 bootstrapped samples.
Bolded values denoting the best (underlined) and second best Equalized Odds scores.
Classification metrics are reported alongside 95% CIs, with bolded values denoting the
best scores achieved on the test set. *RR: Respiratory Rate, T: Temperature.

Model MEO(T P ) MEO(F P ) Sensitivity Specificity PPV NPV AUROC
XGBoost (All features) 0.086 0.264 0.801(± 0.012) 0.788(± 0.004) 0.259(± 0.005) 0.977(± 0.002) 0.876(± 0.006)

Neural Net. (All features) 0.075 0.246 0.811(± 0.012) 0.761(± 0.004) 0.239(± 0.005) 0.978(± 0.002) 0.866(± 0.007)
Neural Net. (Remove RR) 0.052 0.196 0.819(± 0.012) 0.674(± 0.004) 0.189(± 0.003) 0.976(± 0.002) 0.839(± 0.007)

Neural Net. (Remove T) 0.070 0.226 0.827(± 0.012) 0.732(± 0.005) 0.222(± 0.004) 0.979(± 0.002) 0.863(± 0.007)
Neural Net. (Remove RR and T) 0.053 0.186 0.835(± 0.012) 0.634(± 0.005) 0.174(± 0.003) 0.977(± 0.002) 0.837(± 0.008)

RL (debiasing) (All features) 0.056 0.204 0.829(± 0.015) 0.716(± 0.004) 0.213(± 0.003) 0.978(± 0.002) 0.858(± 0.007)
Adversarial (All features) 0.074 0.227 0.784(± 0.012) 0.773(± 0.004) 0.242(± 0.005) 0.975(± 0.002) 0.852(± 0.007)

notably higher (74.7%), given its exclusive focus as an infectious disease hospital,

managing the most severe cases of COVID-19.

Among all cohorts from the UK and Vietnam, every matched feature exhibited a

statistically significant difference in population median (Kruskal-Wallis, p < 0.0001).

Comprehensive summary statistics, including medians and interquartile ranges, for

vital signs and blood tests across all datasets are provided in Appendix D.

Previous chapters have demonstrated how XGBoost exhibited strong classifica-

tion performance, serving as a reliable benchmark for assessing neural network-based

models. When utilizing all features during training, the XGBoost model attained

an AUROC of 0.876 (95% CI ±0.006) and a sensitivity of 0.801 (±0.012). These

results align closely with findings from the work in previous chapters that used

similar features and patient cohorts, reporting AUROC performances ranging

from 0.855 to 0.901.

Regarding fairness, when assessed on the test set, the XGBoost model attained

Equalized Odds values (represented as standard deviations) of 0.086 and 0.264 for

true positive and false positive rates, respectively (Table 6.7).

To evaluate the significance of variables in the classification process, we conducted

feature ranking for the XGBoost model by examining the importance scores assigned

to each feature during the training phase. Figure 6.2 depicts the relative importance

of the features used in the training. Notably, respiratory rate emerged as the

most crucial variable, followed by granulocyte counts (specifically basophils and

eosinophils) and temperature. This observation aligns with the feature rankings
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identified in [133, 144] using SHAP, where both granulocyte counts and respiratory

rate were found to be influential features in the classification of COVID-19 (as

seen in Figure A.1 in Appendix A).

Figure 6.2: Feature ranking based on feature importance scores, obtained from the
trained XGBoost model.

As in previous chapters, we then trained a conventional, fully-connected neural

network utilizing the complete feature set as a reference point. This serves as a

baseline for assessing the comparative impacts of different bias mitigation techniques.

The neural network model demonstrated an AUROC of 0.866 (95% CI ±0.006) and

a sensitivity of 0.811 (±0.012) on the test set. This performance is within 1% of the

XGBoost model, indicating the effectiveness of our initial training in establishing

a robust neural network model. When comparing the neural network model to

XGBoost, the difference in performance was found to be statisically significant

(p < 0.0001 based on 1,000 bootstrapped iterations).

Regarding fairness, the baseline neural network model achieved Equalized Odds

values of 0.075 and 0.246 for the TP and FP rates, respectively. These values,

slightly lower than those obtained with XGBoost, suggest an enhancement in

fairness compared to the XGBoost model.

To investigate potential sources of bias among hospital sites, we analyzed

covariate shift using the Kolmogorov-Smirnov (KS) test for two-sample hypothesis
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testing. Using each of the UK datasets as the reference, we compared the input

features between each UK site and the HTD dataset. Our examination revealed

respiratory rate and temperature as features displaying the most notable distribution

shifts. Here, the KS statistics ranged from 0.636 to 0.804, with p < 0.0001 across all

UK and HTD pairs (these p-values remained significant after Bonferroni Correction).

In contrast, all other features showed KS statistics below 0.5 across all UK and

HTD pairs. Notably, when scrutinizing feature distribution differences among solely

the UK sites, the KS statistic remained below 0.5 across all features for all UK

hospital pairs. This suggests a more pronounced bias between the UK sites and

HTD, compared to biases exclusively between the UK sites.

Therefore, in addition to developing a comprehensive model incorporating all

features, we proceeded to train separate models (without employing any inherent

bias mitigation techniques) on feature subsets. These subsets excluded respiratory

rate, excluded temperature, and excluded both features. By adopting this approach,

we can evaluate the performance of models trained on feature sets with reduced

covariate shift (achieved by excluding the features exhibiting the greatest shift),

as compared to models that retain these features but implement bias mitigation

techniques aimed at addressing shifts between different centers.

Training the same neural network with all features except respiratory rate

resulted in a decreased AUROC of 0.839 (95% CI: ±0.007) when compared to the

baseline). While sensitivity remained comparable at 0.819 (±0.012), there was a

reduction in specificity from 0.761 (±0.004) to 0.674 (±0.004) compared to the

baseline neural network. In contrast, excluding temperature during training led to

a much smaller decline in performance, with the model achieving an AUROC of

0.863 (±0.007) (p = 0.053 when compared to the baseline using 1,000 bootstrapped

iterations). In this scenario, there was a slight increase in sensitivity to 0.827

(±0.012), but at the cost of a decrease in specificity to 0.732 (±0.005).

Omitting both respiratory rate and temperature from training resulted in the

model achieving an AUROC of 0.837 (±0.008), comparable to the situation where

only respiratory rate was excluded. In this instance, sensitivity improved to 0.835
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(±0.012). Once again, this heightened sensitivity came at the cost of a reduction in

specificity to 0.634 (±0.005). Although the deviation in AUROC from the standard

model was statistically significant (p < 0.0001), it was found to be statistically

similar to the model trained on all features except respiratory rate (p = 0.168).

Regarding fairness, models trained with the exclusion of respiratory rate and

without both respiratory rate and temperature demonstrated a distinct enhancement,

as evidenced by decreased Equalized Odds for TP and FP rates, ranging between

0.052-0.053 and 0.186-0.196, respectively. When only temperature was excluded

from the training set, there was still an improvement in TP and FP Equalized

Odds, albeit to a lesser extent than when respiratory rate was excluded, achieving

values of 0.070 and 0.226, respectively.

Despite the apparent improvement in fairness achieved by removing features

exhibiting the most bias (in terms of data drift), there was a notable decline

in classification performance. As both respiratory rate and temperature were

identified as important features during training (according to the XGBoost rankings

in Figure 6.2), we proceeded to train two state-of-the-art bias mitigation models

- a reinforcement learning debiasing model and an adversarial debiasing model.

These models enable us to leverage all features while mitigating site-specific biases

during the training process.

Both RL and adversarial debiasing techniques achieved AUROCs similar to

the baseline neural network, with values of 0.858 (±0.007) and 0.852 (±0.007),

respectively. Although slightly lower than the baseline neural network’s performance

(p = 0.001 for RL and p < 0.0001 for adversarial models), it outperformed all NNs

trained on reduced feature sets, except for the neural network trained without

temperature. When comparing RL and adversarial debiasing models to those

trained on reduced feature sets, the differences in performance were found to be

statistically significant (0 < p < 0.021).

The RL debiasing model exhibited a notable improvement in fairness, with

TP and FP Equalized Odds decreasing to 0.056 and 0.204, respectively. These

values are comparable to the Equalized Odds observed in models trained with the
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Table 6.8: COVID-19 status prediction test results on the HTD subset, across different
models. Model performance is optimized to sensitivities of 0.9, and PPV and NPV are
reported using true prevalences. Metrics are reported alongside 95% confidence intervals
based on 1,000 bootstrapped samples. Bolded values represent the best (underlined) and
second best scores. *RR: Respiratory Rate, T: Temperature.

Model Sensitivity Specificity PPV NPV AUROC
XGBoost (All features) 0.989(±0.011) 0.159(±0.067) 0.787(±0.013) 0.824(±0.164) 0.836(±0.040)

Neural Net. (All features) 0.971(±0.018) 0.170(±0.070) 0.786(±0.015) 0.652(±0.171) 0.723(±0.051)
Neural Net. (Remove RR) 0.931(±0.027) 0.205(±0.075) 0.786(±0.017) 0.486(±0.131) 0.694(±0.054)

Neural Net. (Remove T) 0.957(±0.021) 0.216(±0.072) 0.793(±0.016) 0.613(±0.145) 0.768(±0.047)
Neural Net. (Remove RR and T) 0.917(±0.029) 0.216(±0.074) 0.786(±0.016) 0.452(±0.119) 0.677(±0.055)

RL (All features) 0.942(±0.025) 0.239(±0.074) 0.795(±0.017) 0.568(±0.129) 0.781(±0.047)
Adversarial (All features) 0.938(±0.028) 0.227(±0.080) 0.792(±0.015) 0.541(±0.029) 0.757(±0.046)

exclusion of respiratory rate and without both respiratory rate and temperature,

although slightly higher. Importantly, this represents a significant enhancement

in fairness compared to the baseline neural network. Conversely, the adversarial

debiasing model only marginally improved upon the baseline, achieving Equalized

Odds of 0.074 and 0.227 for TP and FP standard deviations, respectively.

Full numerical results including AUROC, sensitivity, specificity, PPV, NPV,

and Equalized Odds metrics can be found in Table 6.7.

When analyzing the subset of test data from HTD, the XGBoost model

demonstrated the highest AUROC among all models, achieving a score of 0.836

(95% CI ±0.040). This figure is slightly lower when compared to the AUROCs

achieved across each UK site, ranging from 0.859 to 0.909. In contrast, the standard

neural network (trained using all features) attained a lower AUROC at HTD than

XGBoost, with a score of 0.723 (±0.051) (p < 0.0001 when comparing the difference

in performance between XGBoost and the baseline neural network). This is notably

lower than the AUROCs attained on the UK datasets, which ranged from 0.853 to

0.901. Despite XGBoost’s robust performance at HTD compared to the baseline

neural network, performance across the UK sites was similar for both models.

Models trained with the exclusion of respiratory rate and without both res-

piratory rate and temperature exhibited lower AUROC performance at HTD,

suggesting a potential decrease in model generalizability and, consequently, increased

algorithmic bias between different hospital sites. In this context, the AUROC at

HTD was 0.677 (±0.055) and 0.694 (±0.054) for each model, respectively (p < 0.0001
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and p = 0.032 when comparing the difference in performance to the baseline neural

network, respectively). This contrasts with significantly higher AUROCs ranging

from 0.826-0.885 and 0.812-0.881 on the UK datasets, respectively. Models trained

without temperature improved in terms of performance on the HTD dataset, relative

to the baseline, improving to 0.723 (±0.051) (p = 0.008). And, similar to the baseline,

AUROCs on the UK datasets ranged from 0.845 to 0.911. Again, despite varying

scores at HTD compared to the XGBoost and baseline neural network models,

performances across the UK sites remained similar across all models.

The RL debiasing model attained the second-highest AUROC on the HTD

dataset, achieving a score of 0.781 (±0.047). This was found to be statistically

significant with p < 0.0001 when comparing the difference in performance to the

baseline neural network and the models trained on reduced feature sets. Once

again, this figure is lower than the AUROCs achieved at the UK sites, which ranged

from 0.842 to 0.888. Adversarial debiasing similarly reached a high AUROC score

of 0.757 (±0.046) on the HTD dataset (p = 0.072 when comparing the difference

in performance to the baseline neural network, and p = 0.002 and 0.004 when

compared to the models trained on reduced feature sets), in contrast to AUROCs

ranging from 0.830 to 0.849 on the UK datasets. When using algorithm-level bias

mitigation methods, generalizability across the UK sites and HTD seems to improve

compared to models trained using reduced feature sets. As observed previously,

while there were varying performances at HTD, performances achieved across the

UK sites remained similar across all models.

Full numerical results for HTD including AUROC, sensitivity, specificity, PPV,

and NPV can be found in Table 6.8.

6.3.3 Discussion

In general, we observed that models incorporating some form of bias mitigation,

whether through the removal of biased features or through the inclusion of bias

mitigation training methods, exhibited greater fairness (with respect to Equalized

Odds) compared to those without such considerations. It is important to note that
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this reduction in bias came at a modest cost to performance, as both the removal

of features from the training set and the implementation of bias mitigation at the

training-level resulted in a decline in performance. The act of excluding features

from training removes potentially valuable information that the model could learn

from, emphasizing the need to strike a balance when constructing models with the

dual objectives of mitigating undesirable biases and training a robust classifier.

We observed that excluding respiratory rate from model training resulted in a

more pronounced decrease in AUROC (compared to the baseline model trained on

all features) than a model trained without temperature. This aligns with respiratory

rate being identified as the most influential feature, relative to all other features, in

determining the presence of COVID-19, as illustrated in Figure 6.2. Therefore, it

is to be expected that omitting this feature from model development would have

the greatest impact on test performance. This is reinforced by the similarity in

performance between the model trained without respiratory rate and the model

trained without both respiratory rate and temperature, with further removal of

temperature showing no significant impact.

Similarly, as respiratory rate emerged as one of the most biased features

(exhibiting greatest data drift) between the UK hospital sites and HTD in Vietnam,

excluding this feature from training resulted in improved fairness, as evidenced by

noticeable enhancements in both TP and FP Equalized Odds. In contrast, removing

temperature from training led to only a slight improvement in fairness. Despite

temperature being identified as highly biased across different sites, its influence on

classification performance was comparatively lower than that of respiratory rate.

Consequently, its presence or absence had a lesser impact on Equalized Odds.

Generally, discovering respiratory rate and temperature as the most biased

features between the UK hospitals and HTD is not unexpected. Given that HTD

is a specialized hospital receiving referrals from other medical facilities, its high

workload is an important factor to consider. Consequently, the meticulous measuring

of respiratory rate may not have been consistently performed unless a patient

appeared unwell. In busy LMIC wards, reduced staffing may also contribute to less
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precise counting. Similarly, the disparity in temperature readings may be attributed

to monitoring differences, as HTD utilizes auxillary non-digital thermometers,

resulting in less detailed output. Nonetheless, temperature measurements can exhibit

significant variability in any case, thus using a single temperature measurement

may be an unreliable indicator [275]. Subsequent experiments may explore the

option of excluding temperature as a variable if it proves to be inconsistent, exhibits

substantial data shift across different sites, or is determined to have limited impact

on the classification.

Regarding algorithmic-level bias mitigation methods, the decrease in perfor-

mance, as measured by AUROC, was notably less compared to the direct removal

of biased features; however, there was still a slight performance decrease. Similar

findings have been reported in prior studies exploring bias mitigation methods, where

improvements in fairness were achieved at the expense of a marginal reduction

in performance [81, 86, 94, 276].

The RL debiasing method significantly enhanced Equalized Odds, achieving a

level comparable to models trained on reduced feature sets, while maintaining robust

classification performance (similar to standard models trained on all features). In

contrast, although adversarial debiasing also upheld strong classification perfor-

mance, its impact on Equalized Odds improvement was comparatively modest. This

difference may be attributed to the standard supervised learning setting employed in

adversarial debiasing, where cross-entropy loss provides a learning signal irrespective

of the presented data, which affects error aggregation and can skew a model (further

details of which were highlighted in Chapter 5). Thus, in our case, the RL approach

was found to have more success in mitigating the risk of biasing the model towards

the UK sites (i.e. the location with the most data points in training). Nevertheless,

since there is no universal solution applicable to all datasets and machine learning

scenarios, both options (among others) should be considered for different tasks.

We found that generalizability, measured by AUROC, was optimal when using

the XGBoost and baseline neural network models. However, corresponding fairness

metrics were found to be the poorest amongst all models. It is crucial to highlight
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that the Equalized Odds metrics used in the evaluation are based on TP and FP

rates, determined after thresholding. Consequently, despite a high AUROC, the

model exhibited bias towards the distributions in the UK datasets, resulting in the

classification threshold performing suboptimally on the HTD dataset.

Moreover, the removal of features with the most distribution drift also led

to a significant decrease in generalizability. This could be attributed to the fact

that these features were identified as highly influential in accurately classifying

COVID-19. Therefore, their removal made it more challenging to correctly classify

patients, especially those from an independent hospital site or distribution.

On the other hand, with the application of bias mitigation techniques, gener-

alizability increased, as evidenced by the improved AUROC on the HTD dataset

compared to both the baseline neural network and neural network models trained

on a reduced number of features. However, the neural network trained on all

features except temperature slightly outperformed the adversarial debiasing model,

which again, may relate to the trade-off between fairness and accuracy [81, 276].

Although the performance of these models did not match those of XGBoost,

fairness, as measured by Equalized Odds, significantly improved. The focus of

bias mitigation methods on reducing bias between different hospital sites likely

contributed to increased classification accuracy at HTD, making the algorithm

less biased toward the UK sites.

Although achieving widespread generalizability is desirable for scalability, cost-

effectiveness, and relevance to diverse cohorts and environments, it is often unattain-

able. This limitation became evident when comparing performance on the HTD

dataset with that on the UK datasets. When conducting subset analysis for

each site independently, we noted that AUROCs across all UK datasets were

consistently within a similar range across all tested models. However, there was

significant variability in performance on the HTD dataset. Despite improvements

in performance at HTD through the application of bias mitigation techniques, the

AUROC remained significantly lower than the scores achieved on the UK hospital

datasets. This is likely due to the fact that the HTD dataset represents the sole
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LMIC hospital, whereas the UK datasets are all part of the NHS, sharing more

similarities with each other. Factors contributing to this divergence between settings

may include concept drift in disease patterns (such as alterations in presentation,

prevalence, and characteristics), population variability (such as patients at one

center may not represent those in another location), evolving medical practices (such

as changes in diagnostic, treatment, and management methods), and data drift (such

as changes in patient behaviors, trends, or data collection methods) [238, 240–242].

Moreover, the majority of the data originates from the UK sites. Consequently,

despite efforts to mitigate bias, the model remains more attuned to the characteristics

of the UK datasets, resulting in better performance on these specific subsets.



7
Additional Case Studies

7.1 Introduction

7.1.1 Overview

In this chapter, we delve deeper into bias mitigation techniques in machine learning

by introducing additional clinical case studies and use cases. Building upon the

knowledge established in preceding chapters, we explore additional real-world

scenarios where biases pose significant challenges, further emphasizing the critical

need for effective mitigation strategies.

It is essential to test the proposed methods across diverse applications to

assess their effectiveness and generalizability thoroughly. By exploring various

applications, our aim is to provide a comprehensive evaluation of the performance

of these methods. This approach enables us to showcase how these methods can

be applied and refined to effectively address diverse challenges.

While our previous discussions primarily focused on mitigating biases originating

from different hospital sites, our attention now shifts towards combating another

potential source of bias, specifically patient ethnicity. This is particularly relevant

in scenarios where datasets exhibit unequal representation across ethnic groups. As

machine learning models are increasingly deployed across various domains, ensuring

fairness and equity becomes crucial, especially in contexts where demographic

145
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factors like ethnicity can significantly impact outcomes. Therefore, in addition to

the previously discussed COVID-19 screening task, we also examine a new task

and dataset related to predicting patient discharge status.

7.1.2 Ethnicity Bias in Healthcare

As previously highlighted, implicit bias, including those based on ethnicity, represents

a significant source of bias within healthcare. These biases are unconscious,

however, they can arise due to a variety of interconnected factors, including

socioeconomic factors, cultural beliefs, and access to healthcare services, all of

which can lead to disparities in healthcare utilization and outcomes. For example,

ethnic minorities may experience barriers to accessing quality healthcare, leading to

differences in disease detection, treatment initiation, and health outcomes compared

to majority populations.

The landmark report Unequal Treatment highlighted significant inequities in

healthcare, drawing attention to the racial and ethnic disparities in the occurrence,

management, and complications associated with conditions like hypertension,

heart disease, and diabetes [277]. It revealed that these disparities persist even

when factors such as insurance coverage, income, age, and condition severity are

similar across different racial and ethnic groups. The sources of these disparities

are multifaceted, involving various stakeholders within the healthcare system,

including the institutions themselves, healthcare providers, plan managers, and

the patients [277, 278].

One of the critical findings of the report was that biases, stereotypes, preju-

dice, and clinical uncertainties harbored by healthcare providers might contribute

significantly to these disparities. Further research also supports the claim that

healthcare providers’ perceptions of their patients can vary significantly based on the

race or ethnicity of those patients, providing evidence of bias within the healthcare

system. For instance, one notable study highlighted how cardiologists’ perceptions of

black patients differed markedly from their perceptions of white patients[279]. The

study revealed that cardiologists generally viewed black patients as less intelligent,
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less likeable, less friendly, and more likely to engage in risky behaviors and non-

compliance with medical advice compared to white patients. Such perceptions

can adversely affect the quality of care provided, including the thoroughness of

examinations, the recommendations made by healthcare professionals, and the level

of communication and trust established between patients and providers.

It has also been observed that racial and ethnic minority patients in the USA

were more prone to decline treatments compared to their white peers [277]. This

phenomenon can be attributed to a range of factors, such as previous encounters

with discrimination, a general distrust towards the healthcare system, and cultural

variances in how health is perceived and managed. Supporting this observation,

another study revealed that the sense of discrimination felt by patients during

medical interactions points to a potential bias on the part of healthcare providers

[280]. They found that relative to white patients, individuals from minority groups

are more inclined to think that their treatment, and the respect they receive from

medical personnel, would improve if they were of a different racial group.

On a similar note, healthcare providers may also unknowingly exhibit biases

in diagnostic processes or treatment decisions based on a patient’s ethnicity.

This can result in differential treatment recommendations, potentially leading

to underdiagnosis, misdiagnosis, or inadequate treatment for certain ethnic groups.

For example, as previously mentioned, one study found that black patients in the

emergency room received pain medication at a 40% lower rate compared to white

patients [66]. Such biases can further exacerbate disparities in health outcomes and

contribute to the unequal representation of ethnicities in clinical datasets.

Despite ongoing efforts to mitigate these disparities, racial and ethnic mi-

nority groups, including Black, Hispanic, Asian, Pacific Islander, and American

Indian/Alaska Native populations, continue to experience inferior healthcare services

and outcomes. The Agency for Healthcare Research and Quality, in its annual

disparities report, has consistently documented that these disparities are widespread

within the United States [281]. Up to 2013, it was reported that Blacks, Hispanics,

and American Indians/Alaska Natives received lower-quality care for 40% of the
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assessed quality measures, while Asians received worse care for 20% of the measures.

These findings underscore the persistent challenge of achieving equity in healthcare,

highlighting the need for targeted interventions to address the root causes of racial

and ethnic disparities in health care and outcomes.

With respect to machine learning, these implicit ethnicity biases pose a complex

challenge. Since data can reflect these biases, models may inadvertently learn and

reinforce these biases. For example, if certain ethnic groups are systematically

disadvantaged or marginalized in healthcare, biased data may lead to discriminatory

outcomes in machine learning-based medical decision-making.

In addition to implicit bias, bias can emerge from unequal representation of

ethnicities in specific regions, thereby influencing the data. When certain ethnic

groups are either overrepresented or underrepresented in the training data, the

model might develop a tendency to produce predictions that benefit the predominant

group while potentially discriminating against minority groups. This phenomenon

restricts the model’s ability to generalize effectively across diverse populations,

consequently leading to disparities in its performance among various ethnicities.

As a consequence, machine learning models may be less precise or less accurate

when predicting on underrepresented groups.

In general, these combined biases have the potential to erode trust and faith in

healthcare systems as well as in any machine learning models trained on existing data.

When individuals perceive the predictions of a model as unjust or discriminatory,

they may hesitate to rely on or trust the model, which can ultimately result in

a reluctance to access healthcare services or use machine learning applications

in critical decision-making scenarios. Hence, it is essential to understand the

roots of bias and actively tackle them during subsequent analyses, such as those

carried out in machine learning.
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7.2 Case Study: COVID-19 Screening

7.2.1 Overview

In this section, we delve into the development and training of models aimed at

performing COVID-19 screening while actively mitigating ethnicity bias.

7.2.2 Methods

In this chapter, we use the UK datasets introduced in Chapter 3, but adopt different

stratifications for model training, continuous validation, and testing purposes.

Previously, when trying to counteract bias stemming from hospital locations, it

was imperative to include data from all sites in both the training and validation

datasets. Consequently, we amalgamated all datasets to ensure representation from

each site. However, to address ethnicity bias, it is essential for all ethnicities to be

represented in the training and validation sets, with less emphasis on the necessity

for all locations to be present. Hence, this chapter provides an opportunity to

perform external validation—using independently derived datasets to assess the

performance of models trained on the original data[282]—across multiple cohorts.

Training, Continuous Validation, and Test Dataset Splitting

For the training (Dtrain) and continous validation (Dval) sets used in the ethnicity

debiasing models, we used patient presentations exclusively from OUH. As seen in

Chapter 3, from OUH, we curated two data extracts - one from the first wave of the

COVID-19 epidemic in the UK (December 1, 2019 to June 30, 2020), and one from

the second wave (October 1, 2020 – March 6, 2021). As before, from the "wave one"

dataset, we only included the positive cases (as determined through PCR tests) in

training; and from the "wave two" dataset, we included both positive COVID-19

cases (by PCR) and negative controls. Recall that this was done to ensure that the

label of COVID-19 status was correct during training, as there was uncertainty in

the viral status of patients who were untested or tested negative during wave one.

To reasonably evaluate classification performance with respect to ethnicity, we

removed any presentations where the label for ethnicity was ambiguous, including
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those labeled as "unknown", "mixed", or "other". This resulted in 18,687 patients used

in training and validation, including 2,083 of which were COVID-19 positive. A ratio

of 80:20 was used to split the OUH cohort into training and continous validation sets,

respectively. We then performed external validation on three independent patient

cohorts from PUH, UHB, and BH (Dtest1, Dtest2 , Dtest3, respectively), totalling

38,964 admitted patients, including 1,963 of which were COVID-19 positive. From

Table 7.1, we can see that ethnicity is heavily skewed in our training dataset,

making it a possible source of bias during training. The features included are

the same as those listed in Chapter 3.3.

Table 7.1: Summary of number of patients, COVID-19 positive cases, and ethnicity
distribution for training, validation, and external test set cohorts included in the ethnicity
debiasing task.

Training (Dtrain) Continuous Validation (Dval) External Tests (Dtest1, Dtest2 , Dtest3)
OUH OUH PUH UHB BH

Total Patients 14,949 3,738 29,103 8,730 1,131
COVID-19 positive (PCR) 1,672 411 1,478 347 138

Ethnicity:
White (%)

South Asian (%)
Black (%)

Chinese (%)

14,293 (95.6)
370 (2.5)
243 (1.6)
43 (0.3)

3,574 (95.6)
93 (2.5)
61 (1.6)
10 (0.3)

28,704 (98.6)
170 (0.6)
187 (0.6)
42 (0.1)

6,848 (78.4)
1357 (15.5)
484 (5.5)
41 (0.5)

1,024 (90.5)
71 (6.3)
36 (3.2)
0 (0.0)

Baseline Evaluation and Model Comparators

We showcase outcomes for baseline models, comprising a standard neural network,

XGBoost, and a conventional RL classification model without any debiasing element.

Additionally, we highlight the results for the two most effective bias mitigation

techniques: an adversarial debiasing framework and an RL classification model

integrated with a debiasing component—specifically, the methods proposed in

Chapters 4 and 5, respectively.

Data Pre-processing

After ensuring consistency in the units applied to identical features, we proceeded

to implement the same pre-processing procedures detailed in Section 3.2.4. As

a result, all features were standardized to achieve a mean of 0 and a standard
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deviation of 1. Additionally, we employed population median imputation to

address any missing values.

Evaluation Metrics

We adopt the same evaluation metrics outlined in Section 4.2.5, reporting on

sensitivity, specificity, PPV, NPV, and AUROC with 95% CIs derived from

1000 bootstrapped samples from the test set. Significance tests, marked by p-

values, assess model performance differences over 1000 bootstrapped comparisons,

using a significance threshold of 0.05. These analyses are performed on final test

sets. For fairness evaluation, we measure Equalized Odds variance as specified

in Equations 4.16 and 4.17.

Hyperparameter Optimization

As in Chapter 4.2.6, we use a grid search coupled with standard five-fold cross-

validation on the training set to determine the optimal hyperparameters for all

conventional supervised learning and reinforcement learning methods.

Grid search was applied to all neural network models to ascertain the best

configurations, encompassing factors like the number of hidden layers, nodes

per layer, and learning rate. Specifically concerning adversarial debiasing, this

exploration was carried out independently for both the predictor and adversary

networks, as well as for the α hyperparameter. In the case of XGBoost, we explored

a range of parameters such as learning rate, depth, and the number of trees. For

reinforcement learning methods, optimization efforts were focused on parameters

including the Q-network’s layer count, nodes per layer, and learning rate.

Detailed information regarding the software, implementation, and final hyper-

parameter values selected for each model can be located in Appendix E.

Threshold Optimization

In alignment with the findings detailed in Chapter 4.2.7, we conduct threshold

optimization, employing binary classification (COVID-19 positive or negative) to

align with the "green–amber–blue" categorization system employed by NHS Trust
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policy. Here, we optimize outcomes to attain sensitivities of 0.9, ensuring clinically

acceptable performance levels in detecting positive COVID-19 cases.

7.2.3 Results

Table 7.2: Equalized Odds evaluation for ethnicity bias and COVID-19 status prediction
test results across different models, optimized to sensitivities of 0.9. Metrics are reported
alongside 95% confidence intervals based on 1,000 bootstrapped samples. Bolded values
denote the best (underlined) and second best Equalized Odds scores. Classification metrics
are reported alongside 95% CIs, with bolded values denoting the best scores achieved on
the test set.

Test Set Model MEO(T P ) MEO(F P ) Sensitivity Specificity PPV NPV AUROC
PUH

RL (debiasing) 0.047 0.037 0.876 (±0.017) 0.512 (±0.006) 0.088 (±0.005) 0.987 (±0.002) 0.834 (±0.013)
RL 0.048 0.031 0.872 (±0.017) 0.518 (±0.006) 0.088 (±0.005) 0.987 ±0.002) 0.838 (±0.013)

Adversarial 0.050 0.014 0.879 (±0.017) 0.595 (±0.005) 0.104 (±0.005) 0.989 (±0.001) 0.865 (±0.012)
Neural Net. 0.066 0.028 0.890 (±0.016) 0.631 (±0.005) 0.114 (±0.006) 0.991 (±0.002) 0.875 (±0.012)
XGBoost 0.133 0.053 0.919 (±0.013) 0.532 (±0.006) 0.095 (±0.005) 0.992 (±0.001) 0.882 (±0.011)

UHB
RL (debiasing) 0.057 0.041 0.879 (±0.034) 0.574 (±0.011) 0.079 (±0.009) 0.991 (±0.003) 0.849 (±0.025)

RL 0.155 0.044 0.876 (±0.035) 0.538 (±0.011) 0.073 (±0.008) 0.991 (±0.003) 0.834 (±0.026)
Adversarial 0.072 0.039 0.867 (±0.035) 0.637 (±0.010) 0.090 (±0.010) 0.991 (±0.003) 0.865 (±0.025)
Neural Net. 0.069 0.052 0.873 (±0.035) 0.667 (±0.010) 0.098 (±0.011) 0.992 (±0.002) 0.868 (±0.026)
XGBoost 0.106 0.071 0.867 (±0.036) 0.585 (±0.010) 0.080 (±0.009) 0.991 (±0.003) 0.854 (±0.025)

BH
RL (debiasing) 0.030 0.010 0.935 (±0.041) 0.691 (±0.029) 0.296 (±0.043) 0.987 (±0.008) 0.923 (±0.031)

RL 0.055 0.057 0.906 (±0.049) 0.668 (±0.029) 0.275 (±0.031) 0.981 (±0.011) 0.898 (±0.035)
Adversarial <0.001 0.045 0.877 (±0.055) 0.779 (±0.026) 0.356 (±0.051) 0.979 (±0.011) 0.912 (±0.033)
Neural Net. 0.059 0.039 0.870 (±0.057) 0.803 (±0.024) 0.380 (±0.053) 0.978 (±0.010) 0.912 (±0.033)
XGBoost 0.107 0.036 0.928 (±0.044) 0.644 (±0.030) 0.266 (±0.040) 0.985 (±0.010) 0.908 (±0.033)

After training models on patient cohorts from OUH, we externally validated our

models across three external patient cohorts from PUH, UHB, and BH. All models

achieved reasonably high AUROC scores across all test sets (Table 7.2), comparable

to those reported in the clinical validation study highlighted in Chapter 2.5,

demonstrating that we trained strong classifiers to begin with. AUROC scores

for predicting COVID-19 status stayed relatively consistent across all test sets,

achieving the highest performances on the BH cohort (PUH: AUROC range 0.834-

0.882; UHB: 0.834-0.868; BH: 0.897-0.923). With respect to the model used, all

models achieved similar AUROCs; however, the highest AUROCs were generally

achieved by the standard supervised learning-based models, including the adversarial

model, and both weighted and unweighted XGBoost and neural network models

(mean AUROCs of 0.869, 0.857, 0.881, 0.885, 0.881 for RL-based debiasing, RL,

adversarial, neural network, XGBoost models, respectively). Using a sensitivity
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configuration of 0.9, we obtained consistent scores for sensitivity across all models

and cohorts (PUH: sensitivity range 0.872-0.919; UHB: 0.862-0.879 ; BH: 0.862-

0.935), with RL-based debiasing achieving the highest sensitivities on the UHB and

BH test sets (however, it should be noted that RL had either the lowest or second

lowest specificities). And, as seen in previous chapters, our models achieved high

prevalence-dependent NPV scores (>0.978), demonstrating the ability to exclude

COVID-19 with high-confidence. Furthermore, these results demonstrate that an

RL-based debiasing paradigm is more generalizable in diverse environments, with

superior AUROC for the BH cohort, and superior sensitivity on the BH and UHB

cohorts, which are the two most ethnically diverse cohorts, according to Table 7.1.

Although predictive performance of the RL-based debiasing model only varied

slightly with respect to other models, the difference in accuracy of the RL-based

debiasing model compared to that of other models was found to be statistically

significant (p<0.0001, based on 1,000 bootstrapped samples).

In terms of fairness, the RL-based debiasing model achieved the best performance

overall, achieving either the best or second best Equalized Odds performances (for

both TP and FP rates) across all external test cohorts, except for the FP metric

for PUH (Table 7.2). The adversarial model achieved the second best performance

overall, usually achieving the best or second best scores for one of TP or FP Equalized

Odds metrics. In general, models with an added dynamic debiasing functionality (i.e.

RL-based or adversarial debiasing models) demonstrably improved Equalized Odds.

7.2.4 Discussion

Similar to the comparisons made in Chapters 4 and 5, our observations reveal

that debiasing models produce less biased outcomes when compared to models

without bias mitigation components. Specifically, the debiasing method using

reinforcement learning demonstrated superior performance, typically achieving a

combination of the best and second-best Equalized Odds for true positive and false

positive rates. Following closely, the adversarial debiasing method achieved the

second best performance, typically achieving the best Equalized Odds score for
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either true positive rate or false positive rate, across all external test sets. Again,

as mentioned in previous chapters, the superior performance of the RL debiasing

approach compared to supervised-learning-based bias mitigation techniques can

be attributed to the ability of a RL setup to regulate the propagation of learning

signals and refine error aggregation processes.

Nevertheless, as previous chapters have shown, despite the mitigation of bias,

these models did not fully satisfy the criteria for Equalized Odds. This persistent

gap could be attributed to the data imbalance regarding the sensitive attribute [102],

with a substantially larger volume of data available from white patients compared

to other ethnicities. Additionally, the use of neural networks in both adversarial

debiasing and Q-learning within the RL method might lead to inconsistent outcomes

due to skewed distributions within the data.

In terms of meeting Equalized Odds criteria, the advantage of employing a

RL framework was more evident and pronounced, particularly in the COVID-19

task aimed at mitigating inter-hospital biases. This was reflected in noticeable

enhancements in the standard deviation of true positive and false positive rates for

RL results compared to other models. The discernible difference in performance

may stem from the larger volume of training data used in that task, compared

to the COVID-19 task here, which focused on ethnicity debiasing. Specifically,

14,949 patients compared to 43,754 patients were used to train the ethnicity and

hospital debiasing tasks, respectively. The larger amount of training data may have

facilitated the models’ ability to accurately distinguish between various classes,

both for the primary task and the sensitive attribute. This is further exemplified

by COVID-19 diagnosis performance, where superior predictive performance was

achieved for the hospital-site mitigation task, which used a larger training set.
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7.3 Case Study: Patient Discharge Status Pre-
diction

7.3.1 Overview

To demonstrate the application of fairness-aware algorithms in a different predictive

scenario (independent of the COVID-19 prediction task previously used), we

introduce a task centered on predicting patient discharge status. Here, we also

focus on debiasing ethnicity, demonstrating the generalizability of our method

to a new, independent clinical task.

Accurately predicting the discharge status of patients carries substantial signifi-

cance for hospitals, as it influences various aspects such as resource allocation, cost

management, bed allocation, post-discharge care coordination, patient flow efficiency,

re-admission rates, and financial outcomes. Consequently, machine learning decision

support tools play a pivotal role in facilitating well-informed discharge decisions.

This, in turn, fosters the advancement of patient-centered care initiatives and

operational efficiency within healthcare facilities.

7.3.2 Critical Care Data

The expanding availability of clinical data alongside the advancements in machine

learning technologies has played a pivotal role in tackling various healthcare

challenges across different domains, encompassing risk assessment and prediction

in acute, chronic, and critical care settings. However, within this spectrum of

healthcare domains, critical care emerges as an especially data-rich and complex

field. This distinction arises primarily from the nature of patient monitoring in

ICUs, where individuals receive continuous and intensive medical attention due

to severe illnesses or injuries.

In ICUs, patients are subjected to constant monitoring through a plethora of

medical devices, sensors, and instruments, generating vast streams of data on their

physiological parameters, vital signs, laboratory results, medication administration,
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and other clinical metrics [283–285]. These data streams, often referred to as high-

dimensional time-series data, offer a wealth of information regarding the patients’

health status, disease progression, and response to treatment interventions. However,

the sheer volume and complexity of these data present significant challenges in

extracting actionable insights and making informed clinical decisions [284, 286, 287].

Machine learning, with its capacity to analyze large volumes of complex data

and identify patterns and relationships not easily discernible by humans, has

emerged as a powerful tool in leveraging ICU data for clinical decision-making. By

applying machine learning algorithms to ICU data, healthcare providers can enhance

their ability to predict adverse events, identify patients at risk of deterioration,

optimize treatment strategies, and improve patient outcomes [288, 289]. Moreover,

machine learning techniques enable the development of predictive models that

can assist clinicians in early identification of conditions such as sepsis [290], acute

respiratory distress syndrome [291], and organ failure [292, 293], allowing for timely

interventions and improved patient care.

Machine learning algorithms can aid in optimizing resource utilization and

operational efficiency within ICUs by predicting patient length of stay, facilitating

bed management, and streamlining workflow processes [294, 295]. Additionally,

these algorithms can support clinical research efforts by identifying novel biomark-

ers, elucidating disease mechanisms, and uncovering new avenues for therapeutic

intervention in critical care settings. In the following sections, we focus on the

task of patient discharge status prediction.

Overall, the combination of increasing availability of clinical data and advance-

ments in machine learning holds tremendous promise for revolutionizing critical

care delivery. By harnessing the wealth of data generated in ICUs and deploying

sophisticated machine learning algorithms, healthcare providers can enhance patient

monitoring, optimize clinical decision-making, and ultimately improve patient

outcomes in this high-stakes healthcare environment.



7. Additional Case Studies 157

7.3.3 Patient Discharge Status Prediction

Accurately predicting the discharge status or mortality of patients is of paramount

importance for hospitals, as it has a profound impact on multiple aspects of

healthcare delivery and operational management, such as predicting resource

allocation [296–298]. Hospitals must efficiently allocate resources such as staff,

medical supplies, and equipment based on patient needs. By predicting discharge

status or mortality, hospitals can better align their resources to ensure that they

are adequately prepared to provide the necessary care and support to patients,

optimizing the allocation of resources and improving patient outcomes. One specific

aspect is bed allocation within hospitals [299, 300]. Hospitals must manage bed

availability efficiently to accommodate incoming patients while ensuring timely

discharge for those who no longer require hospital care. By accurately predicting

discharge status, hospitals can optimize bed utilization, reduce overcrowding, and

minimize wait times for incoming patients.

Cost management is another crucial factor affected by accurate prediction of dis-

charge status or mortality [301]. Predicting when patients will be discharged or their

likelihood of mortality allows hospitals to optimize costs by reducing unnecessary

hospital stays and associated expenses. This includes minimizing expenditures on

medications, treatments, and supportive services during prolonged hospitalization

periods, ultimately leading to improved financial outcomes for the hospital.

Post-discharge care coordination and likelihood of hospital re-admission is

another critical aspect influenced by accurate anticipation of discharge status or

mortality [302–304]. Healthcare providers must plan and coordinate post-discharge

care services to ensure that patients receive the necessary support and follow-

up care after leaving the hospital. By accurately predicting discharge status or

mortality, hospitals can initiate post-discharge care planning in advance, arrange

follow-up appointments, coordinate home health services, and provide patients with

the resources they need to recover and manage their health effectively, ultimately

reducing the risk of re-admission and improving patient outcomes.
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Overall, accurate anticipation of discharge status or mortality contributes to

improved patient flow efficiency within hospitals. By facilitating timely discharges

or identifying patients at high risk of mortality, hospitals can optimize patient flow,

reduce bottlenecks, and ensure that patients receive timely and appropriate care

throughout their hospital stay. By leveraging predictive analytics and advanced

decision support tools, hospitals can better anticipate and respond to the needs

of their patients, ultimately enhancing operational efficiency, and improving the

quality of care and the overall patient experience.

7.3.4 Methods
Data

For the task for patient discharge status prediction, we train models to predict

the discharge status of patients staying in the ICU, using data from the eICU

Collaborative Research Database (eICU-CRD) [305, 306]. The eICU Collaborative

Research Database (eICU-CRD) is a publicly-available, anonymized database with

pre-existing institutional review board (IRB) approval. The database is released

under the Health Insurance Portability and Accountability Act (HIPAA) safe harbor

provision. The re-identification risk was certified as meeting safe harbor standards

by Privacert (Cambridge, MA) (HIPAA Certification no. 1031219-2).

The eICU Collaborative Research Database stands as a comprehensive and

expansive resource within the realm of critical care, encompassing deidentified

health data stemming from over 200,000 admissions to ICUs throughout the United

States during the period of 2014 to 2015. This multi-center database provides

insights into the management and treatment of critically ill patients across a diverse

array of healthcare facilities.

At its core, the database comprises an assortment of clinical data, ranging

from vital sign measurements, laboratory measurements, medications, APACHE

components, patient history, care plan documentation, severity of illness measures,

diagnosis information, and treatment details.
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By leveraging the eICU Collaborative Research Database, researchers and

healthcare professionals gain access to a wealth of anonymized patient data, enabling

them to conduct in-depth analyses, develop predictive models, and uncover valuable

insights into critical care practices and outcomes. Moreover, the multi-center

nature of the database enhances its generalizability and applicability, offering a

representative snapshot of ICU practices and patient populations across diverse

healthcare settings throughout the United States.

Training, Continuous Validation, and Test Dataset Splitting

As discussed, the task is to predict the discharge status of a patient during the

course of an ICU stay. Using similar inclusion and exclusion criteria to those used

in a previous study [307], we selected adult patients (age > 18) with a minimum

of 15 ICU records, and grouped these records into 1 hour windows. We removed

any patients that did not have a clear discharge status (i.e., anything that was not

"alive" or "expired"), and removed samples with any missing values.

We used a 60:20:20 training, continuous validation, and test ratio, resulting in

49,305 training, 16,436 continuous validation, and 16,436 test samples, respectively.

As before, the training set, Dtrain, was used for model development, hyperparameter

selection, and training; the continous validation set, Dval, is used for continuous

validation and threshold adjustment; and after successful development and training,

the held-out test set, Dtest, was used to evaluate the performance of the final model.

Table 7.3: Summary of number of patients, death cases, and hospital case distribution
for training, validation, and held-out test set cohorts used in the ethnicity debiasing task.

Training (Dtrain) Continuous Validation (Dval) Test (Dtest)
Total Patients 49305 16436 16436

Total Deaths 4501 1486 1486
Ethnicity:

Caucasian (%)
African American (%)

Hispanic (%)
Asian (%)

Native American (%)

40285 (81.7)
5704 (11.6)
2073 (4.2)
938 (1.9)
305 (0.6)

13514 (82.2)
1832 (11.1)
665 (4.0)
319 (1.9)
106 (0.6)

13510 (82.2)
1869 (11.4)
667 (4.1)
282 (1.7)
108 (0.7)
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Clinical Features Used for Prediction

This dataset contains a wide range of data-types, offering a comprehensive per-

spective on patients’ ICU experiences by encompassing vital aspects such as health

status, disease severity, and treatment interventions, we incorporate demographic

characteristics, measurements recorded upon hospital admission, and measurements

recorded upon ICU admission. The attributes used for training machine learning

models are outlined in Table 7.4.

Table 7.4: Clinical predictors considered for predicting patient discharge status and
patient diagnosis.

Category Features
Demographic features Gender, age, height, weight
Measurements at hospital admission Non-invasive systolic blood pressure, non-

invasive diastolic blood pressure, non-
invasive mean arterial pressure, heart
rate, supporting oxygen used at admission,
blood oxygen saturation, Glasgow coma
score, diagnosis at admission

Measurements at ICU admission Glucose

Data Pre-processing

We employ one-hot encoding for categorical features and standardization for

continuous features. One-hot encoding is a technique used to convert categorical

variables into a binary representation, where each category is represented by a binary

vector with a single 1 denoting the presence of that category and 0s elsewhere. This

ensures that categorical variables are appropriately encoded for machine learning

algorithms, which typically require numerical inputs.

For continuous features, we standardize all continuous features to have a mean of

0 and a standard deviation of 1. As mentioned in previous chapters, standardization

ensures that all continuous features have comparable scales, which can help improve

the performance of machine learning algorithms, particularly those sensitive to

feature scales, such as linear models and neural networks.
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Evaluation Metrics

We adopt the same evaluation metrics outlined in Section 4.2.5, reporting on

sensitivity, specificity, PPV, NPV, and AUROC with 95% CIs derived from

1000 bootstrapped samples from the test set. Significance tests, marked by p-

values, assess model performance differences over 1000 bootstrapped comparisons,

using a significance threshold of 0.05. These analyses are performed on final test

sets. For fairness evaluation, we measure Equalized Odds variance as specified

in Equations 4.16 and 4.17.

Hyperparameter Optimization

In alignment with Chapter 4.2.6, we employ a grid search coupled with standard five-

fold cross-validation on the training set to determine the optimal hyperparameters

for all conventional supervised learning and reinforcement learning methods used.

As before, a grid search was applied to all neural network models to ascertain the

best configurations, encompassing factors like the number of hidden layers, nodes

per layer, and learning rate. Concerning adversarial debiasing, this exploration

was carried out independently for both the predictor and adversary networks, as

well as for the α hyperparameter. In the case of XGBoost, we explored a range

of hyperparameters including learning rate, depth, and the number of trees. For

reinforcement learning methods, optimization efforts were focused on parameters

including the Q-network’s layer count, nodes per layer, and learning rate.

Detailed information regarding the software, implementation, and final hyper-

parameter values selected for each model can be located in Appendix E.

Threshold Optimization

In alignment with Chapter 4.2.7, we perform threshold optimization for binary

classification, to predict patient discharge status. Here, our objective is to find a

suitable threshold, optimized to achieve sensitivities of 0.9.
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Table 7.5: Equalized Odds evaluation for ethnicity bias and Patient ICU discharge
prediction test results across different models, optimized to sensitivities of 0.9. Metrics are
reported alongside 95% confidence intervals based on 1,000 bootstrapped samples. Bolded
values denote the best (underlined) and second best Equalized Odds scores. Classification
metrics are reported alongside 95% CIs, with bolded values denoting the best scores
achieved on the test set.

Model MEO(T P ) MEO(F P ) Sensitivity Specificity PPV NPV AUROC
RL (debiasing) 0.032 0.022 0.897 (±0.015) 0.539 (±0.008) 0.171 (±0.008) 0.980 (±0.003) 0.829 (±0.013)

RL 0.052 0.030 0.889 (±0.016) 0.502 (±0.008) 0.159 (±0.008) 0.977 (±0.003) 0.818 (±0.013)
Adversarial 0.040 0.027 0.885 (±0.016) 0.637 (±0.008) 0.205 (±0.010) 0.981 (±0.003) 0.861 (±0.012)
Neural Net. 0.033 0.037 0.884 (±0.016) 0.600 (±0.008) 0.189 (±0.009) 0.980 (±0.003) 0.847 (±0.012)
XGBoost 0.062 0.022 0.883 (±0.016) 0.674 (±0.008) 0.223 (±0.011) 0.982 (±0.003) 0.875 (±0.012)

7.3.5 Results

Following the development and training of the models, we assessed their performance

on the held-out test set. As before, we found that all models achieved reasonably

high AUROC scores on the test set (Table 7.5), comparable to previously reported

benchmarks using the same dataset [307]. AUROC scores ranged from 0.818-

0.875, with the XGBoost model achieving the highest score and the RL models

(both with and without a debiasing component) achieving the lowest. However,

when optimizing sensitivities to 0.9, the reinforcement learning-based debiasing

method achieved the best results in terms of sensitivity, scoring 0.897 (±0.015),

and Equalized Odds, scoring 0.032 and 0.022 for TP and FP rates, respectively.

However, this did come at a small trade-off in AUROC. The difference in accuracy

of the RL debiasing model compared to that of other models was found to be

statistically significant (p<0.0001, based on 1,000 bootstrapped samples).

7.3.6 Discussion

As demonstrated in previous chapters, we found that the debiasing method using

reinforcement learning demonstrated superior performance, achieving the best

Equalized Odds for both true positive and false positive rates. Again, the enhanced

effectiveness of the RL debiasing approach in contrast to supervised-learning-based

bias mitigation methods can be credited to the RL setup’s capability to control the

propagation of learning signals, thereby diminishing the model’s susceptibility to

being biased toward the majority class present in each batch during training.
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Nevertheless, despite attempts to alleviate bias, these models fell short of

fully meeting the criteria for Equalized Odds. This enduring deficiency could be

ascribed to the data imbalance related to the sensitive attribute [102], which was

similarly evident in the previous case study, with a significantly larger dataset

available from white patients compared to other ethnicities. Consequently, there

tends to be a bias toward majority subgroups and this was especially noticeable

when employing neural networks.

With respect to fulfilling Equalized Odds requirements, the advantage of using

an RL framework was more observable and clear (i.e. noticeable improvements

in TP and FP SDs for RL results over other models) for the patient discharge

task compared to the previous COVID-19 task in Chapter 7.2 which also focused

on mitigating ethnicity bias. Again, this may be due to the larger amount of

training data used in this task compared to the previous one (14,949 patients

compared to 49,305 patients for COVID-19 ethnicity and ICU patient discharge

tasks, respectively). Thus, having a greater amount of training data may have made

it easier for models to confidently differentiate between different classes.

It should be noted that mortality prediction may not always be an ideal prediction

task in machine learning for several reasons, one of which involves the complexities

surrounding the determination of patient discharge status. Patient discharge

decisions are not solely based on clinical factors captured in datasets. Factors

such as patient preferences, social support networks, financial considerations, and

legal constraints can significantly influence discharge decisions. For instance, some

patients may choose to self-discharge against medical advice, while others may have

external circumstances affecting their discharge process [308–310]. These non-clinical

factors are often not captured in clinical datasets used for machine learning tasks,

leading to incomplete or inaccurate predictions of patient outcomes like mortality.

Consequently, mortality prediction models may not fully account for the complexities

of discharge decisions and may yield less reliable results compared to other prediction

tasks that are more closely aligned with clinical variables. In essence, while mortality

prediction models can provide valuable insights into patient prognosis, their utility
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may be limited by the lack of comprehensive data on discharge determinants and

non-clinical factors. Therefore, for more accurate predictions of patient outcomes, it

may be beneficial for future research to focus on prediction tasks that incorporate a

broader range of variables and considerations beyond clinical parameters alone.

Additionally, in both case studies, white patients form the predominant subgroup,

a trend that’s understandable given the datasets’ curation in countries like the UK

and US. However, this also underscores the potential for collaborative datasets and

trained models to become disproportionately skewed toward one subgroup, thereby

exacerbating existing imbalances. Hence, efforts beyond mere bias mitigation

are imperative to bolster the diversity and representativeness of digital health

data overall. This imperative extends not only to patients but also highlights the

underrepresentation of racial and ethnic minorities among healthcare professionals,

underscoring the urgency of addressing this disparity to promote equity in healthcare.

Finally, with respect to both case studies presented in this chapter, a limitation

lies in the complexity of defining what constitutes an unwanted bias. While ethnicity

should not influence outcomes in non-clinical scenarios like recidivism prediction,

its role in clinical contexts is more nuanced. For example, ethnicity can be a crucial

predictor for certain diagnoses, prognoses, and treatment recommendations. In our

study, we addressed data imbalances to ensure equitable predictions for minority

groups. However, ethnicity can also encompass factors such as place of residence

and socioeconomic status, which can affect disease prevalence among specific ethnic

cohorts. Thus, as more data becomes available, iterative adjustments are necessary

to accurately assess bias and the true influence of these attributes.
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Conclusion

Biased and unequally represented data can have detrimental effects on the perfor-

mance, fairness, and trustworthiness of machine learning models, particularly in

healthcare and other domains where equitable outcomes are crucial. Addressing

these biases requires careful attention to data collection practices, model development

methodologies, and evaluation metrics to ensure that machine learning models are

fair, accurate, and inclusive across diverse populations.

While discussions on algorithmic fairness have been extensive, there is still no

consensus on a universally applicable method, metric, or criterion. Consequently,

determining and quantifying the significance of existing biases, as well as assessing

the effectiveness of mitigation strategies, can be challenging. Moreover, the

complexity is compounded by the diverse range of applications where fairness

issues are pertinent. Therefore, it is essential to select and tailor methods according

to the specific characteristics and requirements of each task.

Furthermore, as more data becomes available and as algorithms and empirical

studies continue to evolve, alternative methods will emerge to further advance

the field of algorithmic fairness and bias mitigation in machine learning. This

ongoing research and development process will contribute to the refinement and

enhancement of approaches to address fairness concerns across various domains

and applications. By prioritizing fairness and accountability in machine learning

165
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development, stakeholders can work together to build machine learning systems

that uphold principles of fairness, transparency, and social responsibility.

8.1 Summary of Major Findings

In evaluating fairness-aware algorithms, our main focus was on investigating location-

based biases across separate hospital sites. This approach enabled us to use

existing insights into the diversity among healthcare facilities, showcasing how

such disparities are manifested in data and consequently impact model training

and effectiveness.

Our primary emphasis was on an extensive case study involving COVID-19

diagnosis across four distinct UK hospital trusts. This allowed us to underscore site-

specific variations in population characteristics and feature distributions. Further-

more, employing a data-driven technique like t-SNE enabled us to visualize sample

similarities based solely on inherent data patterns and structures. Consequently, the

main insights from this analysis highlight the multifaceted nature of bias between

hospitals, and underscore the importance of understanding unintended biases among

hospital sites for both accurate interpretation of and the application of various

downstream analyses or modeling methods.

We then highlighted the principles involved in the development, utilization,

and assessment of fairness-aware algorithms. We started by showcasing various

supervised learning techniques designed to alleviate unintentional biases inherent in

training data, with the purpose of improving fairness in machine learning outcomes.

Our study revealed that the fairness-aware algorithms used, such as the NCR

regularization approach and the adversarial framework, generally led to enhanced

fairness outcomes compared to models lacking built-in bias mitigation techniques,

all while preserving high predictive accuracy.

Moreover, recognizing that the predominant focus of existing literature has been

on addressing algorithm-level bias through traditional supervised learning methods,

we aimed to pioneer a novel bias mitigation strategy within the realm of reinforcement

learning. While supervised learning models typically demand large labeled datasets
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tailored to specific tasks, RL algorithms offer versatility in addressing a broad

spectrum of problems. This adaptability makes RL particularly adept at handling

real-world challenges characterized by noisy, incomplete, or heterogeneous data, as

commonly encountered in clinical settings. By expanding the repertoire of bias

mitigation techniques through the introduction of a reinforcement learning-based

approach prioritizing fairness outcomes, we presented a unique contribution to bias

reduction within an alternative machine learning paradigm. Our findings indicated

that the RL-based debiasing approach demonstrated superior fairness performance

compared to supervised-learning-based bias mitigation techniques. This highlighted

the importance of adopting fairness-aware methods across a wider range of tasks,

including those that cannot be effectively addressed by supervised learning.

Finally, our proposed methods were put into practice across novel applications

to conduct a comprehensive assessment of their effectiveness and applicability. Our

exploration extended to encompass the utilization of fairness-aware algorithms within

UK hospital sites as well as two hospitals in Vietnam, showcasing the potential

of these algorithms to foster fairness across varying socioeconomic contexts. Our

primary focus was on facilitating impactful collaborative AI advancement that

benefits both high-income country and low-middle income country hospitals, even

in instances where LMIC data is underrepresented in the training process. We

illustrated that the integration of bias mitigation techniques not only improved

algorithmic fairness but also enhanced the model’s adaptability when deployed

in LMIC settings. Consequently, the adoption of fairness-aware algorithms plays

a crucial role in fostering trust among clinicians and patients in the reliability

and efficacy of machine learning-based technologies. This, in turn, fosters and

strengthens international cooperation and AI development initiatives.

Furthermore, we evaluated the effectiveness of fairness-aware techniques through

two additional case studies: one addressing ethnicity bias in COVID-19 screening

and another targeting ethnicity bias in patient discharge status prediction. Through

these studies, we showcased the versatility and effectiveness of these methods in
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promoting fairness across diverse applications, and further underscore the superior

performance of our innovative reinforcement learning-based debiasing approach.

In summary, this thesis addressed the pressing issue of biases originating from

data in machine learning, particularly within the domain of clinical machine

learning. It not only highlighted the significance of recognizing and mitigating

these biases but also introduced and demonstrated effective methods to promote

fairness in this rapidly evolving field. Through a thorough exploration of various

bias mitigation techniques and their application in clinical settings, this thesis

contributes to the advancement of fair and equitable machine learning practices,

ultimately aiming to improve the reliability and effectiveness of models used in

healthcare decision-making.

8.2 Limitations

In our approach to COVID-19 prediction, we made adjustments to the decision

threshold to prioritize achieving high sensitivity in our models. This strategy

is particularly valuable when dealing with datasets characterized by significant

imbalances, as was the case with our training sets. By focusing on sensitivity, we

aimed to maximize the model’s ability to correctly identify positive cases, which is

crucial in a context like COVID-19 where early detection is paramount for effective

intervention and containment efforts. However, as previously highlighted, the data

used for model training can be influenced by site-specific factors, as indicated by

the t-SNE representation depicted in Figure 3.2. Consequently, the optimal decision

thresholds derived from one dataset may not necessarily generalize well to others.

This variability in distributions across different sites can lead to disparities in model

performance, particularly in terms of sensitivity/specificity. Overall, consistency

in sensitivity and specificity scores across diverse hospital settings is crucial for

ensuring that clinicians can confidently rely on the predictive capabilities of the

model. Achieving this consistency is especially pertinent in clinical contexts where

uniform performance characteristics are essential for informed decision-making and

patient care. Additionally, the selection of an optimal decision threshold also directly
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impacts statistical fairness, as the threshold shift controls the true positive and

true negative rates. Thus, moving forward, future experiments should explore the

possibility of implementing site-specific thresholds calibrated during deployment at

different healthcare facilities. This approach would aim to standardize predictive

performance across various sites, thereby promoting consistency and reliability in

model predictions. By tailoring thresholds to specific contexts, we can enhance the

applicability and effectiveness of predictive models in real-world clinical settings,

ultimately improving patient care and outcomes.

Similarly, the balance between sensitivity and specificity holds significant impor-

tance and warrants careful consideration, contingent upon the specific objectives

of the task at hand. In the COVID-19 task, we optimized thresholds for high

sensitivity to aid in triaging. However, this trade-off negatively affected specificity,

as evidenced by RL debiasing exhibiting high sensitivities but lower specificities.

It is crucial to acknowledge the importance of specificity optimization as well, as

a low specificity can lead to heightened resource utilization and costs, potentially

burdening hospitals and adversely impacting patient well-being by inducing increased

anxiety or discomfort.

This consideration of sensitivity and specificity in model evaluation also extends

to the choice of fairness criteria used. Models should be customized to align with

fairness definitions that best serve the objectives of each task. In scenarios where

minimizing harm from false negatives is paramount, such as disease diagnosis,

prioritizing high sensitivity may be preferable. For such cases, fairness metrics like

equal opportunity ensure that the classifier’s probability of predicting a sample as the

positive class is uniform across all classes of the sensitive attribute [78, 80]. Similarly,

when ensuring equality in predicting the negative class across sensitive attribute

classes is more crucial, predictive equality can be employed [204, 207]. Furthermore,

imbalances in real-world datasets concerning both outcome and sensitive feature

labels must be considered. Therefore, selecting and devising evaluation metrics

capable of adapting to and accurately representing these imbalances is essential.

Such metrics would enable a more comprehensive assessment of model performance
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and fairness across diverse contexts and scenarios, thereby enhancing the robustness

and practical utility of machine learning solutions in real-world settings.

While the models achieved a high NPV, this metric should be interpreted with

caution in the context of a class-imbalanced problem. A high NPV is expected a

priori given the low prevalence of COVID-19 in the cohorts, and therefore does not,

on its own, define clinical success. Moreover, without prospective outcome studies or

evidence of impact on patient care, it remains unclear what threshold of NPV would

be sufficient to claim clinical utility. For the purposes of this thesis, however, the

dataset and application are not intended to serve as a definitive clinical deployment

study. Instead, they provide a valuable case study and substrate for addressing

the central methodological question: can fairness-aware algorithms mitigate bias

while maintaining accuracy in clinical machine learning?

We also recognize the significance of considering the probability of disease

occurrence as a valuable metric, contrasting with the approach of solely thresholding

to a binary classification. In our investigations, we opted for binary classification

over probability estimation to align with the categorization system mandated

by NHS Trust policy. However, it is important to highlight that while binary

classification was our chosen method to adhere to policy guidelines, probability

estimation remains a viable option, particularly in scenarios where assessing disease

severity is a critical aspect of the task. Therefore, although we implemented

binary classification, the utilization of probability as a final output is also feasible

and valuable, especially in contexts where a nuanced understanding of disease

likelihood and severity is necessary.

Another significant limitation arises from the complexity of individual patients,

and the collective influences of social, behavioral, and genetic factors on outcomes.

While genetics play a role in determining certain outcomes, such as susceptibility to

diseases, the interplay between genetic predispositions and environmental factors can

significantly alter the outcome [311]. Additionally, factors like population admixture,

which refers to the genetic mixing of different populations over time, further

complicate the understanding of how genetic variations contribute to outcomes
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across diverse populations. This complexity highlights the challenge researchers

face in disentangling the intricate web of interactions between social, behavioral,

and genetic factors and their collective impact on health outcomes [53, 312]. It

underscores the necessity for comprehensive and interdisciplinary approaches to

better understand and address these multifaceted influences on health and well-being.

Thus, additional investigation into the main prediction task (and related variables)

will be necessary to determine what biases exist and how to best mitigate them.

For example, as highlighted in Chapter 7, while it is clear that ethnicity should

not dictate outcomes in certain non-clinical scenarios like recidivism prediction,

its significance in clinical contexts is not always straightforward [313]. Ethnicity

can serve as a vital predictor for particular diagnoses, prognoses, and treatment

recommendations. In our COVID-19 screening endeavor, our focus centered on

rectifying data imbalances to ensure equitable predictions for minority groups,

drawing from available data across UK hospital trusts. However, we recognize that

ethnicity encompasses crucial facets such as place of residence and socioeconomic

status, collectively influencing disease prevalence among specific ethnic cohorts.

Pinpointing the precise impact of ethnicity (and related factors) on COVID-19

diagnosis during the initial stages of the pandemic presents challenges. Nevertheless,

with the accumulation of more data over time, iterative adjustments are imperative

to accurately gauge the true influence of these attributes.

Another critical consideration lies in striking a balance between fairness and

predictive accuracy. Our investigation revealed instances where enhancements

in fairness came at the expense of overall performance accuracy. Studies have

previously shown that while efforts to improve fairness are commendable, they

often entail a trade-off with performance metrics [108, 314–316]. Thus, it becomes

imperative to carefully weigh whether certain fairness enhancements justify the

sacrifice in achieving highly accurate predictions for specific subgroups.

This challenge also underscores the importance of evaluating the suitability of

demographic-specific or site-specific models. While our models have demonstrated

efficacy in handling multi-class sensitive features, it is essential to assess whether a



172 8.2. Limitations

demographic-specific or site-specific model might be more suitable than a generalized

multi-class model for a given task. For instance, if the model aims to provide support

within a specific hospital care structure or predict the risk of a disease known to

manifest significant variability between ethnicities, personalized models trained

individually on each class may offer the optimal solution. However, it should be

noted that the adoption of multiple models can pose computational challenges,

presenting practical hurdles for hospitals to overcome efficiently. Therefore, careful

consideration is warranted when deciding between the implementation of specialized

models tailored to specific subgroups and the utilization of more generalized models

to address fairness concerns without compromising overall performance accuracy.

In scenarios where computational resources are limited or where the complexity

of managing multiple models is prohibitive, adopting a more generalized model,

such as the debiasing frameworks demonstrated in our study, can offer a viable

solution. Despite its broader scope, a generalized model can still effectively address

biases while providing a feasible alternative to individualized approaches. By

using such frameworks, healthcare institutions can navigate the trade-offs between

computational efficiency and model effectiveness, ensuring that biases are mitigated

without imposing undue burdens on resource-strapped systems.

We acknowledge that the COVID-19 and eICU datasets used in our study

only represent a fraction of the extensive data available within hospital record

systems. For example, with respect to electronic health record data, crucial elements

including intricate treatment records, lifestyle variables, and environmental factors,

among others, are not entirely represented in the datasets used in this research.

Consequently, it is imperative to pursue additional research endeavors aimed at

attaining a comprehensive understanding of the implications of various types of bias

and assessing how bias mitigation techniques affect model performance. Similarly,

we also acknowledge that our examination of variations across specific hospitals

and ethnicities only addresses a portion of healthcare disparities. However, from

our investigations, we hope to promote the utilization of fairness-aware algorithms
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in a wider range of prediction and debiasing tasks through the framework and

concepts introduced in this thesis.

Another constraint observed in our study pertains to the inherent characteristics

of clinical data, which often feature noise, inconsistency, and missing values. Clinical

data is prone to noise, which can obscure meaningful patterns and insights. This

noise originates from diverse sources, including measurement inaccuracies, errors in

data entry, or variations in recording practices across different healthcare providers.

Consequently, machine learning algorithms trained on noisy clinical data may

yield unreliable predictions, thereby compromising the precision of healthcare

decision-making processes. Additionally, inconsistency and missing values also

represent common challenges in clinical data, affecting both data quality and

representation. These factors collectively exert a substantial impact on our capacity

to discern existing biases within the data and subsequently develop machine learning

algorithms that are both equitable and precise. One method of overcoming this

can include using methods similar to the NCR method introduced in Chapter 4,

as this method relies on using feature representations, rather than labels (which

can be noisy) to train models.

Moreover, for the COVID-19 screening task, our investigation spanned a sig-

nificant time period, from December 1, 2019, to December 30, 2022. During

this extended duration and particularly during peak pandemic periods, such as

the COVID-19 outbreak, the relationship between patient and disease factors

with clinical events, including hospital-acquired infections, may undergo changes

[272]. Additionally, over time, there may be variations in practice patterns such

as hardware and software updates and changes in protocols, which can impact

data capture as well as outcomes.

Finally, another constraint lies in our reliance on statistical fairness metrics

to evaluate fairness. Hence, a significant concern arises regarding the potential

inconsistency between a patient’s clinical trajectory and the fair predictions gener-

ated by a model [53]. Given the inherent heterogeneity of clinical data and human

behavior, along with the myriad of other factors influencing patient outcomes, what
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occurs if the patient’s response deviates from the predicted one (compared to the

reference training set on which the model is developed)? This variance between

the idealized model and real-world behavior can profoundly affect metrics of model

performance, such as specificity and sensitivity, as well as its practical clinical utility.

If clinicians and patients perceive the model as impartial, any disparities between

its predictions and the patient’s actual clinical condition could be challenging to

decipher. Consequently, this could obscure interventions that could have been

more relevant and beneficial for the patient [53]. Hence, relying solely on output

metrics to operationalize fairness proves inadequate.

8.3 Future Research Directions

8.3.1 Multi-Modal Analyses

An exciting area for future research is the implementation of multi-modal analyses.

As diverse data types, such as imaging and genetic sequencing, continue to proliferate,

there exists a promising opportunity to harness multi-modal analyses and algorithms

to delve deeper into the complexities of human biology and health [317–319].

Through the integration of multiple data modalities, researchers gain access to

a broader spectrum of information for model training, thereby enhancing the

robustness of classifiers. For example, incorporating data from MRI scans, X-

rays, and other imaging technologies can provide spatial and structural insights

into biological tissues and organs. Using genetic information, such as DNA and

RNA sequencing, can offer detailed views of the genetic underpinnings of diseases

and biological processes. Including patient records, lab test results, and other

clinical information adds another layer of context that is critical for understanding

health outcomes.

Even prior to model development, these heterogeneous datasets can be subjected

to thorough analysis to identify viable tasks for modeling and ascertain which

features are most relevant for constructing accurate and resilient models. Such

preliminary analyses serve as a foundational step in understanding the landscape of

available data and formulating effective modeling strategies. For instance, feature
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selection can help identify which variables from imaging and genetic data are

most predictive of certain health outcomes. Additionally, correlation studies can

analyze how different types of data correlate with each other to uncover hidden

relationships and potential causal links.

Moreover, these multi-modal analyses are instrumental in uncovering existing

biases within the data. By scrutinizing diverse sources of information, researchers

can identify patterns of bias and devise strategies for their mitigation. For example,

exploratory data analysis can reveal if there are disparities that exist across different

patient populations. By addressing these issues early on, researchers can ensure that

the data used for training models is more representative and balanced. Moreover,

preliminary analyses can help in feature selection and engineering, ensuring that the

most relevant and unbiased features are used in the model. For instance, if a feature

like "socioeconomic status" introduces bias in health predictions, researchers might

adjust its representation or find alternative features that capture the necessary

information without the associated bias. This proactive approach ensures that

biases are addressed early in the modeling process, leading to more equitable

and reliable outcomes.

Case studies and applications of multi-modal analyses further highlight their

potential. In cancer research, combining imaging, genetic, and clinical data has been

used to improve the accuracy of cancer diagnosis and treatment personalization

[317–322]. In the field of neurological disorders, integrating MRI scans with genetic

data has helped in understanding complex conditions like Alzheimer’s disease

[323–325]. Similarly, in cardiovascular health, combining electrocardiogram data,

genetic markers, and clinical records has advanced the prediction and management

of cardiovascular diseases [326–330].

The integration of multi-modal data in developing fairness-aware algorithms

holds significant potential for advancing personalized and equitable healthcare. By

comprehensively understanding patient data, healthcare providers can deliver more

customized treatments that account for each patient’s unique genetic, clinical, and

lifestyle factors. For example, personalized treatment plans for cancer patients can
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be created by combining genomic data with clinical trial outcomes and imaging

studies, resulting in more effective and targeted therapies. Furthermore, fairness-

aware algorithms can ensure that these personalized treatments are distributed

equitably across all patient populations. For example, in the development of

predictive models for disease outbreaks and diagnosis, as highlighted in this thesis,

these algorithms can guarantee that predictions are both accurate and fair across

various geographic and demographic groups, leading to more effective and inclusive

public health interventions.

Finally, an intriguing and valuable direction for future research lies in the

development of more advanced bias mitigation methods capable of addressing

and reducing bias across various data modalities. This approach would involve

tailoring unique mitigation strategies to suit each specific type of data, whether it

be imaging, genetic, clinical, or demographic. For instance, specialized techniques

could be developed to correct biases inherent in medical imaging data, while different

strategies might be applied to address biases found in genetic or clinical datasets.

By customizing bias mitigation approaches to the characteristics of each data

modality, researchers can more effectively ensure fairness and accuracy in multi-

modal machine learning models, leading to more equitable and reliable outcomes

in fields such as healthcare, finance, and beyond.

8.3.2 Explainable Methods

In addition to developing sophisticated algorithms capable of handling complex

and high-dimensional data, future research in machine learning bias detection will

also focus on incorporating techniques from explainable AI (XAI) to identify and

understand subtle biases. By improving the transparency and explainability of

AI systems, researchers can enhance their ability to detect and mitigate biases,

ultimately fostering greater trust and ethical use of AI across various domains [331].

Explainable AI provides tools and methods to make the decision-making pro-

cesses of machine learning models more transparent and understandable [331–335].
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One approach to integrating XAI into fairness-aware algorithms is the use of model-

agnostic explainability tools [331, 333]. These tools, such as Local Interpretable

Model-agnostic Explanations [336], Shapley Additive Explanations (SHAP) [337],

and others [338–340], can be applied to any machine learning model to explain its

predictions. For example, SHAP values can quantify the contribution of each feature

to a model’s output [337], helping to identify if certain features are contributing to

biased outcomes. By using these tools, researchers can pinpoint specific aspects of

the data or model that may be introducing bias and adjust them accordingly.

Another important aspect is the development of inherently interpretable models.

Unlike complex "black-box" models, interpretable models are designed to be easily

understood by humans. Examples include decision trees [331, 341, 342], rule-based

systems[331, 333, 334, 343], and Generalized Additive Models [333, 344–346]. These

models provide clear insights into how decisions are made, which is crucial for

identifying and correcting biases. For instance, a decision tree used in predicting

patient treatment outcomes can be examined to ensure that it does not unfairly

discriminate against patients based on race or gender. By using interpretable

models, researchers can more easily ensure fairness in their algorithms.

Incorporating XAI techniques into fairness-aware algorithms not only aids

in bias detection but also enhances the overall transparency and accountability

of AI systems. Regularization techniques can be designed to promote fairness

by encouraging the model to rely on features in a more balanced manner. For

example, using explainability-driven regularization can use insights from XAI

tools to guide the regularization process [347], ensuring that the model does not

disproportionately depend on any biased features. For example, in a predictive

policing model, regularization can be guided by SHAP values to ensure that the

model’s reliance on socio-economic data does not lead to biased predictions. By

continuously monitoring feature importance during training, researchers can adjust

regularization parameters to achieve a fairer model.

Moreover, the use of XAI fosters trust among users and stakeholders [331–

335]. When people can understand and trust the decision-making processes of
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AI systems, they are more likely to accept and adopt these technologies. This

is particularly important in high-stakes domains like criminal justice, where AI-

based risk assessments and sentencing recommendations must be transparent and

justifiable to ensure public trust and ethical use. In healthcare, where AI directly

impacts critical health outcomes and life-or-death decisions, XAI can help doctors

understand why a model predicts a high risk of a certain disease for a patient.

This allows them to validate the model’s reasoning and ensure it is based on

relevant medical factors rather than biased data. In finance, explainable models

can provide clear justifications for credit decisions, helping to ensure that lending

practices are fair and non-discriminatory.

In conclusion, incorporating XAI techniques into fairness-aware algorithms is

essential for the future of machine learning bias detection. By utilizing model-

agnostic tools, developing interpretable models, and directly applying these methods

in bias mitigation, researchers can significantly enhance the transparency and

explainability of AI systems. These advancements will improve our ability to detect

and mitigate biases, leading to more equitable and trustworthy AI applications

across various domains.

8.3.3 Foundation Models

Foundation models, with their large-scale and general-purpose capabilities, have

transformed the landscape of artificial intelligence, enabling breakthroughs across

a wide range of applications. They are now considered the basis for a wide range

of downstream tasks across various data modalities [348, 349]. However, their

immense scale and reliance on vast datasets also introduce unique challenges for bias

mitigation and algorithmic fairness. These models often reflect the biases present in

their training data, which can propagate and amplify in downstream tasks [350–354].

At the same time, their flexibility and adaptability provide opportunities to address

fairness more holistically, offering new tools and methods to identify, mitigate, and

monitor bias. Exploring the intersection of foundation models and fairness is critical

to harnessing their potential responsibly and equitably.
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Both large language models (e.g., GPT-4 [355]) and vision models (e.g., CLIP

[356]), are pre-trained on massive datasets often sourced from the internet [348,

351, 352, 354, 357]. These datasets inherently reflect societal biases, which can be

amplified and propagated into downstream tasks, potentially leading to unfair or

harmful outcomes [352, 353, 357]. Addressing this issue requires identifying and

quantifying the biases embedded within foundation models, as well as developing

fairness metrics specifically tailored to assess their behavior across large-scale, multi-

domain contexts [348, 354]. Additionally, understanding how biases present in

pre-training datasets translate into specific downstream applications is crucial for

designing effective mitigation strategies. This area of research holds significant

promise for improving fairness and accountability in AI systems powered by foun-

dation models [354]. For example, when fine-tuning foundation models for specific

tasks, it will be essential to incorporate effective bias mitigation strategies to ensure

fair and equitable outcomes [357, 358]. This could involve exploring techniques that

preserve the valuable features and knowledge embedded in foundation models while

simultaneously reducing inherited biases. Moreover, debiasing techniques inspired by

adversarial training, reweighting, or targeted loss functions (as demonstrated in this

thesis) can be implemented during the fine-tuning process to address and mitigate

unfair tendencies. It is also important to investigate how task-specific adaptations

interact with pre-existing biases in the model, as these interactions may introduce or

exacerbate unintended disparities. Tackling these challenges during fine-tuning not

only enhances fairness but also ensures that foundation models align more closely

with ethical and societal expectations in real-world applications. Additionally, given

the immense size of foundation models, it is far more computationally efficient to

focus on debiasing for specific fine-tuned tasks rather than attempting to address

biases throughout the entire pre-training process.

Being general-purpose, foundation models often combine multiple modalities—such

as text, images, and videos—to support complex, cross-domain tasks [351, 352].

Ensuring fairness in these multi-modal settings is particularly challenging due

to the interactions between modalities, which can introduce or amplify biases
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[358]. Addressing these challenges requires the development of cross-modal fairness

metrics and mitigation strategies that account for the interplay between different

types of data [359]. Additionally, it is important to understand how biases in one

modality, such as textual descriptions, may influence predictions in another, such

as image classification [359, 360]. Thus, future studies should prioritize developing

alignment techniques to ensure fairness across diverse input modalities, which is

essential for achieving equitable outcomes and preserving the integrity of multi-

modal foundation models in real-world applications.

Foundation models are also rapidly being adopted in critical domains such as

healthcare, education, and legal systems, where fairness is essential for achieving

equitable outcomes [351, 353]. These fields present unique challenges that necessitate

tailored strategies to effectively address biases and disparities. Furthermore, as

foundation models are continuously updated or adapted to new applications,

it becomes crucial to develop robust frameworks for dynamically auditing and

monitoring fairness [351, 361]. Such frameworks can help detect emerging biases

and ensure that these powerful models remain aligned with ethical standards and

societal expectations over time [362, 363].

Another intriguing direction for future research lies in using foundation models

as tools for detecting and addressing biases in other systems. Their advanced

generalization capabilities make them well-suited for identifying bias patterns within

datasets or smaller models, revealing disparities that might otherwise remain hidden.

Furthermore, foundation models can serve as benchmarks for evaluating the fairness

of other algorithms, offering a standard for assessing and improving equity in machine

learning systems. By using these capabilities, foundation models have the potential

to play a pivotal role in fostering more transparent and equitable AI ecosystems.

8.3.4 Ethical AI Frameworks and Standards

The establishment of ethical AI frameworks and industry standards for bias mitiga-

tion is a crucial direction for future research and practice. These frameworks can

provide comprehensive guidelines and best practices for developing and deploying fair
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and unbiased AI systems, ensuring that the ethical implications of AI are adequately

addressed throughout the model lifecycle [364–367]. By setting clear standards, these

frameworks help ensure that AI technologies are developed responsibly, reducing

the risk of harm and discrimination.

Regulatory bodies and professional organizations play a pivotal role in setting

these standards and ensuring compliance. For example, the European Union’s

General Data Protection Regulation includes provisions that impact the develop-

ment and deployment of AI, particularly regarding transparency and the right to

explanation [368]. Similarly, the IEEE Global Initiative on Ethics of Autonomous

and Intelligent Systems has developed guidelines to foster ethical AI practices [366,

367]. Such professional organizations can develop and promote ethical guidelines

and standards to standardize bias mitigation practices across the field.

Several ethical AI frameworks have also already been proposed. For example, the

European Commission issued the Ethical Guidelines for Trustworthy AI, outlining

several key requirements for trustworthy AI, including diversity, non-discrimination,

and fairness [369]. These guidelines serve as a comprehensive framework for

developing and deploying AI systems that are ethical and fair.

Additionally, these organizations can also provide training and resources to help

practitioners understand and implement these standards. For example, IBM’s AI

Fairness 360 is an open-source toolkit that includes metrics for datasets and machine

learning models to test for biases, as well as algorithms to mitigate these biases,

providing practical tools for ensuring that AI systems are fair and transparent [370].

Furthermore, as these standards and frameworks are implemented, they can be

directly integrated into AI methods during the model training phase through

techniques such as regularization and constraints. Constraint-based methods

can enforce fairness criteria during the optimization process, while regularization

techniques can incorporate fairness-aware terms in the model’s objective function.

This ensures that the model optimizes for both accuracy and fairness, as defined by

various standards and frameworks. For example, demographic parity constraints

can be applied to ensure that the model’s predictions are equally accurate across
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different demographic groups. This might involve setting constraints so that the

rate of accurate disease diagnosis is consistent for patients of all racial and ethnic

backgrounds. By doing so, the model helps prevent disparities in healthcare

outcomes and ensures that all patients receive equally reliable diagnoses, regardless

of their demographic characteristics. Additionally, these standards and frameworks

will guide the evaluation of AI methods and their outcomes during post-hoc analyses,

ensuring continuous adherence to ethical principles.

Overall, establishing ethical AI frameworks and industry standards for bias

mitigation is crucial for the responsible development and deployment of AI systems.

Regulatory bodies and professional organizations are vital in setting these standards

and ensuring compliance. By integrating these standards into AI methods through

techniques such as regularization and constraints, practitioners can develop models

that are not only accurate, fair, and transparent but also aligned with ethical prin-

ciples and guidelines. This alignment enhances the acceptance and trustworthiness

of AI systems. These efforts will help build public trust in AI and ensure that its

benefits are equitably distributed across all segments of society.

8.3.5 Continuous Prospective Model Evaluation

While the retrospective study presented in this thesis provides valuable insights into

historical data, future research should prioritize prospective analysis. This approach

allows for a more dynamic evaluation of model performance and facilitates timely

feedback, which is essential for refining and enhancing predictive models. Factors

such as variations in prevalence, data drift, and evolving practice patterns—including

hardware and software updates and protocol changes—can influence data capture

and outcomes over time. Therefore, incorporating prospective analysis in forthcom-

ing studies is crucial for bolstering the robustness and applicability of the findings.

Moreover, external validation studies conducted in a specific geographical

area, during a particular time frame, and within a distinct patient population

offer only a limited view and cannot assert universal applicability. Thus, future

validation efforts should aim to quantify and comprehend the heterogeneity in model
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performance, rather than solely focusing on point estimates [271]. By dynamically

assessing model performance and incorporating timely feedback, researchers can

refine predictive models, ensuring their relevance and effectiveness in diverse and

evolving clinical environments.

In conclusion, while fairness metrics are essential for evaluating model per-

formance, they should be complemented by an understanding of how model

predictions translate into tangible outcomes for patients in clinical practice at

various points in time. This approach ensures that machine learning algorithms

not only generate equitable predictions but also make a meaningful contribution

to improving healthcare outcomes for all individuals.

8.4 Looking Forward: Ensuring Patient Equity
in the Era of AI

I hope this thesis has highlighted the significance and intricacies involved in crafting

and implementing fair and equitable AI systems in healthcare. Moving forward, there

are still many ethical questions to consider, such as what constitutes fairness and who

decides what’s fair. There are fundamental biological questions to consider, such as

how genetic variability truly affects different populations and the interplay between

biology and social determinants of health. There are also technical considerations to

address, including the computational resources necessary for training and executing

models on increasingly large, high-dimensional, and complex datasets. Crucially,

there’s the continuous cycle of hypothesis generation, discovery, and the investigation

of practical clinical outcomes, underscoring the dynamic nature of this field.

Overall, it is crucial to recognize that fostering fairness and equity in clinical

machine learning goes beyond simply deploying fairness-aware algorithms. It

demands a holistic approach that encompasses the entire lifecycle of machine

learning development and deployment. This includes the initial design phase,

where the selection of variables and the conceptual framework must consider equity,

through to the data collection processes, which should aim to minimize biases by

ensuring diversity and representation. Critical to this effort is the engagement
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with stakeholders, including patients from diverse backgrounds, healthcare pro-

fessionals, and policymakers, to understand and integrate their perspectives and

needs. Furthermore, transparency in algorithm development and decision-making

processes, along with continuous monitoring and updating of models to adapt to

changing populations and healthcare practices, are essential. Such comprehensive

measures ensure that the benefits of clinical machine learning are accessible and

equitable, truly advancing healthcare outcomes for all.

I’ve been fortunate to explore just a few of the myriad of possibilities presented

by fairness-aware machine learning. As we move forward into the age of artificial

intelligence, I hope that these initiatives continue to broaden and provide valuable

insights. I also hope that they are supported by the necessary clinical infrastructure

to effectively translate these insights into actionable solutions.



Appendices

185





A
COVID-19 Clinical Data

A.1 Patient Inclusion and Exclusion Criteria

A.1.1 Oxford University Hospitals NHS Foundation Trust

We included all patients attending acute and emergency care settings at Oxford

University Hospitals NHS foundation trust who received routine blood tests on

arrival. From the "first-wave" of the COVID-19 pandemic in the UK, we included

all presentations between December 1, 2019 and June 30, 2020, and from the

"second-wave", the second wave we included all presentations between October 1,

2020, to March 6, 2021. Patients presenting with PCR confirmed SARS-CoV-2

infection formed the COVID-19-positive (cases) cohort. We excluded patients

who opted out of electronic health record (EHR) research and those who did not

receive laboratory blood tests or were younger than 18 years of age. Clinical

features extracted for each presentation included first-performed blood tests, blood

gases, vital signs measurements and PCR testing for SARS-CoV-2 (Abbott Architect

[Abbott, Maidenhead, UK], TaqPath [Thermo Fisher Scientific, Massachusetts, USA]

and Public Health England-designed RNA-dependent RNA polymerase assays).

Due to incomplete penetrance of testing during the first wave of the pandemic,

and imperfect sensitivity of the PCR test, there is uncertainty in the viral status

of patients presenting during the pandemic who were untested or tested negative.
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We therefore selected a pre-pandemic control cohort during training to ensure

absence of disease in patients labelled as COVID-19-negative. Thus, we additionally

considered presentations before December 1, 2019, and thus before the pandemic,

as the COVID-19-negative (control) cohort.

A.1.2 Portsmouth Hospitals University NHS Foundation
Trust

PUH considered all patients admitted to the Queen Alexandria Hospital, serving

a population of 675,000 and offering tertiary referral services to the surrounding

region, between March 1, 2020 and February 28, 2021. Confirmatory COVID-19

testing was by laboratory SARS-CoV2 RT-PCR assay, considering any positive

PCR result within 48hrs of admission as a true positive.

A.1.3 University Hospitals Birmingham NHS Foundation
Trust

UHB considered all patients admitted to The Queen Elizabeth Hospital, Birmingham,

between December 01, 2019 and October 29, 2020. The Queen Elizabeth Hospital

is a large tertiary referral unit within the UHB group which provides healthcare

services for a population of 2.2 million across the West Midlands. Confirmatory

COVID-19 testing was performed by laboratory SARS-CoV-2 RT-PCR assay.

A.1.4 Bedfordshire NHS Foundation Trust

BH considered all patients admitted to Bedford Hospital between January 1, 2021

and March 31, 2021. BH provides healthcare services for a population of around

620,000 in Bedfordshire. Confirmatory COVID-19 testing was performed on the

day of admission by point-of-care PCR based nucleic acid testing [SAMBA-II &

Panther Fusion System, Diagnostics in the Real World, UK, and Hologic, USA].
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A.2 Missing Data Imputation

Table A.1: Numbers of participants with data-completeness for each clinical feature,
across each validation dataset.

Prospective Test External Validation (Admissions)

Oxford University Hospitals Bedfordshire Hospitals NHS
Foundation Trust

University Hospitals Birmingham
NHS Foundation Trust

Portsmouth Hospitals
University NHS Trust

Oct 1/20 – Mar 6/21 Jan 1/21 - Mar 31/21 Dec 1/19 - Oct 29/20 Mar 1/20 - Feb 28/21
Haemoglobin (g/L) 22532/22857 (98.6%) 10243/10293 (99.5%) 37761/37896 (99.6%) 1177/1177 (100.0%)
White Cells (109l−1) 22532/22857 (98.6%) 10244/10293(99.5%) 37756/37896 (99.6%) 1177/1177 (100.0%)
Platelets (109l−1) 22511/22857 (98.5%) 10230/10293 (99.4%) 37719/37896 (99.5%) 1172/1177 (99.6%)
Mean Cell Vol. (fl) 22532/22857 (98.6%) 10288/10293 (100.0%) 37750/37896 (99.6%) 1177/1177 (100.0%)
Neutrophils (109l−1) 22417/22857 (98.1%) 10277/10293 (99.8%) 37734/37896 (99.6%) 1177/1177 (100.0%)
Haematocrit 22532/22857 (98.6%) 10288/10293 (100.0%) 37755/37896 (99.6%) 1177/1177 (100.0%)
Lymphocytes (109l−1) 22430/22857 (98.1%) 10274/10293 (99.8%) 37736/37896 (99.6%) 1177/1177 (100.0%)
Monocytes (109l−1) 22452/22857 (98.2%) 10273/10293 (99.8%) 37744/37896 (99.6%) 1177/1177 (100.0%)
Eosinophils (109l−1) 22452/22857 (98.2%) 10272/10293 (99.8%) 37736/37896 (99.6%) 1177/1177 (100.0%)
Basophils (109 l-1) 22448/22857 (98.2%) 10270/10293 (99.8%) 37745/37896 (99.6%) 1177/1177 (100.0%)
Sodium (mM) 22442/22857 (98.2%) 9664/10293 (93.9%) 36409/37896 (96.1%) 1173/1177 (99.7%)
Albumin (g/L) 20010/22857 (87.5%) 8783/10293 (85.3%) 35625/37896 (94.0%) 1160/1177 (98.6%)
Alkaline Phosphatase (IU/L) 19885/22857 (87.0%) 8799/10293 (85.5%) 35604/37896 (94.0%) 1111/1177 (94.4%)
ALT (IU/L) 19692/22857 (86.2%) 8689/10293 (84.4%) 35547/37896 (93.8%) 1037/1177 (88.1%)
Urea (mM) 22400/22857 (98.0%) 9667/10293 (93.9%) 36398/37896 (96.0%) 1141/1177 (96.9%)
Bilirubin (umol/L) 19705/22857 (86.2%) 8716/10293 (84.7%) 35550/37896 (93.8%) 940/1177 (79.9%)
Creatinine (umol/L) 22457/22857 (98.2%) 9655/10293 (93.8%) 36415/37896 (96.1%) 1172/1177 (99.6%)
eGFR (ml/min) 22405/22857 (98.0%) 9649/10293 (93.7%) 36415/37896 (96.1%) 1172/1177 (99.6%)
Potassium (mM) 22043/22857 (96.4%) 9306/10293 (90.4%) 34910/37896 (92.1%) 1057/1177 (89.8%)
CRP (mg/L) 19068/22857 (83.4%) 8204/10293 (79.7%) 35245/37896 (93.0%) 1136/1177 (96.5%)
Respiratory Rate (breath/min) 22794/22857 (99.7%) 1177/1177 (100.0%) 10091/10293 (98.0%) 33459/37896 (88.3%)
Heart Rate (beats/min) 22845/22857 (99.9%) 1176/1177 (99.9%) 10117/10293 (98.3%) 33461/37896 (88.3%)
Systolic Blood Pressure (mmHg) 22843/22857 (99.9%) 1171/1177 (99.5%) 10083/10293 (98.0%) 33459/37896 (88.3%)
Diastolic Blood Pressure (mmHg) 22841/22857 (99.9%) 1171/1177 (99.5%) 10082/10293 (98.0%) 33459/37896 (88.3%)
Oxygen Saturation (%) 22837/22857 (99.9%) 1177/1177 (100.0%) 10118/10293 (98.3%) 33459/37896 (88.3%)
Tympanic Temperature (C) 22767/22857 (99.6%) 1177/1177 (100.0%) 10115/10293 (98.3%) 33456/37896 (88.3%)

Table A.2: Evaluation of the performance of (a) CURIAL-Rapide and (b) CURIAL-
Lab, optimized during training to achieve a sensitivity of 90%, on prospective set of
all admissions to OUH during the second-wave of COVID-19, between October 1, 2020
and March 6, 2021. Mean values are reported alongside SD across population median,
population mean, and age-based imputation methods. Values taken from [133].

Model CURIAL-Rapide CURIAL-Lab
Sensitivity 85.6 (0.6) 85.7 (0.9)
Specificity 59.1 (0.3) 68.6 (2.2)
PPV 9.46 (0.0) 12.0 (0.6)
NPV 98.8 (0.0) 99.0 (0.0)
AUROC 0.843 (0.002) 0.878 (0.001)
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A.3 Distribution of Clinical Features

Table A.3: Distribution of vital sign and blood test features, reported as median and
interquartile ranges, for each patient cohort in the training dataset. p-value is obtained
from the Kruskal-Wallis test.

Feature OUH UHB PUH BH p-value
Respiratory Rate 18 (16.6-19) 17 (16-19) 18 (17-20) 18 (16-20) <0.0001
Heart Rate 84 (72-97) 82 (71-95) 86 (73-101) 84 (73-98) <0.0001
Systolic Blood Pressure 134 (119-152) 128 (114-146) 136 (119-155) 131 (116-151) <0.0001
Diastolic Blood Pressure 75 (65-85) 76 (67-84) 77 (68-87) 78 (68-89) <0.0001
Temperature Tympanic 36.3 (36-36.8) 36.3 (36-36.8) 36.7 (36.4-37.2) 36.5 (36.4-36.9) <0.0001
Albumin 35 (31-39) 36 (31-40) 36 (32-40) 35 (31-39) <0.0001
Creatinine 74 (60-97) 74 (60-96) 78 (62-105) 80 (64-102) <0.0001
Platelets 250 (197-313) 252 (198-313) 247 (196-311) 249 (199-317) 0.127
Bilirubin 9 (6-14) 10 (7-16) 10 (7-15) 10 (8-14) <0.0001
Urea 5.7 (4.2-8.3) 5.2 (3.8-7.6) 6.2 (4.5-9) 5.8 (4.2-8.55) <0.0001
Neutrophils 6.36 (4.34-9.47) 5.9 (4.2-8.5) 6.9 (4.8-10) 6.9 (4.8-9.8) <0.0001
CRP 16.6 (3.6-69.3) 12 (3-69) 12 (3-61) 11.8 (2.8-46.6) <0.0001
Lymphocytes 1.29 (0.84-1.87) 1.5 (0.98-2.1) 1.3 (0.9-1.9) 1.28 (0.86-1.8) <0.0001
Haemoglobin 129 (114-142) 130 (114-143) 127 (113-140) 134 (119-146) <0.0001
White Cells 8.85 (6.63-11.98) 8.5 (6.6-11.2) 9.4 (7.1-12.6) 9.3 (7-12.6) <0.0001
Mean Cell Volume 90.2 (86.6-94.2) 89 (84.9-93) 89.9 (86.2-93.6) 88 (84-92) <0.0001
Haematocrit 0.39 (0.35-0.43) 0.39 (0.345-0.425) 0.38 (0.34-0.42) 0.4 (0.35-0.43) <0.0001
Basophils 0.04 (0.02-0.06) 0.04 (0.02-0.06) 0.1 (0-0.1) 0.05 (0.03-0.07) <0.0001
Eosinophils 0.07 (0.02-0.16) 0.1 (0.02-0.2) 0.1 (1-0.2) 0.07 (0.02-0.16) <0.0001
Sodium 138 (135-140) 138 (136-140) 137 (134-139) 138 (136-140) <0.0001
ALT 20 (12-33) 19 (13-29) 19 (13-30) 20 (13-31) <0.0001
Alkaline phosphatase 84 (66-111) 84 (67-109) 90 (71-119) 95 (76-125) <0.0001
eGFR 84 (58-150) 83 (59-90) 76 (52-90) 77 (55-90) <0.0001
Potassium 4 (3.8-4.4) 4.2 (3.9-4.5) 4.1 (3.8-4.4) 4.3 (4-4.6) <0.0001
Monocytes 0.65 (0.47-0.89) 0.62 (0.48-0.85) 0.7 (0.5-0.9) 0.66 (0.48-0.9) <0.0001
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A.4 Feature Ranking for CURIAL Models

Figure A.1: Explainability analyses for CURIAL-Lab & CURIAL-Rapide. a) Relative
feature importance of individual predictors within the trained models, b) SHAP (Shapley
Additive Explanations) score analysis on the OUH second wave prospective set. Figure
taken from [133]
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B
Bias Mitigation for Supervised Learning

B.1 Software and Implementation

Models were implemented using Python (v3.6.9). Scikit Learn (v0.24.1) was used

for standardization, median imputation, and dataset splitting. Performance metrics

were calculated using Scikit Learn and manually programmed. XGBoost baseline

models were implemented using the XGBoost library (v1.3.3). Neural network

baseline models were implemented using Keras (v2.6.0). The NCR model and

adversarial debiasing models were implemented using PyTorch (v1.13.1). All

models were run using an Intel Xeon E-2146G Processor (CPU: 6 cores, 4.50

GHz max frequency).

B.2 Additional NCR Loss Functions

B.2.1 Jensen-Shannon Divergence

LNCR := 1
m

m∑
i=1

DJS

(
σ(zi)

∥∥∥∥∥ ∑
jϵNNk

si,j∑
k

si,k

σ(zj)
)

(B.1)

B.2.2 Mean Absolute Error

LNCR := 1
m

m∑
i=1

abs

(
σ(zi) −

∑
jϵNNk

si,j∑
k

si,k

σ(zj)
)

(B.2)
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B.3 Final Hyperparameter Values

Table B.1: Final hyperparameter values used in COVID-19 status prediction for
supervised learning methods. Models trained for 100 epochs.

Model Hyperparameters
XGB

Learning rate = 0.1
N estimators = 100
Depth = 3

NN
Number hidden layers = 1
Hidden nodes = 10
Learning rate = 0.1

NN (weighted)
Number hidden layers = 1
Hidden nodes = 10
Learning rate = 0.1

XGB (weighted)
Learning rate = 0.1
N estimators = 100
Depth = 3

NN (reg.)
Number hidden layers = 1
NCR starting epoch = 20
Hidden Layer to calculate NCR = 1
NCR weight = 1
k = 10
Loss = KL

ADV
Number hidden layers (predictor) = 1
Number hidden layers (adversary) = 1
Hidden nodes (predictor) = 100
Hidden nodes (adversary) = 10
Alpha = 1
Learning Rate = 0.0001



C
Bias Mitigation for Reinforcement

Learning

C.1 Software and Implementation

Models were implemented using Python (v3.6.9). Scikit Learn (v0.24.1) was used

for standardization, median imputation, and dataset splitting. Performance metrics

were calculated using Scikit Learn and manually programmed. Reinforcement

learning was set up using Tensorflow (v2.6.2).

The code for the imbalanced learning and bias mitigation reinforcement learning

methods are available online at https://github.com/yangjenny/ImbalancedLearningRL

and https://github.com/yangjenny/BiasMitigationRL, respectively. All mod-

els were run using an Intel Xeon E-2146G Processor (CPU: 6 cores, 4.50 GHz

max frequency).
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C.2 Final Hyperparameter Values

Table C.1: Final hyperparameter values used in COVID-19 status prediction for
reinforcement learning methods.

Model Hyperparameters
RL

Number hidden layers = 1
Gamma = 0.1
Learning Rate = 0.00009
Epsilon range = [0.01,1]
Hidden nodes = 500

RL (debiasing)
Number hidden layers = 1
Gamma = 0.1
Learning Rate = 0.00009
Epsilon range = [0.01,1]
Hidden nodes = 500

C.3 Hospital Subgroup True Positive and False
Positive Rates

Table C.2: True positive rates for hospital bias and COVID-19 status prediction test
results across different models, optimized to sensitivities of 0.9.

Model OUH UHB BH PUH
RL (debiasing) 0.878 0.886 0.906 0.900

RL 0.871 0.920 0.969 0.911
XGBoost 0.871 0.920 0.906 0.858

Neural Net. 0.863 0.920 0.906 0.889
Neural Net. (weighted) 0.825 0.875 0.750 0.820

XGBoost (weighted) 0.888 0.886 0.875 0.850
Neural Net. (reg.) 0.849 0.898 0.906 0.876

Adversarial 0.860 0.920 0.906 0.903
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Table C.3: False positive rates for hospital bias and COVID-19 status prediction test
results across different models, optimized to sensitivities of 0.9.

Model OUH UHB BH PUH
RL (debiasing) 0.419 0.350 0.308 0.364

RL 0.502 0.393 0.328 0.432
XGBoost 0.362 0.282 0.263 0.215

Neural Net. 0.372 0.296 0.192 0.306
Neural Net. (weighted) 0.121 0.200 0.179 0.156

XGBoost (weighted) 0.349 0.264 0.273 0.215
Neural Net. (reg.) 0.338 0.262 0.207 0.274

Adversarial 0.396 0.317 0.273 0.350

C.4 Training Times

Figure C.1: Average training times across 10 training runs, for XGBoost, Neural
Network, and Reinforcement Learning Models. Values displayed on logarithmic (base 10)
scale.
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C.5 Adjusted Thresholds Used for Binary Clas-
sification

Table C.4: Adjusted Threshold Values Used for COVID-19 status prediction (hospital-
site debiasing).

Model Threshold
0.9

RL (debiasing) 0.46747
RL 0.49700

ADV 0.03206
NN 0.03203

XGB 0.01804
NN (weighted) 0.31231

XGB (weighted) 0.06306
NN (reg) 0.03403

C.6 Reinforcement Learning for Imbalanced Train-
ing

C.6.1 Defining Reward for Multi-class Imbalance

The reward, rt, is the evaluation signal measuring the success of the agent’s selected

action. A positive reward is given when the agent correctly classifies the sample, and

a negative reward is given otherwise, thus allowing the agent to learn the optimal

behavior for prediction. We let the reward for accurately/inaccurately labelling an

instance of a particular class be inversely proportional to the relative presence of

the class in the data. The absolute reward value of a sample from the minority class

is thus higher than that in the majority class, making the model more sensitive to

the minority class. With lk as the label of the sample, the reward function used is:

R(st, at, lt) =
λk if at = lt and lt = k

−λk if at ̸= lt
(C.1)

λk =
1

NK∥∥∥ 1
N0

, 1
N1

, ..., 1
Nk

∥∥∥2 (C.2)

Nk represents the number of class instances in class k and λk is a trade-off

parameter used for adjusting the influence of the minority and majority classes.
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We found that our model achieved desirable performance when λk is the sum of

inverse squares of class frequencies, as shown in Equation C.2.

C.6.2 Model Comparators and Evaluation Metrics

We compare this imbalanced learning method against three baseline models - a fully-

connected neural network and XGBoost (each with no added imbalanced learning

strategy applied), as well as a DDQN and DQN (as introduced in [227]) with no

dueling component. We also present results for the neural network and XGBoost

models with the addition of two commonly used, state-of-the-art imbalanced

data-learning methods:

SMOTE: SMOTE was applied to the training set using a minority oversampling

strategy of 0.2 (i.e. the minority class was oversampled to have 20% of the number

of samples in the majority class).

Cost-Sensitive Learning: Different weighted costs were assigned to each class

during training. The value of class weights chosen were inversely proportional

to class frequencies in the training data.

We trained both a neural network and XGBoost model as-is, and additionally

trained implementations that utilized SMOTE and cost-sensitive learning. Appro-

priate hyperparameter values for all models were determined through standard

5-fold cross-validation (CV), using the training set. For the DDQN without a

dueling component, we use the same hyperparameter settings as our method, to

directly compare balanced classification performance of both methods.

To evaluate the classification performance, we calculate the sensitivity, specificity,

and the area under receiver operator characteristic curve (AUROC) across all test

sets, alongside 95% confidence intervals (CIs).

Since our model’s objective is to train models effectively on imbalanced data,

we assess the balanced classification performance using the Fowlkes–Mallows Index

(FM score) and G-mean metrics. The G-mean metric is calculated as the geometric

mean of recall and specificity, while the FM-score represents the geometric mean

of recall and precision [227]. By utilizing geometric means, these metrics evaluate
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the sensitivity and specificity of the model, ensuring that both the true positive

and true negative rates are adequately considered.

As used in [227], we calculate FM-score and G-mean as follows:

F =
√

Sensitivity ∗ Precision

=
√

TP

TP + FN
∗ TP

TP + FP

(C.3)

G =
√

Sensitivity ∗ Specificity

=
√

TP

TP + FN
∗ TN

TN + FP

(C.4)

where TP is the number of true positives; FP is the number of false positives;

TN is the number of true negatives; and FN is the number of false negatives.

C.6.3 Prediction Task and Datasets

We train models to predict the COVID-19 status for patients presenting to hos-

pital emergency departments across four United Kingdom (UK) National Health

Service (NHS) Trusts (Oxford University Hospitals NHS Foundation Trust [OUH],

Portsmouth Hospitals University NHS Trust [PUH], University Hospitals Birm-

ingham NHS Trust [UHB], Bedfordshire Hospitals NHS Foundations Trust [BH]),

using anonymized EHR data (specifically, blood tests and vital sign features). We

trained and optimized our model using 114,957 COVID-free patient presentations

from OUH prior to the global COVID-19 outbreak, and 701 patient presentations

during the first wave of the COVID-19 epidemic in the UK that had a positive

PCR test for COVID-19 (ensuring that the label of COVID-19 status was correct

during training). We then performed validation on a prospective OUH cohort, as

well as external validation on three additional patient cohorts from PUH, UHB, and

BH (totalling 72,223 admitted patients, including 4,600 of which were COVID-19

positive). During training, we used a simulated disease prevalence of 5% (i.e. a

data imbalance ratio of 1 positive COVID-19 case: 20 negative controls). This

aligns with real COVID-19 prevalences at all four sites (during the dates of data

extraction), which ranged between 4.27%-12.2%.



C. Bias Mitigation for Reinforcement Learning 201

C.6.4 Results

Table 1 shows results for COVID-19 prediction, where we performed prospective

validation and external validation across four NHS Trusts. Scores for FM-score and

G-mean are presented alongside sensitivity, specificity, and AUROC (with 95% CIs).

The results presented use an adjusted decision threshold, optimized to a sensitivity

of 0.9. As we are focused on evaluating balanced classification, we use red and blue

to depict the best and second best scores, respectively, for F and G.

Results without any threshold adjustment (Supplementary Table 10), show that

both baseline models performed poorly at predicting COVID-19 status (the minority

class), achieving sensitivities below 0.5 on all test sets (mean sensitivities of 0.236 [CI

range 0.071-0.388] and 0.340 [0.179-0.436] for neural network and XGBoost baseline

models, respectively). The XGBoost model achieved slightly higher sensitivities

than the neural network baseline, on all test sets. When SMOTE was applied to the

training set, sensitivities slightly improved for both models (mean sensitivities of

0.463 [CI range 0.230-0.596] and 0.399 [0.205-0.528] for neural network and XGBoost

models, respectively). When cost-sensitive learning is applied, the neural network

model achieved much higher sensitivities than the baseline (mean sensitivity of 0.703

[CI range 0.539-0.785]); however, the XGBoost model only improved slightly with

respect to its baseline comparator (mean sensitivity of 0.457 [CI range 0.303-0.578]).

Compared to all baseline models and those additionally utilizing SMOTE and cost-

sensitive weights, our method achieved the highest sensitivities, without threshold

adjustment, on all test sets (mean sensitivity of 0.806 [CI range 0.733-0.864]), while

maintaining high specificity as well (mean specificity of 0.756 [0.669-0.871]). The RL

models without a dueling component achieved high sensitivity (mean sensitivities

of 0.838 [CI range 0.765-0.888] and 0.930 [0.902-0.991] for the DDQN and DQN,

respectively); however, had much lower specificity (mean specificities of 0.357 [CI

range 0.280-0.440] and 0.111 [0.068-0.138]), with the DDQN architecture slightly

outperforming the DQN. Comparison of the output from our method model to all

other methods was found to be statistically significant (p<0.0001).
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Although the models prior to threshold adjustment achieved poor performance

on the minority class (except for our proposed RL method and the neural network

with cost-sensitive weights), they still achieved reasonably high AUROC scores

(>0.831, other than the RL methods without a dueling component, which achieved a

slightly lower AUROC range of 0.659-0.762), suggesting that the models are able to

distinguish between COVID-19 positive and negative classes. Thus, once threshold

adjustment was applied, there was both higher and more balanced classification

between COVID-19 positive and negative cases.

As our algorithm’s primary objective is to accurately screen for COVID-19, we

assess the balanced classification performance of models that can reliably predict

the COVID-19 status of individuals. Specifically, we focus on models that have

been optimized to achieve a sensitivity of 0.9. As shown in Table 1, all models

using this optimization achieved high sensitivities (>0.792).

In terms of balanced classification, our proposed method achieved the highest

F and G scores for three test sets - OUH, UHB, and BH. The XGBoost models

using SMOTE and cost-sensitive weights achieved the best F and G scores on the

PUH dataset. Similar results were found for models optimized to sensitivities of

0.85, with our method generally achieving the highest (or second highest) F and

G scores, demonstrating model consistency. When no threshold adjustment was

applied, our method also achieved the highest (or second highest) G scores on all

test sets; however, F scores were not as high compared to other models that had

much lower sensitivity (<0.61) but very high specificity (>0.93), due to the nature

of how F is calculated. The non-dueling DDQN and DQN models consistently

achieved the lowest F and G scores, across all test sets (recall that it also achieved

the lowest classification performance). Comparison of the output from our method

to all other methods was found to be statistically significant (p<0.0001).

All models trained achieved reasonably high AUROC scores across all test sets,

demonstrating that we have trained strong models to begin with. Thus, the results

show that the proposed method is both a strong classifier, in addition to being

able to account for large data imbalances.
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Table C.5: Performance metrics for COVID-19 prediction. Results reported as FM-score,
G-mean, AUROC, sensitivity, and specificity for OUH, PUH, UHB, and BH test sets;
95% confidence intervals (CIs) also shown. Red and blue values denote best and second
best scores, respectively, for FM-score and G-mean. Threshold adjustment applied to
optimize models to sensitivities of 0.9.

Model F G AUROC Sensitivity Specificity
OUH

Reinforcement Learning (Ours) 0.426 0.770 0.861 (0.850-0.871) 0.838 (0.822-0.854) 0.707 (0.701-0.713)
Reinforcement Learning (DDQN) 0.306 0.534 0.758 (0.745-0.771) 0.852 (0.836-0.867) 0.334 (0.328-0.341)
Reinforcement Learning (DQN) [13] 0.293 0.350 0.751 (0.739-0.764) 0.921 (0.909-0.933) 0.133 (0.128-0.138)
Neural Network 0.388 0.715 0.877 (0.867-0.886) 0.899 (0.885-0.912) 0.568 (0.562-0.575)
Neural Network + SMOTE 0.398 0.736 0.871 (0.861-0.881) 0.871 (0.856-0.885) 0.622 (0.615-0.628)
Neural Network + Cost-Sensitive 0.400 0.737 0.872 (0.862-0.882) 0.881 (0.867-0.895) 0.616 (0.609-0.623)
XGBoost 0.399 0.734 0.877 (0.867-0.887) 0.889 (0.875-0.902) 0.607 (0.600-0.614)
XGBoost + SMOTE 0.422 0.766 0.876 (0.866-0.886) 0.846 (0.830-0.862) 0.694 (0.687-0.700)
XGBoost + Cost-Sensitive 0.399 0.739 0.869 (0.859-0.879) 0.857 (0.842-0.872) 0.637 (0.630-0.643)
PUH

Reinforcement Learning (Ours) 0.306 0.727 0.831 (0.819-0.842) 0.828 (0.812-0.845) 0.638 (0.633-0.643)
Reinforcement Learning (DDQN) 0.248 0.606 0.762 (0.750-0.774) 0.804 (0.787-0.821) 0.457 (0.451-0.462)
Reinforcement Learning (DQN) [13] 0.223 0.324 0.732 (0.719-0.745) 0.915 (0.902-0.927) 0.115 (0.112-0.118)
Neural Network 0.289 0.676 0.857 (0.847-0.868) 0.903 (0.890-0.916) 0.506 (0.501-0.511)
Neural Network + SMOTE 0.309 0.728 0.856 (0.845-0.866) 0.859 (0.844-0.875) 0.617 (0.612-0.622)
Neural Network + Cost-Sensitive 0.288 0.681 0.850 (0.839-0.861) 0.883 (0.869-0.897) 0.526 (0.521-0.531)
XGBoost 0.321 0.741 0.881 (0.871-0.891) 0.898 (0.884-0.911) 0.612 (0.607-0.617)
XGBoost + SMOTE 0.325 0.750 0.881 (0.871-0.890) 0.877 (0.863-0.892) 0.641 (0.636-0.646)
XGBoost + Cost-Sensitive 0.336 0.766 0.881 (0.871-0.891) 0.862 (0.847-0.877) 0.680 (0.675-0.684)
UHB

Reinforcement Learning (Ours) 0.304 0.764 0.837 (0.814-0.861) 0.815 (0.779-0.852) 0.717 (0.708-0.726)
Reinforcement Learning (DDQN) 0.209 0.516 0.721 (0.694-0.749) 0.841 (0.806-0.875) 0.317 (0.308-0.326)
Reinforcement Learning (DQN) [13] 0.203 0.322 0.723 (0.695-0.750) 0.927 (0.903-0.951) 0.112 (0.106-0.118)
Neural Network 0.279 0.718 0.866 (0.844-0.888) 0.913 (0.887-0.940) 0.565 (0.555-0.574)
Neural Network + SMOTE 0.290 0.746 0.850 (0.828-0.873) 0.845 (0.811-0.879) 0.658 (0.649-0.668)
Neural Network + Cost-Sensitive 0.284 0.733 0.861 (0.839-0.883) 0.879 (0.849-0.910) 0.611 (0.601-0.621)
XGBoost 0.287 0.740 0.861 (0.839-0.883) 0.872 (0.841-0.904) 0.627 (0.618-0.637)
XGBoost + SMOTE 0.292 0.750 0.853 (0.830-0.876) 0.827 (0.791-0.862) 0.680 (0.671-0.690)
XGBoost + Cost-Sensitive 0.289 0.746 0.851 (0.829-0.874) 0.838 (0.804-0.873) 0.663 (0.654-0.673)
BH

Reinforcement Learning (Ours) 0.561 0.815 0.867 (0.829-0.906) 0.806 (0.741-0.870) 0.825 (0.802-0.848)
Reinforcement Learning (DDQN) 0.362 0.589 0.706 (0.656-0.756) 0.799 (0.733-0.864) 0.434 (0.403-0.464)
Reinforcement Learning (DQN) [13] 0.349 0.286 0.659 (0.608-0.710) 0.958 (0.926-0.991) 0.085 (0.068-0.102)
Neural Network 0.525 0.802 0.885 (0.849-0.921) 0.868 (0.813-0.923) 0.741 (0.714-0.767)
Neural Network + SMOTE 0.540 0.801 0.882 (0.845-0.919) 0.792 (0.725-0.858) 0.810 (0.786-0.834)
Neural Network + Cost-Sensitive 0.529 0.804 0.883 (0.847-0.920) 0.854 (0.797-0.912) 0.756 (0.730-0.782)
XGBoost 0.501 0.780 0.894 (0.859-0.929) 0.896 (0.846-0.946) 0.679 (0.650-0.707)
XGBoost + SMOTE 0.535 0.803 0.885 (0.849-0.921) 0.819 (0.757-0.882) 0.787 (0.762-0.812)
XGBoost + Cost-Sensitive 0.511 0.790 0.889 (0.854-0.925) 0.861 (0.805-0.918) 0.724 (0.697-0.751)
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D
Mitigating Machine Learning Bias

Between High-Income and Low-Middle
Income Countries

D.1 Software and Implementation

Experiments were performed using Python (v3.8.3). All models were run using an

Intel Xeon E-2146G Processor (CPU: 6 cores, 4.50 GHz max frequency). Statistical

tests were performed using the SciPy (Statistical Functions) package (v1.10.1). Scikit

Learn (v1.3.2) was used for standardization, median imputation, and calculating

performance metrics. Performance metrics were calculated using Scikit Learn

and manually programmed.

D.2 Patient Inclusion and Exclusion Criteria

The ethics committees of the Hospital for Tropical Diseases (HTD) and the National

Hospital for Tropical Diseases (NHTD) approved use of the HTD and NHTD

datasets for COVID-19 diagnosis, respectively.

Hospital for Tropical Diseases (HTD): HTD considered all patients admit-

ted between December 10, 2020 and December 30,2022. Confirmatory COVID-19

testing was performed using PCR.
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National Hospital for Tropical Diseases (NHTD): NHTD considered all

patients admitted between November 1, 2020 and December 21,2022. Confirmatory

COVID-19 testing was performed using PCR and/or rapid antigen testing.

Figure D.1: Levels of COVID-19 severity recorded for patients admitted to the Hospital
for Tropical Diseases.

Figure D.2: Levels of COVID-19 severity recorded for patients admitted to the National
Hospital for Tropical Diseases.



D. Mitigating Machine Learning Bias Between High-Income and Low-Middle
Income Countries 207

D.3 Final Hyperparameter Values

Table D.1: Final hyperparameter values used in COVID-19 status prediction during
collaborative training between UK and Vietnam hospital sites.

Model Hyperparameters
XGB

Learning rate = 0.1
N estimators = 100
Depth = 3

NN
Number hidden layers = 1
Hidden nodes = 10
Learning rate = 0.05

RL (debiasing)
Number hidden layers = 1
Gamma = 0.1
Learning Rate = 0.0001
Epsilon range = [0.01,1]
Hidden nodes = 500

ADV
Number hidden layers (predictor) = 1
Number hidden layers (adversary) = 1
Hidden nodes (predictor) = 100
Hidden nodes (adversary) = 100
Alpha = 1
Learning Rate = 0.0001
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D.4 Distribution of Clinical Features for Gener-
alizability Task

Table D.2: Distribution of vital signs, reported as median and interquartile ranges, for
each patient cohort.

Oxford University Hospitals (pre-
pandemic & wave 1 cases, to June
30/20)

Oxford Univer-
sity Hospitals

Portsmouth Hos-
pitals University
NHS Trust

University Hospi-
tals Birmingham
NHS Foundation
Trust

Bedfordshire
Hospitals NHS
Foundation
Trust

Hospital for
Tropical Diseases

National Hospi-
tal for Tropical
Diseases

Kruskal-
Wallis,
p-value

Prepandemic COVID-19-
cases

Oct 1/20-Mar
6/21

Mar 1/20-Feb
28/21

Dec 1/19 - Oct
29/20

Jan 1/21-Mar
31/21

Jan 1/21-Dec
31/22

Jan 1/21-Dec
31/22

Respiratory Rate (breath/min) 18.0 (16.0-19.0) 20.0 (18.0-24.0) 18.0 (16.6-19.0) 17.0 (16.0-19.0) 18.0 (17.0-20.0) 18.0 (16.0-20.0) 24.0(20.0-26.5) 25.0(22.0-30.0) <0.0001
Heart Rate (beats/min) 82.0 (71.0-96.0) 88.0 (75.0-

101.0)
84.0 (72.0-97.0) 82.0 (71.0-95.0) 86.0 (73.0-101.0) 84.0 (73.0-97.0) 94.0(84.0-108.0) 99.0(86.0-114.0) <0.0001

Systolic Blood Pressure (mmHg) 132.0 (118.0-
150.0)

131.0 (115.0-
146.0)

134.0 (119.0-
152.0)

128.0 (114.0-
146.0)

136.0 (119.0-
155.0)

131.0 (116.0-
149.0)

130.0(111.5-
140.0)

120.0(110.0-
136.0)

<0.0001

Diastolic Blood Pressure (mmHg) 74.0 (65.0-84.0) 74.0 (64.0-84.0) 75.0 (65.0-85.0) 76.0 (67.0-84.0) 77.0 (68.0-87.0) 78.0 (68.0-88.0) 80.0(70.0-80.0) 70.0(60.0-80.0) <0.0001
Tympanic Temperature (C) 36.5 (36.1-36.9) 36.9 (36.3-37.6) 36.3 (36.0-36.7) 36.3 (36.0-36.8) 36.7 (36.4-37.2) 36.5 (36.4-36.9) 37.0(37.0-37.3) 37.0(36.8-37.5) <0.0001

Table D.3: Distribution of blood test features, reported as median and interquartile
ranges, for each patient cohort.

Oxford University Hospitals (pre-
pandemic & wave 1 cases, to June
30/20)

Oxford Univer-
sity Hospitals

Portsmouth Hos-
pitals University
NHS Trust

University Hospi-
tals Birmingham
NHS Foundation
Trust

Bedfordshire
Hospitals NHS
Foundation
Trust

Hospital for
Tropical Diseases

National Hospital
for Tropical Dis-
eases

Kruskal-
Wallis,
p-value

Prepandemic co-
hort

COVID-19-
cases cohort

Oct 1/20-Mar
6/21

Mar 1/20-Feb
28/21

Dec 1/19 - Oct
29/20

Jan 1/21-Mar
31/21

Jan 1/21-Dec
31/22

Jan 1/21-Dec
31/22

HAEMOGLOBIN (g/L) 130.0 (116.0-
142.0)

130.0 (114.0-
144.0)

129.0 (114.0-
142.0)

129.0 (114.0-
143.0)

127.0 (113.0-
140.0)

134.0 (119.0-
146.0)

128.0(113.0-
141.0)

112.0(95.0-127.0) <0.0001

WHITE CELLS (1091−1) 8.45 (6.46-11.18) 6.98 (5.14-9.72) 8.94 (6.7-12.06) 8.6 (6.7-11.3) 9.4 (7.1-12.6) 9.2 (6.9-12.5) 9.55(6.69-
13.565)

10.9(7.525-15.0) <0.0001

PLATELETS (1091−1) 249.0 (199.0-
307.0)

215.0 (163.0-
283.5)

251.0 (198.0-
314.0)

251.0 (199.0-
312.0)

247.0 (196.0-
311.0)

246.0 (196.0-
310.0)

216.0(152.0-
281.0)

189.5(116.75-
260.25)

<0.0001

HAEMATOCRIT 0.39 (0.35-0.42) 0.4 (0.35-0.44) 0.39 (0.35-0.43) 0.39 (0.34-0.42) 0.38 (0.34-0.42) 0.39 (0.35-0.43) 0.392(0.35-
0.428)

0.342(0.289-
0.387)

<0.0001

SODIUM (mM) 138.0 (136.0-
140.0)

136.0 (134.0-
139.0)

138.0 (135.0-
140.0)

138.0 (136.0-
140.0)

137.0 (134.0-
139.0)

138.0 (136.0-
140.0)

134.0(130.0-
137.0)

136.0(132.65-
139.65)

<0.0001

UREA (mM) 5.3 (4.0-7.4) 5.9 (4.2-9.07) 5.7 (4.2-8.3) 5.2 (3.8-7.6) 6.2 (4.5-9.0) 5.8 (4.2-8.3) 7.5(5.0-12.75) 7.215(4.8-11.7) <0.0001
BILIRUBIN (umol/L) 9.0 (6.0-13.0) 9.0 (7.0-13.25) 9.0 (6.0-14.0) 10.0 (7.0-16.0) 10.0 (7.0-15.0) 10.0 (7.0-14.0) 13.7(7.8-36.7) 9.8(6.4-16.375) <0.0001
CREATININE (umol/L) 73.0 (60.0-93.0) 79.0 (65.0-

106.0)
74.0 (60.0-97.0) 74.0 (60.0-96.0) 78.0 (62.0-105.0) 80.5 (65.75-

104.0)
76.0(61.0-99.0) 77.65(56.0-121.0) <0.0001

POTASSIUM (mM) 4.0 (3.7-4.3) 4.0 (3.7-4.3) 4.0 (3.8-4.4) 4.2 (3.9-4.4) 4.1 (3.8-4.4) 4.3 (4.0-4.6) 3.72(3.35-4.09) 3.8(3.4-4.3) <0.0001
MEAN CELL VOL (fl) 89.6 (86.0-93.4) 90.2 (86.6-94.2) 90.2 (86.6-94.2) 89.0 (84.9-93.0) 89.9 (86.2-93.6) 88.0 (85.0-92.0) 0.210
NEUTROPHILS (1091−1) 5.72 (3.99-8.36) 5.11 (3.48-7.49) 6.44 (4.4-9.55) 5.9 (4.2-8.6) 6.9 (4.7-10.0) 6.8 (4.7-9.73) <0.0001
LYMPHOCYTES (1091−1) 1.51 (1.0-2.13) 0.96 (0.65-1.38) 1.31 (0.85-1.89) 1.5 (0.97-2.2) 1.3 (0.9-1.9) 1.27 (0.86-1.83) <0.0001
MONOCYTES (1091−1) 0.64 (0.48-0.85) 0.49 (0.35-0.74) 0.66 (0.48-0.89) 0.63 (0.48-0.85) 0.7 (0.5-0.9) 0.66 (0.48-0.92) <0.0001
EOSINOPHILS (1091−1) 0.1 (0.04-0.2) 0.01 (0.0-0.06) 0.07 (0.02-0.16) 0.1 (0.02-0.2) 0.1 (0.0-0.2) 0.06 (0.02-0.16) <0.0001
BASOPHILS (1091−1) 0.04 (0.03-0.06) 0.02 (0.01-0.03) 0.04 (0.02-0.06) 0.04 (0.02-0.06) 0.1 (0.0-0.1) 0.05 (0.03-0.07) <0.0001
ALBUMIN (g/L) 36.0 (32.0-39.0) 32.0 (28.0-35.0) 36.0 (31.0-39.0) 36.0 (31.0-40.0) 36.0 (32.0-40.0) 35.0 (31.0-39.0) 0.006
ALKALINE PHOSPHATASE (IU/L) 80.0 (64.0-105.0) 82.0 (64.0-

108.0)
84.0 (66.0-112.0) 84.0 (67.0-109.0) 90.0 (71.0-119.0) 94.0 (74.5-122.0) <0.0001

ALT (IU/L) 18.0 (13.0-28.0) 25.0 (17.0-41.0) 20.0 (13.0-33.0) 19.0 (13.0-30.0) 19.0 (13.0-30.0) 20.0 (13.0-31.0) <0.0001
eGFR (ml/min) 85.0 (63.0-150.0) 78.0 (53.0-

150.0)
84.0 (58.0-150.0) 83.0 (60.0-90.0) 76.0 (52.0-90.0) 76.0 (54.0-90.0) 0.011

CRP (mg/L) 8.6 (2.3-39.0) 72.5 (23.8-
143.6)

15.8 (3.5-67.4) 13.0 (3.0-71.0) 12.0 (3.0-61.0) 10.7 (2.8-48.78) 0.003
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D.5 Distribution of Clinical Features for Bias
Mitigation Task

Table D.4: Distribution of vital signs, reported as median and interquartile ranges, for
each patient cohort.

Oxford University Hospitals (pre-
pandemic & wave 1 cases, to June
30/20)

Oxford University
Hospitals

Portsmouth Hospi-
tals University NHS
Trust

University
Hospitals
Birmingham NHS
Foundation Trust

Bedfordshire Hospi-
tals NHS Founda-
tion Trust

Hospital for Tropi-
cal Diseases

Kruskal-
Wallis,
p-value

Prepandemic
cohort

COVID-19-cases co-
hort

Oct 1/20-Mar 6/21 Mar 1/20-Feb
28/21

Dec 1/19 - Oct
29/20

Jan 1/21-Mar
31/21

Jan 1/21-Dec 31/22

Respiratory Rate (breath/min) 18.0 (16.0-19.0) 20.0 (18.0-24.0) 18.0 (16.6-19.0) 17.0 (16.0-19.0) 18.0 (17.0-20.0) 18.0 (16.0-20.0) 24.0(20.0-26.5) <0.0001
Heart Rate (beats/min) 82.0 (71.0-96.0) 88.0 (75.0-101.0) 84.0 (72.0-97.0) 82.0 (71.0-95.0) 86.0 (73.0-101.0) 84.0 (73.0-97.0) 94.0(84.0-108.0) <0.0001
Systolic Blood Pressure (mmHg) 132.0 (118.0-150.0) 131.0 (115.0-146.0) 134.0 (119.0-152.0) 128.0 (114.0-146.0) 136.0 (119.0-155.0) 131.0 (116.0-149.0) 130.0(111.5-140.0) <0.0001
Diastolic Blood Pressure (mmHg) 74.0 (65.0-84.0) 74.0 (64.0-84.0) 75.0 (65.0-85.0) 76.0 (67.0-84.0) 77.0 (68.0-87.0) 78.0 (68.0-88.0) 80.0(70.0-80.0) <0.0001
Temperature (C) 36.5 (36.1-36.9) 36.9 (36.3-37.6) 36.3 (36.0-36.7) 36.3 (36.0-36.8) 36.7 (36.4-37.2) 36.5 (36.4-36.9) 37.0(37.0-37.3) <0.0001

Table D.5: Distribution of blood test features, reported as median and interquartile
ranges, for each patient cohort.

Oxford University Hospitals (pre-
pandemic & wave 1 cases, to June
30/20)

Oxford University
Hospitals

Portsmouth Hospi-
tals University NHS
Trust

University
Hospitals
Birmingham NHS
Foundation Trust

Bedfordshire Hospi-
tals NHS Founda-
tion Trust

Hospital for Tropi-
cal Diseases

Kruskal-
Wallis,
p-value

Prepandemic
cohort

COVID-19-cases co-
hort

Oct 1/20-Mar 6/21 Mar 1/20-Feb
28/21

Dec 1/19 - Oct
29/20

Jan 1/21-Mar
31/21

Jan 1/21-Dec 31/22

HAEMOGLOBIN (g/L) 130.0 (116.0-142.0) 130.0 (114.0-144.0) 129.0 (114.0-142.0) 129.0 (114.0-143.0) 127.0 (113.0-140.0) 134.0 (119.0-146.0) 128.0(113.0-141.0) <0.0001
WHITE CELLS (109l−1) 8.45 (6.46-11.18) 6.98 (5.14-9.72) 8.94 (6.7-12.06) 8.6 (6.7-11.3) 9.4 (7.1-12.6) 9.2 (6.9-12.5) 9.55(6.69-13.565) <0.0001
PLATELETS (109l−1) 249.0 (199.0-307.0) 215.0 (163.0-283.5) 251.0 (198.0-314.0) 251.0 (199.0-312.0) 247.0 (196.0-311.0) 246.0 (196.0-310.0) 216.0(152.0-281.0) <0.0001
HAEMATOCRIT 0.39 (0.35-0.42) 0.4 (0.35-0.44) 0.39 (0.35-0.43) 0.39 (0.34-0.42) 0.38 (0.34-0.42) 0.39 (0.35-0.43) 0.392(0.35-0.428) <0.0001
SODIUM (mM) 138.0 (136.0-140.0) 136.0 (134.0-139.0) 138.0 (135.0-140.0) 138.0 (136.0-140.0) 137.0 (134.0-139.0) 138.0 (136.0-140.0) 134.0(130.0-137.0) <0.0001
CREATININE (umol/L) 73.0 (60.0-93.0) 79.0 (65.0-106.0) 74.0 (60.0-97.0) 74.0 (60.0-96.0) 78.0 (62.0-105.0) 80.5 (65.75-104.0) 76.0(61.0-99.0) <0.0001
POTASSIUM (mM) 4.0 (3.7-4.3) 4.0 (3.7-4.3) 4.0 (3.8-4.4) 4.2 (3.9-4.4) 4.1 (3.8-4.4) 4.3 (4.0-4.6) 3.72(3.35-4.09) <0.0001
MEAN CELL VOL (fl) 89.6 (86.0-93.4) 90.2 (86.6-94.2) 90.2 (86.6-94.2) 89.0 (84.9-93.0) 89.9 (86.2-93.6) 88.0 (85.0-92.0) 89.75(85.675-93.4) <0.0001
NEUTROPHILS (109l−1) 5.72 (3.99-8.36) 5.11 (3.48-7.49) 6.44 (4.4-9.55) 5.9 (4.2-8.6) 6.9 (4.7-10.0) 6.8 (4.7-9.73) 7.705(4.92-11.3) <0.0001
LYMPHOCYTES (109l−1) 1.51 (1.0-2.13) 0.96 (0.65-1.38) 1.31 (0.85-1.89) 1.5 (0.97-2.2) 1.3 (0.9-1.9) 1.27 (0.86-1.83) 0.93(0.57-1.54) <0.0001
MONOCYTES (109l−1) 0.64 (0.48-0.85) 0.49 (0.35-0.74) 0.66 (0.48-0.89) 0.63 (0.48-0.85) 0.7 (0.5-0.9) 0.66 (0.48-0.92) 0.46(0.28-0.69) <0.0001
EOSINOPHILS (109l−1) 0.1 (0.04-0.2) 0.01 (0.0-0.06) 0.07 (0.02-0.16) 0.1 (0.02-0.2) 0.1 (0.0-0.2) 0.06 (0.02-0.16) 0.02(0.0-0.08) <0.0001
BASOPHILS (109l−1) 0.04 (0.03-0.06) 0.02 (0.01-0.03) 0.04 (0.02-0.06) 0.04 (0.02-0.06) 0.1 (0.0-0.1) 0.05 (0.03-0.07) 0.01(0.01-0.03) <0.0001
ALT (IU/L) 18.0 (13.0-28.0) 25.0 (17.0-41.0) 20.0 (13.0-33.0) 19.0 (13.0-30.0) 19.0 (13.0-30.0) 20.0 (13.0-31.0) 33.0(20.0-60.0) <0.0001
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E
Additional Case Studies

E.1 Software and Implementation

Models were implemented using Python (v3.6.9). Scikit Learn (v0.24.1) was used

for standardization, median imputation, and dataset splitting. Performance metrics

were calculated using Scikit Learn and manually programmed. Reinforcement

learning was set up using Tensorflow (v2.6.2). The code for the imbalanced

learning and bias mitigation reinforcement learning methods are available online at

https://github.com/yangjenny/ImbalancedLearningRL and https://github.

com/yangjenny/BiasMitigationRL, respectively. All models were run using an

Intel Xeon E-2146G Processor (CPU: 6 cores, 4.50 GHz max frequency).
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E.2 Final Hyperparameter Values

Table E.1: Final hyperparameter values used in COVID-19 status prediction (mitigating
ethnicity bias).

Model Hyperparameters
XGB

Learning rate = 0.1
N estimators = 100
Depth = 3

NN
Number hidden layers = 1
Hidden nodes = 20
Learning rate = 0.1

RL (debiasing)
Number hidden layers = 1
Gamma = 0.1
Learning Rate = 0.0001
Epsilon range = [0.01,1]
Hidden nodes = 150

ADV
Number hidden layers (predictor) = 1
Number hidden layers (adversary) = 1
Hidden nodes (predictor) = 100
Hidden nodes (adversary) = 10
Alpha = 10
Learning Rate = 0.0001

Table E.2: Final hyperparameter values used in ICU patient discharge status prediction
(mitigating ethnicity bias).

Model Hyperparameters
XGB

Learning rate = 0.1
N estimators = 100
Depth = 3

NN
Number hidden layers = 1
Hidden nodes = 200
Learning rate = 0.1

RL (debiasing)
Number hidden layers = 1
Gamma = 0.1
Learning Rate = 0.00009
Epsilon range = [0.01,1]
Hidden nodes = 500

ADV
Number hidden layers (predictor) = 1
Number hidden layers (adversary) = 1
Hidden nodes (predictor) = 200
Hidden nodes (adversary) = 10
Alpha = 1
Learning Rate = 0.0001
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