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Abstract

Rapid integration of artificial intelligence (AI), particularly Vision-Language Models

(VLMs), as decision support system for medical diagnosis promises to enhance healthcare

outcomes. However, these models can inherit and amplify societal biases, leading to significant

performance disparities across diverse patient subgroups. This thesis addresses a critical and

often overlooked challenge: intersectional fairness, where compounded disadvantages emerge

for individuals with multiple demographic attributes (e.g., by race and gender). Existing

fairness interventions, which typically focus on single demographic attributes, often fail to

mitigate these compounded biases and can inadvertently degrade overall model performance

or mask subtle but clinically significant disparities in diagnostic certainty.

This thesis introduces a novel regularisation framework, Cross-Modal Alignment Con-

sistency Maximum Mean Discrepancy (CMAC-MMD), to specifically address intersectional

fairness at the decision level of models’ architecture. This approach represents a conceptual

shift from image and text feature-level manipulation to directly equalizing the model’s dia-

gnostic confidence across all intersectional subgroups. By defining a scalar "cross-modal

alignment score" that serves as a proxy for the model’s certainty, the CMAC-MMD method

leverages a unique fairness loss to align the statistical distributions of these scores. This

process compels the model to produce predictions with equitable confidence and decisiveness

for all patient subgroups, regardless of their demographic profile, without requiring sensitive

data during inference time.

The effectiveness of the proposed framework is comprehensively evaluated through

benchmarking on dermatology and ophthalmology datasets for disease classification. The

results demonstrate that CMAC-MMD substantially reduces intersectional performance

disparities across multiple fairness metrics while maintaining overall diagnostic accuracy

as baseline models. By confronting the challenge of equitable diagnostic certainty, this
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work establishes a more robust standard for clinical fairness. It provides a scalable, privacy-

preserving framework for developing more equitable, reliable, and trustworthy medical AI

systems essential for high-stakes clinical applications.

Keywords: Intersectional fairness, vision-language models, algorithmic fairness, medical

image classification, bias mitigation, Maximum Mean Discrepancy, trustworthy AI
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CHAPTER 1

Introduction

Chapter Abstract

This chapter serves as a general introduction to the thesis, establishing the foundation for

investigating intersectional fairness in vision-language models (VLM) for medical imaging.

The chapter begins by contextualising the transformative rise of artificial intelligence and,

more specifically, VLMs in modern medical diagnostics, demonstrating their proven capabilit-

ies across radiology, dermatology, and ophthalmology. It then introduces the critical issue

of algorithmic fairness, narrows its focus to the significant yet often overlooked challenge

of intersectional bias, and establishes the concept of equitable diagnostic certainty as a

novel fairness approach. The chapter concludes by articulating the core research problem,

presenting the key research questions, outlining the thesis’s primary contributions through the

Cross-Modal Alignment Consistency Maximum Mean Discrepancy (CMAC-MMD) framework,

and providing a roadmap for the subsequent chapters.
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1.1 The Rise of Artificial Intelligence in Medical Imaging

The past decade has witnessed a fundamental shift in healthcare delivery, driven by the rapid

advancement and clinical integration of artificial intelligence (AI) and machine learning

(ML) technologies [1]. Deep learning (DL), a subset of ML characterised by multi-layered

neural networks capable of learning hierarchical representations from data, has emerged

as a transformative force in medical image analysis [2]. This technological revolution has

demonstrated remarkable success across virtually every domain of medical imaging, from

radiology and pathology to dermatology and ophthalmology, fundamentally altering how

clinicians approach diagnostic challenges [3].

The promise of AI-powered medical imaging systems extends across multiple dimensions

of healthcare delivery. First and foremost, these systems have demonstrated the capacity to

match or even exceed the diagnostic accuracy of human experts across a wide range of clinical

tasks [4]. In radiology, DL algorithms have achieved performance on par with board-certified

radiologists in detecting pneumonia, pneumothorax, and pulmonary nodules from chest

radiographs [5], [6]. The CheXNeXt algorithm, for instance, demonstrated radiologist-level

performance on eleven of fourteen thoracic pathologies while completing image interpretation

in a fraction of the time required by human readers [5]. Beyond chest imaging, AI systems

have shown exceptional performance in lung cancer screening from computed tomography,

achieving an area under the curve (AUC) of 94.4% with significant reductions in both false

positive rates (FPR) and false negative rates (FNR) compared to radiologist interpretation [7].

The dermatology domain has witnessed equally impressive advances, with landmark studies

demonstrating that convolutional neural networks (CNNs) trained on large-scale clinical

image datasets can achieve performance comparable to board-certified dermatologists in

classifying skin lesions [8]. These AI systems have shown particular promise for extending

specialised diagnostic expertise to resource-limited settings through mobile device deploy-

ment, potentially providing access to dermatological assessment for the billions of smartphone

users worldwide who lack ready access to specialist care [8]. Subsequent research has further

demonstrated that AI-assisted diagnosis not only matches, but in some cases exceeds the
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performance of either AI or human experts working independently, with the greatest benefits

accruing to less experienced clinicians [9].

In ophthalmology, DL systems have similarly achieved remarkable success in detecting dia-

betic retinopathy from retinal fundus photographs, with sensitivity and specificity approaching

clinical utility thresholds [10], [11]. These advances hold particular significance given the

global burden of preventable blindness and the shortage of ophthalmologists in many regions.

Prospective multicenter validation studies have demonstrated that AI systems for diabetic

retinopathy screening can achieve substantially higher sensitivity than clinical examination,

with the EyeArt system achieving 96.5% sensitivity for more-than-mild diabetic retinopathy

(mtmDR), compared to 20.6% sensitivity by general ophthalmologists performing dilated

ophthalmoscopy, both measured against a rigorous ETDRS photographic reference standard

[12]. Notably, general ophthalmologists exhibited near-perfect specificity (99.8%), suggesting

a conservative detection pattern rather than outright diagnostic failure, while retina specialists

achieved substantially higher sensitivity (59.5%) on the same task.

Beyond diagnostic accuracy, AI systems promise to enhance clinical workflow efficiency

dramatically. Automated image interpretation can reduce the time required for radiological

assessment from hours to minutes, potentially alleviating workload pressures on overtaxed

healthcare systems while accelerating time-to-diagnosis for patients [5]. Most compellingly,

AI has the potential to democratise access to high-quality healthcare by making expert-level

diagnostic capabilities available in settings where specialist expertise is scarce or absent [8],

[13]. This capacity to extend the reach of medical expertise represents a critical opportunity

to address persistent healthcare disparities rooted in geographic and socioeconomic factors.

The convergence of AI with human clinical expertise has given rise to what has been termed

“high-performance medicine”, a paradigm in which AI augments rather than replaces hu-

man judgment [1]. Systematic reviews and meta-analyses across hundreds of studies have

confirmed that deep learning systems achieve diagnostic accuracy equivalent to healthcare

professionals across diverse imaging modalities and clinical conditions [4], [14]. This robust

evidence base has moved AI in medical imaging from experimental curiosity to clinical reality,

with regulatory approvals and real-world deployments accelerating worldwide. However, this
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rapid advancement and clinical integration make ensuring the fairness and equity of these

systems not merely an ethical consideration but a clinical imperative [15].

1.2 Vision-Language Models in Medical Diagnostics

While traditional deep learning approaches to medical image analysis have focused primarily

on mapping images directly to diagnostic labels, a new class of models has emerged that

fundamentally expands the capabilities of AI systems in healthcare. Vision-language models

(VLM) represent a shift in how AI systems process and reason about medical information,

learning joint representations that bridge visual and textual modalities [16]. These models,

exemplified by architectures such as Contrastive Language-Image Pre-training (CLIP) and

Bootstrapping Language-Image Pre-training 2 (BLIP2), have demonstrated remarkable cap-

abilities in learning rich, transferable representations from large-scale image-text pairs [16],

[17].

The fundamental innovation underlying VLMs lies in their contrastive learning framework,

which trains separate image and text encoders to produce aligned representations in a shared

embedding space [16]. Rather than learning to map images directly to predefined categories,

these models learn more general associations between visual patterns and natural language

descriptions. This approach enables powerful capabilities that extend well beyond simple

classification, including zero-shot transfer to new tasks without task-specific training, fine-

grained visual understanding guided by textual queries, and the generation of natural language

descriptions from images [16], [17].

The medical domain presents particularly compelling opportunities for VLMs due to the

inherent multi-modality of clinical data. Medical images rarely exist in isolation; they are

typically accompanied by rich textual information, including patient history, clinical findings,

radiological reports, and diagnostic impressions [18]. VLM can exploit these naturally

occurring image-text pairs to learn clinically meaningful representations that capture both

the visual appearance of pathology and its semantic interpretation [18]. A typical disease

classification task performed by the VLM is illustrated in Figure 1.1 to demonstrate how VLM

utilises multi-modality clinical datasets. Early medical adaptations of contrastive learning
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demonstrated that models trained on paired radiology images and reports could achieve

superior performance with dramatically reduced labelled data requirements compared to

traditional approaches [18].

FIGURE 1.1: An example VLM workflow for medical diagnostics - disease classification.
During training, the model learns from paired clinical notes and medical images (e.g., oph-
thalmoscopy fundus images). At the inference stage, the model receives a new patient image
and a diagnostic query in natural language, producing a probability-based prediction for the
clinical question.

The development of domain-specific VLM for medical imaging has accelerated rapidly.

BiomedCLIP, trained on fifteen million image-text pairs extracted from PubMed articles,

represents a landmark effort to create a biomedical foundation model at unprecedented scale

[19]. This model has demonstrated state-of-the-art (SOTA) performance across diverse

tasks, including image-text retrieval, multi-label classification, and visual question answering

(VQA), even outperforming radiology-specific models in some contexts [19]. Similar efforts

have produced specialised models for specific clinical domains, with PMC-CLIP achieving

superior performance on retrieval tasks through continued pre-training on medical literature

[20], and MedCLIP demonstrating the effectiveness of contrastive learning from unpaired

medical images and text using sophisticated semantic matching strategies [21].

The practical capabilities enabled by medical VLMs extend far beyond traditional classi-

fication. These models can generate structured radiology reports from images, a task that

traditionally requires significant radiologist time and expertise [22]. They excel at VQA,

enabling clinicians to query images with natural language and receive interpretable responses

[23]. Most significantly, VLM can perform zero-shot or few-shot adaptation to new tasks
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with minimal labelled data, addressing a critical bottleneck in medical AI development where

obtaining expert annotations is expensive and time-consuming [19].

Recent architectures have pushed the boundaries further by integrating large language models

(LLMs) with visual encoders through innovative bridging mechanisms [17]. BLIP2, for

instance, employs a Querying Transformer to efficiently connect frozen image encoders

with LLM, achieving SOTA performance with significantly fewer trainable parameters [17].

This approach enables sophisticated reasoning about medical images that combines visual

understanding with the extensive knowledge captured in language models. The result is

systems capable of generating detailed, clinically relevant explanations and engaging in

diagnostic dialogue that more closely mirrors human clinical reasoning [24].

The power and flexibility of VLMs have positioned them as the current frontier in medical

AI, with clinical deployment accelerating across multiple specialties [13], [24]. However,

this rapid advancement brings with it critical challenges that must be addressed before these

systems can be safely and equitably deployed at scale. As these models learn from vast

quantities of data that inevitably reflect the biases and imbalances present in real-world

clinical practice, understanding and mitigating fairness concerns in VLMs has emerged as an

urgent research priority [25], [26].

1.3 The Evolving Landscape of Algorithmic Fairness in AI

The remarkable capabilities demonstrated by AI systems in medical imaging have been

tempered by mounting evidence that these systems exhibit systematic performance disparities

across patient populations defined by demographic attributes such as race, gender, and age [25],

[27], [28]. Algorithmic bias in medical AI arises from multiple sources, including imbalanced

representation in training data, spurious correlations between demographic attributes and

clinical features, and optimisation procedures that prioritise overall performance metrics while

ignoring group-level disparities [29]. These biases are not merely technical curiosities but

represent profound ethical failures with tangible consequences for patient care and health

equity [30].
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The imperative for fairness in medical AI extends beyond technical considerations to fun-

damental questions of justice and equity in healthcare delivery [31]. Biased algorithms risk

perpetuating and amplifying existing health disparities that are rooted in structural inequalities,

historical discrimination, and unequal access to care [32]. When AI systems systematically

underperform for marginalised patient subgroups, they create a dangerous two-tiered system

in which algorithmic care replicates the inequities that already plague healthcare systems

worldwide [33]. Moreover, the deployment of biased AI systems threatens to erode trust

among clinicians and patients, particularly in communities that have experienced historical

medical exploitation and discrimination [34].

The challenges of algorithmic fairness in medical imaging first gained widespread attention

through studies demonstrating that commercial facial recognition systems exhibited dramatic

performance gaps across demographic groups, with error rates for dark-skinned women orders

of magnitude higher than for light-skinned men [35]. This intersectional pattern of failure,

where systems perform worst for individuals at the intersection of multiple marginalised

identities, provided an early warning that AI bias extends beyond single demographic attrib-

utes. Subsequent research in medical imaging has confirmed similar patterns of disparate

performance [36], [37].

In dermatology, multiple studies have documented that leading AI decision support systems

demonstrate substantially degraded performance on images of darker skin tones [38], [39].

This bias is particularly concerning, given that delayed diagnosis of melanoma in patients

with darker skin contributes to significantly lower survival rates [40]. The Fitzpatrick17k

dataset, created specifically to enable fairness evaluation across diverse skin tones, has

revealed that models trained predominantly on lighter skin images fail to generalise to the full

spectrum of human skin pigmentation [39]. Similarly, diagnostic models for chest radiograph

interpretation have shown significant underdiagnosis biases against female, younger, and

minority patients [37], [41].

The theoretical foundations of algorithmic fairness have evolved considerably since the early

work established mathematical definitions of group fairness [42]. Individual fairness, which

requires that similar individuals receive similar predictions, represents one foundational

fairness notion [43]. Demographic parity (DP), which requires that algorithmic decisions
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be independent of sensitive attributes, represents one straightforward fairness criterion [44].

However, this definition is often unsuitable for medical applications where disease prevalence

legitimately varies across groups [45]. Equalized odds (EOdds), which requires that true

positive rates (TPR) and FPR be equal across groups, provides a more clinically appropriate

fairness notion by ensuring that the model’s errors are distributed equitably [42]. Calibration

fairness demands that predicted risks correspond to actual observed risks across all patient

subgroups, ensuring that a model’s confidence means the same thing regardless of patient

demographics [46].

Substantial research effort has been devoted to developing interventions that can mitigate

bias in ML systems [44]. These approaches can be broadly categorised based on where they

intervene in the modelling pipeline. Pre-processing methods attempt to remove bias from

training data through techniques such as resampling underrepresented groups or reweighting

samples to equalise group representation [44], [47]. While foundational, these approaches

operate only on the input data and provide no guarantee that the trained model will behave

fairly at the decision boundary [33], [44]. In-processing methods, fairness constraints are

directly incorporated into the model training objective, often through adversarial techniques

that penalise the model’s ability to predict sensitive attributes from learned representations

[48], [49]. Post-processing approaches adjust model outputs after training to satisfy fairness

constraints, typically by deriving group-specific decision thresholds [42].

Robust optimisation approaches, such as distributionally robust optimisation and group

distributionally robust optimisation, explicitly account for performance on the worst-off

subgroup during training [50]. These methods provide theoretical guarantees about worst-case

performance but can suffer from the “levelling down” problem, where overall performance

degrades to achieve fairness by reducing the accuracy for well-performing groups rather

than improving outcomes for disadvantaged groups [33]. Comprehensive frameworks for

evaluating and ensuring fairness in medical imaging AI have been proposed, emphasising

the need for careful attention to data collection biases, model development practices, and

deployment considerations [28], [30].

Despite this substantial body of research, a critical limitation pervades most existing work

on algorithmic fairness: the overwhelming focus on single demographic attributes evaluated
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in isolation [51]. Traditional fairness evaluations typically assess whether a model performs

equitably with respect to race or gender or age, but rarely examine whether fairness holds for

patients defined by the intersection of multiple attributes [52]. This single-axis approach to

fairness evaluation and mitigation fails to capture the complex, multidimensional nature of bias

in real-world settings, where the lived experiences of individuals are shaped by the intersection

of multiple social identities [53]. The inadequacy of single-attribute fairness analysis for

capturing compounded disparities experienced by intersectional subgroups represents a critical

gap that this thesis addresses [54], [55].

1.4 The Critical Challenge of Intersectional Bias in Medical

VLMs

The concept of intersectionality, originally developed within critical race theory and feminist

scholarship, recognises that individuals occupy multiple social positions simultaneously and

that these identities interact to produce unique patterns of privilege and oppression that

cannot be understood by examining single attributes in isolation [56]. In the context of

algorithmic fairness, intersectionality implies that a model can perform acceptably when

evaluated separately for Women and for Black patients, yet exhibit catastrophic failures for

Black Women as a distinct intersectional subgroup [35]. This phenomenon represents a

fundamental challenge that single-attribute fairness interventions, which optimise for one

demographic dimension at a time, are structurally incapable of addressing [57].

1.4.1 Limitations of Single-Attribute Fairness Models

The predominant approach to algorithmic fairness in medical AI has been to evaluate and

enforce fairness with respect to individual demographic attributes considered independently

[52]. This single-axis concept manifests itself in both fairness metrics, which typically

measure performance disparities between groups defined by a single attribute such as race or

gender, and fairness interventions, which aim to equalise outcomes across these univariate
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group definitions [44]. However, this approach suffers from a critical blind spot: it cannot

detect or mitigate biases that emerge specifically at demographic intersections [58].

Recent work has formalised this limitation through the concept of “fairness gerrymander-

ing,” where a model appears to satisfy fairness constraints when evaluated along individual

demographic axes but exhibits severe disparities when evaluated at intersectional subgroups

[58]. Consider a binary classification task evaluated for fairness with respect to both race

(White vs. Black) and gender (Male vs. Female). A model might achieve equal error rates

between White and Black patients when gender is ignored, and equal error rates between

Male and Female patients when race is ignored, as shown in Figure 1.2. However, this

provides no guarantee whatsoever about the model’s performance on the four intersectional

subgroups: White Men, White Women, Black Men, and Black Women [54]. In fact, empirical

studies have demonstrated that models satisfying single-attribute fairness criteria can simul-

taneously exhibit dramatic performance disparities at intersections, with the worst outcomes

concentrated among multiply marginalised subgroups [27].

FIGURE 1.2: The hidden disparities problem in VLMs for medical imaging. Existing
fairness approaches that optimise for overall classification performance metrics often mask
systematic disparities at intersectional demographic subgroups, where patients with multiple
marginalised identities experience compounded disadvantages in diagnostic accuracy.

The mathematical structure of intersectionality creates an exponential challenge: with k binary

demographic attributes, there exist 2k intersectional subgroups that must be evaluated [51].

As the number of relevant demographic dimensions increases, comprehensive intersectional

analysis becomes computationally intensive and data-hungry, requiring sufficiently large

sample sizes within each intersectional subgroup to enable reliable metric estimation [29].

This practical constraint has led much research to limit attention to single attributes or to
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coarse demographic categorisations, inadvertently concealing the very disparities that most

urgently require attention [28].

1.4.2 The Need for a New Approach: Decision-Level Fairness and Equit-

able Diagnostic Certainty

A fundamental yet often overlooked limitation of existing fairness interventions lies in where

they operate within the model architecture. The vast majority of fairness-aware ML methods

target the feature level, attempting to learn representations that are statistically independent

of sensitive attributes or equalising the distribution of learned features across demographic

groups [48], [49]. These representation-level interventions, while mathematically elegant,

suffer from a critical weakness: they provide no direct guarantee about the fairness of the

model’s actual diagnostic outputs [33].

This thesis introduces a novel fairness paradigm centered on the concept of equitable dia-

gnostic certainty. Consider a binary classification task, such as distinguishing malignant from

benign skin lesions. A model produces a confidence alignment score for each prediction

across two modalities (image and natural language), and a clinical decision is made by com-

paring the score to a threshold to classify disease labels. Even when a model is fine-tuned to

achieve similar accuracy across patient subgroups, it may exhibit profound disparities in the

certainty with which it makes predictions. For a privileged subgroup, the model’s confidence

scores might be concentrated well above or well below the decision threshold, indicating clear,

decisive predictions. In contrast, for a marginalised subgroup, confidence scores might cluster

dangerously close to the threshold range, creating a “grey area” of diagnostic uncertainty.

This disparity in diagnostic certainty, visualised empirically in the research leading to this

thesis, creates significant clinical risks that are not captured by conventional accuracy-based

fairness metrics. Predictions that fall close to the decision threshold are inherently unstable;

minor perturbations in image quality, acquisition parameters, or other factors can easily flip

the classification [52]. Patients from subgroups receiving systematically low-confidence

predictions thus face greater vulnerability to misclassifications from real-world data vari-

ations [25]. Moreover, this confidence gap erodes clinical trust, as experienced clinicians
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recognise that borderline predictions warrant greater scrutiny and may defer to algorithmic

recommendations more readily when the system expresses clear confidence [59].

Existing fairness interventions are ill-equipped to address diagnostic certainty disparities

because they operate primarily on abstract internal representations rather than on the functional

outputs that drive clinical decisions [33]. Data-centric pre-processing approaches such as

resampling or reweighting alter the composition of the training data but cannot directly govern

the model’s behaviour at the decision boundary [33]. Sophisticated in-processing methods

employing adversarial training or robust optimisation enforce statistical properties on learned

features but do not explicitly constrain the distribution of model confidence across subgroups

[48], [50]. Even methods specifically designed for VLMs, such as FairCLIP, optimise for

fairness with respect to single attributes and fail to address intersectional disparities or

certainty gaps [57].

1.4.3 Clinical Risks and Trust Deficits from Biased AI

The technical concept of intersectional bias and confidence disparities translates directly into

severe clinical consequences with profound implications for patient outcomes and health

equity. In dermatology, where melanoma survival rates are dramatically lower for Black

patients compared to White patients, largely due to delays in diagnosis attributable to late-stage

disease at presentation, an AI system that systematically exhibits lower diagnostic certainty

for darker skin tones compounds existing disparities [40]. If such a system is deployed in

primary care settings to assist with triage decisions, the reduced diagnostic certainty for

minority patients may lead to more false negative screens, delaying referrals for specialist

evaluation and definitive diagnosis [38].

In ophthalmology, glaucoma disproportionately affects Black and Hispanic populations,

both in terms of prevalence and severity of vision loss [60], and AI-assisted diagnostic

systems are increasingly being integrated into clinical glaucoma management to improve

detection accuracy and treatment planning [61]. An AI screening system that performs

less reliably for these high-risk demographic subgroups represents a particularly insidious

form of algorithmic harm: deploying technology ostensibly to improve access and early
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detection while perpetuating the very disparities it was intended to address [62]. Recent

evidence demonstrates that even SOTA VLMs exhibit demographic bias across multiple

medical imaging tasks, with the largest performance gaps observed precisely at demographic

intersections [26]. Analogous sociodemographic biases have been documented in the medical

decision-making of large language models, suggesting that bias in language-augmented

clinical AI is a systemic rather than modality-specific phenomenon [63].

Beyond individual patient harm, biased AI systems threaten the broader trust relationship

between healthcare institutions and the communities they serve [64]. Subgroups that have

experienced historical medical exploitation and discrimination are understandably skeptical

of technological interventions, particularly when these systems demonstrably perpetuate bias

[34]. The erosion of trust carries cascading consequences: reduced willingness to seek care,

decreased adherence to screening recommendations, and diminished participation in research

that could improve these very systems [34]. Addressing intersectional fairness in medical AI

is therefore not merely a technical challenge but a prerequisite for the ethical deployment of

these powerful technologies in diverse clinical patient subgroups [31].

1.5 Research Questions

The preceding analysis establishes intersectional bias in VLMs for medical imaging as a

critical, multifaceted challenge sitting at the intersection of technical capability, algorithmic

fairness, and clinical translation. This thesis addresses this challenge through three intercon-

nected research questions:

RQ1: How do SOTA VLMs exhibit intersectional bias in medical diagnostic tasks,

and what are the limitations of single-attribute fairness metrics in capturing these

compounded disparities?

This question motivates a comprehensive empirical evaluation of existing VLM architectures

across medical imaging datasets that contain sufficient demographic annotation to enable

intersectional analysis. The investigation will quantify performance disparities using both

traditional single-attribute fairness metrics and rigorous intersectional fairness measures,
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demonstrating the inadequacy of conventional evaluation paradigms for detecting bias at

demographic intersections.

RQ2: Can a new fairness framework be developed that moves beyond feature-level

adjustments to directly mitigate bias at the decision level by regularising a model’s

diagnostic confidence across intersectional subgroups?

This question drives the core methodological contribution of the thesis: the development of

Cross-Modal Alignment Consistency via Maximum Mean Discrepancy (CMAC-MMD), a

novel training strategy that enforces fairness not on abstract internal representations but on the

distribution of decision confidence scores across all intersectional subgroups. The framework

operationalises the concept of equitable diagnostic certainty, ensuring that no patient subgroup

is systematically subjected to uncertain, borderline predictions.

RQ3: How effective is the proposed CMAC-MMD framework in reducing intersectional

bias while maintaining or improving overall diagnostic performance on established

medical imaging benchmarks?

This question requires rigorous experimental validation across multiple clinical domains,

comparison against existing fairness interventions, and evaluation on external datasets to

assess generalisation. The investigation will demonstrate that decision-level fairness approach

achieves superior fairness-accuracy trade-offs compared to conventional approaches while

proving robust to distribution shift.

1.6 Thesis Contribution and Structure

The primary contribution of this thesis is the development and validation of CMAC-MMD, a

novel decision-level fairness regularisation framework for VLMs in medical imaging. Unlike

existing approaches that operate on feature representations, CMAC-MMD directly aligns

the distribution of diagnostic confidence scores across intersectional patient subgroups. By

computing per-sample alignment scores that quantify the model’s certainty in distinguishing

correct from incorrect image-text pairs, and then minimising the Maximum Mean Discrepancy

(MMD) between these score distributions across all demographic intersections, CMAC-MMD
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ensures equitable diagnostic certainty without requiring demographic attributes as model

input during inference time.

Empirical validation demonstrates that CMAC-MMD reduces intersectional performance

disparities by twenty to thirty-five percent across both dermatology and ophthalmology

benchmarks, as measured by advanced metrics including Differential Fairness (DF) and

Intersectional Fairness-α (IF-α). Critically, these fairness improvements are achieved while

maintaining or even slightly improving overall diagnostic performance, avoiding the “levelling

down” problem that plagues many fairness interventions. External validation on independent

datasets confirms that the fairness benefits generalise under distribution shift, suggesting

that the method learns fundamental equitable representations rather than dataset-specific

adjustments.

The thesis is structured as follows. Chapter 1, the present chapter, has established the

research problem, context, and questions, taking the reader from the broad potential of AI

in medicine through the specific frontier of VLMs to the critical unsolved challenge of

intersectional bias. Chapter 2 will provide a comprehensive literature review, situating this

work within the extensive bodies of research on medical image analysis, vision-language

architectures, algorithmic fairness theory, and fairness interventions. Chapter 3 presents the

core methodological contribution of the thesis, detailing the CMAC-MMD framework, its

theoretical foundations, implementation, experimental design, and comprehensive results

across multiple datasets and baselines. Chapter 4 concludes the thesis by synthesising the

findings, discussing their implications for clinical AI deployment, acknowledging limitations,

and outlining directions for future research toward achieving equitable, trustworthy medical

AI systems.

1.7 Chapter Conclusion

This chapter has established the foundation for investigating intersectional fairness in VLMs

for medical imaging by tracing a narrative arc from promise to peril. Beginning with the

transformative potential of AI in medical imaging, as evidenced by systems achieving expert-

level diagnostic performance across multiple specialties in medical imaging domains, the
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chapter demonstrated the rapid advancement of VLMs as the current frontier in medical

AI. These powerful systems, capable of reasoning jointly about images and text, unlock

capabilities far beyond traditional classification, including report generation, VQA, and

sophisticated diagnostic dialogue.

However, this technological progress has been tempered by mounting evidence of systematic

algorithmic bias, with AI systems exhibiting profound performance disparities across patient

subgroups defined by demographic attributes. Most critically, the chapter has argued that

the predominant focus on single-attribute fairness evaluation and mitigation represents a

fundamental blind spot, failing to detect or address biases that emerge specifically at demo-

graphic intersections. The concept of equitable diagnostic certainty was introduced as a novel

approach to fairness that extends beyond accuracy metrics to ensure that models express

similar confidence across all patient subgroups, avoiding the clinical risks posed by systematic

diagnostic uncertainty for marginalised identities.

Having established the severity and urgency of intersectional bias in medical VLMs and having

articulated the limitations of existing approaches that operate at the feature level, this thesis is

positioned to make a significant contribution through decision-level fairness regularisation.

The following chapter will provide a comprehensive review of the existing literature across

the intersecting domains of medical AI, vision-language architectures, fairness theory, and

bias mitigation, establishing precisely where the current state of knowledge ends and where

this thesis’s contributions begin.
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CHAPTER 2

Literature Review

Chapter Abstract

This chapter provides a comprehensive review of the literature that is foundational to under-

standing and addressing intersectional fairness in medical vision-language models (VLM).

The review synthesises research across six interconnected technical domains: VLM architec-

tures and their medical adaptations, medical imaging datasets with demographic annotations,

algorithmic fairness theory and metrics, fairness intervention methodologies, empirical evid-

ence of bias in clinical AI systems, and the technical foundations enabling modern multimodal

learning. The chapter begins by establishing the methodological approach to literature

synthesis, then traces the evolution from traditional supervised learning to contemporary

VLM architectures in medical diagnostics. It systematically examines theoretical fairness

notions from demographic parity (DP) to equalised odds (EOdds), extending into intersec-

tional frameworks including Differential Fairness (DF) and Intersectional Fairness-α. A

critical analysis of existing fairness interventions spanning pre-processing, in-processing, and

post-processing methods reveals their strengths and fundamental limitations when confronted

with intersectional bias at the decision level. By integrating empirical evidence from dermato-

logy, radiology, and ophthalmology demonstrating systematic performance disparities across

demographic intersections, this review establishes both the urgency and the inadequacy of

current approaches. The chapter culminates in identifying a precise research gap: the absence

of decision-level fairness interventions that directly regularise diagnostic certainty across

intersectional patient subgroups in vision-language architectures. This synthesis provides the

theoretical scaffolding and empirical justification for the Cross-Modal Alignment Consistency

Maximum Mean Discrepancy (CMAC-MMD) framework introduced in subsequent chapters.
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2.1 Methodology of the Literature Review

This literature review adopts a comprehensive approach to synthesising research across mul-

tiple intersecting domains that are foundational to understanding and addressing intersectional

fairness in medical vision-language models (VLM). The methodology employed combines

elements of scoping review practices with domain-specific search strategies, designed to

ensure comprehensive coverage while maintaining practical feasibility given the breadth of

relevant technical literature. This section establishes the scope, research questions, search

strategies, and selection criteria that guided the literature synthesis process.

2.1.1 Scope and Research Questions

The scope of this literature review extends across six primary technical domains that col-

lectively provide the theoretical, empirical, and methodological foundations for this thesis.

Table 2.1 provides a structured overview. These domains encompass VLM architectures and

their evolution, medical imaging datasets with demographic annotations enabling fairness

analysis, algorithmic fairness theory and evaluation metrics, fairness intervention methodo-

logies across the machine learning (ML) pipeline, empirical evidence documenting bias in

clinical artificial intelligence (AI) systems, and the technical foundations including contrastive

learning, self-supervised learning, domain adaptation, kernel methods, and multimodal fusion

architectures.

The literature synthesis was guided by four overarching research questions that frame the

investigation. First, what are the state-of-the-art VLM architectures, and how have these

general-purpose models been adapted for medical diagnostic applications across radiology,

dermatology, and ophthalmology? This question necessitated comprehensive coverage of

foundational models including Contrastive Language-Image Pre-training (CLIP) [16], Boot-

strapping Language-Image Pre-training (BLIP) [65], BLIP-2 [17], and Large Language and

Vision Assistant (LLaVA) [66], as well as domain-specific adaptations such as Medical CLIP

(MedCLIP) [21], BiomedCLIP [19], PMC-CLIP [20], PubMedCLIP [67], and BioViL [68].
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TABLE 2.1: Overview of the Six Technical Domains Addressed in the Literature Review

Domain Scope and Key Topics Coverage in Chapter
Vision-Language
Model Architec-
tures

General-purpose models (CLIP,
BLIP, BLIP-2, LLaVA, Florence-
2); medical adaptations (Med-
CLIP, BiomedCLIP, PMC-CLIP,
PubMedCLIP, BioViL); architec-
tural innovations and pre-training
strategies

Section 2.2: The Application
of Vision-Language Models
in Medical Diagnostics

Medical Imaging
Datasets

Datasets with demographic an-
notations enabling fairness ana-
lysis; representation disparities
across modalities (dermatology,
radiology, ophthalmology); data
collection biases

Integrated throughout Sec-
tions 2.2–2.4; specific data-
sets detailed in empirical evid-
ence sections

Algorithmic Fair-
ness Theory

Theoretical fairness notions
(demographic parity, equalized
odds, calibration); impossib-
ility results; intersectional
frameworks (max-min fairness,
Differential Fairness, Intersec-
tional Fairness-α); evaluation
metrics

Section 2.3: Algorithmic Fair-
ness in Medical AI: Defini-
tions, Metrics, and Harms

Fairness Interven-
tion Methodolo-
gies

Pre-processing (reweighting, res-
ampling); in-processing (ad-
versarial debiasing, distribution-
ally robust optimization); post-
processing (threshold optimiza-
tion); VLM-specific methods

Section 2.4: A Critical Re-
view of Fairness Intervention
Methodologies

Empirical Evid-
ence of Bias

Documented performance dispar-
ities across imaging modalities;
clinical consequences for patient
outcomes; magnitude of intersec-
tional disparities; trust and de-
ployment challenges

Section 2.3.4: Empirical
Evidence of Clinical Harms;
Section 2.4: The Critical
Challenge of Intersectionality

Technical Founda-
tions

Contrastive learning and self-
supervised methods; domain ad-
aptation techniques; kernel meth-
ods and Maximum Mean Dis-
crepancy; multimodal fusion ar-
chitectures; optimisation frame-
works

Integrated throughout Sec-
tions 2.2 and 2.4; Section
2.5.3: MMD theory and ap-
plications

Understanding the architectural innovations, pre-training strategies, and task-specific fine-

tuning approaches employed by these models provides essential context for analysing their

fairness properties and developing interventions.
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Second, how is fairness defined, measured, and operationalised in the context of medical AI,

and what are the theoretical foundations and practical limitations of existing fairness notions?

This question required examination of foundational work establishing group fairness criteria,

including demographic parity (DP) [44], [69], equalised odds (EOdds) [42], calibration [46],

and the mathematical impossibility results demonstrating fundamental trade-offs between

these notions [45]. The review extends into emerging intersectional fairness frameworks,

including max-min fairness [58], Differential Fairness (DF) [54], and Intersectional Fairness-

α (IF-α) [55] that explicitly address compounded bias across multiple demographic attributes.

Understanding these theoretical constructs and their mathematical formulations is essential

for rigorously evaluating model fairness and interpreting empirical findings.

Third, what is the documented empirical evidence of bias in medical AI systems across ima-

ging modalities, and what are the clinical consequences of algorithmic disparities for patient

outcomes and health equity? This question drove the synthesis of landmark studies demon-

strating systematic performance disparities in chest radiography [37], [70], [71], dermatology

[38], [39], ophthalmology [62], and resource allocation algorithms [32]. The review critically

examines the magnitude of disparities, the demographic groups most severely affected, the

mechanisms through which bias arises, and the translation of statistical fairness violations into

tangible clinical harms, including delayed diagnosis, misallocation of healthcare resources,

and erosion of trust in healthcare institutions among marginalised communities.

Fourth, what technical interventions have been proposed to mitigate bias in ML systems

generally and in medical imaging specifically, and what are their theoretical guarantees, em-

pirical effectiveness, and fundamental limitations when confronted with intersectional bias?

This question necessitated comprehensive coverage of pre-processing methods including

reweighting and resampling [47], [72], in-processing approaches including adversarial debias-

ing [48], [49] and distributionally robust optimisation (DRO) [50], post-processing threshold

optimisation [42], and VLM-specific methods including FairCLIP [57], FairerCLIP [73], and

DeAR [74]. Critical analysis of these interventions reveals that the vast majority operate at

the feature representation level and address single demographic attributes in isolation, leaving

a clear gap for decision-level intersectional fairness approaches.
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2.1.2 Search Strategy and Paper Selection

The literature search employed a multi-pronged strategy combining systematic database

queries, citation tracking, and expert consultation to ensure comprehensive coverage of

relevant research. Primary searches were conducted across five major academic databases:

Google Scholar for broad coverage including preprints and grey literature, PubMed for

biomedical and clinical publications, Association for Computing Machinery (ACM) Digital

Library for computer science conference proceedings, Institute of Electrical and Electronics

Engineers (IEEE) Xplore for engineering and applied AI publications, and arXiv for recent

pre-publication manuscripts representing cutting-edge developments. The search strategy

employed a structured combination of keywords and Boolean operators designed to capture

relevant publications across the diverse technical domains encompassed by this review.

The primary keyword categories included fairness and bias terms such as “intersectional fair-

ness”, “algorithmic bias”, “demographic disparity”, “equalized odds”, “calibration”, “group

fairness”, and “fairness gerrymandering”. VLM terms included “CLIP”, “BLIP”, “vision-

language model”, “multimodal learning”, “contrastive learning”, “image-text pre-training”,

and “zero-shot learning”. Medical AI and imaging terms encompassed “medical imaging”,

“radiology AI”, “dermatology AI”, “chest X-ray classification”, “skin lesion detection”,

“fundus imaging”, and “glaucoma detection”. Technical method terms included “Maximum

Mean Discrepancy”, “MMD”, “domain adaptation”, “adversarial training”, “distributionally

robust optimization”, “self-supervised learning”, and “transfer learning”. These keyword

combinations were iteratively refined based on initial search results to balance precision and

recall.

Inclusion criteria for paper selection were established to ensure relevance, quality, and recency

while acknowledging the importance of foundational works regardless of publication date.

Papers were included if they addressed VLM architectures or their medical adaptations,

algorithmic fairness theory or evaluation in ML systems, fairness interventions at any stage

of the ML pipeline, empirical studies documenting bias in medical AI systems, medical

imaging datasets with demographic annotations, or technical foundations including contrastive

learning, kernel methods, domain adaptation, and multimodal fusion relevant to fairness-aware

21



model development. Methodological inclusion criteria required peer-reviewed publications

in established conferences or journals, with selective inclusion of highly-cited preprints for

rapidly-evolving topics where peer-reviewed publication lags behind current practice.

Exclusion criteria eliminated papers that focused exclusively on natural language processing

(NLP) or computer vision (CV) tasks without medical or fairness relevance, addressed

individual fairness or causal fairness frameworks outside the scope of this thesis, reported

only preliminary results without validation, or lacked sufficient methodological detail to

enable critical evaluation. The temporal scope prioritised publications from the past five

to seven years, reflecting the recent acceleration of research in VLMs and intersectional

fairness, while including seminal foundational papers from earlier periods that established

key theoretical constructs or empirical methods still in current use.

The search and selection process yielded a total of 143 academic references spanning 2002 to

2025, with particular concentration in the period from 2020 to 2025 reflecting the explosion of

VLM research following the introduction of CLIP [16] and accelerating attention to fairness

in medical AI catalysed by high-impact publications documenting systematic bias in chest

radiography [37], healthcare resource allocation [32], and medical imaging more broadly

[70]. The distribution across publication venues demonstrates the interdisciplinary nature

of this research, with representation from premier AI conferences including International

Conference on Machine Learning (ICML), Conference on Neural Information Processing

Systems (NeurIPS), Conference on Computer Vision and Pattern Recognition (CVPR), In-

ternational Conference on Computer Vision (ICCV), International Conference on Learning

Representations (ICLR), and Conference on Fairness, Accountability, and Transparency

(FAccT); medical imaging venues including Medical Image Computing and Computer As-

sisted Intervention (MICCAI), Medical Image Analysis, and Radiology Artificial Intelligence;

clinical journals including Journal of the American Medical Association (JAMA), Nature

Medicine, Science Advances, and npj Digital Medicine; and technical journals covering ML

theory and applications. This breadth ensures that the literature review synthesises perspect-

ives from computer science, clinical medicine, bioethics, and social science, reflecting the

inherently interdisciplinary nature of ensuring fairness in medical AI systems.
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2.2 The Application of Vision-Language Models in Medical

Diagnostics

The landscape of medical image analysis has undergone a fundamental transformation over

the past decade, evolving from task-specific supervised learning to powerful multimodal

architectures capable of reasoning jointly about visual and textual information. This sec-

tion traces this evolution, beginning with traditional convolutional neural network (CNN)

approaches, examining the architectural innovations underlying modern VLMs, and detailing

the domain-specific adaptations that have positioned these systems at the forefront of medical

AI. Understanding this technical progression is essential for contextualising the fairness chal-

lenges that emerge when these powerful but complex systems encounter the biases inherent in

medical training data.

2.2.1 From Supervised CNNs to Self-Supervised Multimodal Learning

The initial wave of deep learning success in medical imaging was built upon supervised CNNs

trained to map images directly to diagnostic labels. Foundational work demonstrated that

CNNs trained on large-scale annotated datasets could match or exceed human expert perform-

ance across diverse medical imaging tasks [2], [8], revolutionising computer-aided diagnosis

across radiology, pathology, and dermatology. Deep learning systems achieved radiologist-

level performance in detecting pneumonia from chest radiographs [5], dermatologist-level

accuracy in classifying skin lesions [75], and ophthalmologist-level sensitivity in identifying

diabetic retinopathy from retinal fundus photographs [10], [11].

The supervised learning paradigm, however, imposed significant practical limitations that

constrained the development and deployment of medical AI systems. First and foremost,

supervised approaches require large quantities of expert-annotated training data, a resource

that is expensive, time-consuming to acquire, and subject to inter-observer variability that

introduces label noise [76]. Obtaining annotations for medical images typically requires

board-certified specialists spending substantial time reviewing cases, creating a fundamental

bottleneck that limits the scale and diversity of training datasets. Second, supervised models
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trained on specific tasks and datasets often exhibit poor generalisation to new clinical contexts,

imaging equipment, or patient populations not represented in the training distribution, a

limitation of particular concern for fairness when training data systematically under-represents

certain demographic groups [25]. Third, traditional supervised learning approaches learn

purely from visual patterns without incorporating the rich contextual information present in

clinical reports, patient histories, and domain knowledge encoded in medical literature [18].

These limitations catalysed a shift toward self-supervised and multimodal learning approaches

that could leverage the vast quantities of unlabelled or naturally-paired medical data available

in clinical practice and scientific literature. Self-supervised learning, which trains models

to predict unobserved parts of the input from observed parts without requiring manual

annotations, has demonstrated remarkable effectiveness in medical imaging across diverse

modalities, including computed tomography (CT), magnetic resonance imaging (MRI), X-ray,

histology, and ultrasound [77], [78]. By pre-training on large unlabelled datasets through

predictive tasks such as context restoration [79], rotation prediction, or contrastive instance

discrimination [80], self-supervised models learn rich visual representations that can be

fine-tuned with dramatically reduced quantities of labelled data for downstream diagnostic

tasks.

The emergence of VLMs represents a further evolution that transcends both traditional

supervised learning and single-modality self-supervised approaches by learning joint repres-

entations that bridge visual and textual modalities. Rather than learning to map images to

discrete diagnostic categories, VLMs learn associations between visual patterns and natural

language descriptions, enabling capabilities that extend well beyond classification, including

image-text retrieval, visual question answering (VQA), report generation, and zero-shot trans-

fer to new tasks through text-based task specification [16], [24], [65]. The fundamental insight

underlying these models is that medical images rarely exist in isolation; they are accompanied

by rich textual information, including radiological reports, clinical impressions, pathological

descriptions, and patient histories that provide semantic context for visual findings [22].

By explicitly modelling the relationship between images and their associated text through

contrastive or generative objectives, VLMs can learn clinically meaningful representations

that capture both the visual appearance of pathology and its semantic interpretation.
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2.2.2 Foundational Vision-Language Architectures

The contemporary landscape of VLMs is built upon several foundational architectures that

established the core technical contribution subsequently adapted for medical applications. Un-

derstanding these general-purpose models and their training methodologies provides essential

context for the domain-specific medical variants examined in the following subsection.

CLIP employs a dual-encoder architecture consisting of separate image and text encoders

that are jointly trained on 400 million image-text pairs collected from the internet through

a contrastive learning objective [16]. The image encoder, typically implemented as either a

ResNet or Vision Transformer (ViT) architecture, processes input images to produce fixed-

dimensional embedding vectors. The text encoder, implemented as a Transformer architecture,

processes natural language descriptions to produce embedding vectors in the same semantic

space. The training objective maximises the cosine similarity between embeddings of matched

image-text pairs while minimising similarity for mismatched pairs within each training batch,

implemented through the InfoNCE contrastive loss [81].

The power of CLIP’s approach lies in several key capabilities that emerge from this large-

scale contrastive pre-training. First, the learned image and text embeddings occupy a shared

semantic space in which images and their descriptions are proximal, enabling cross-modal

retrieval where images can be queried with text and vice versa. Second, CLIP achieves

remarkable zero-shot transfer capabilities, performing classification tasks without task-specific

training by embedding textual descriptions of target classes and selecting the class whose text

embedding is most similar to the image embedding. This zero-shot capability is particularly

valuable for medical applications where rare diseases may have limited labelled training

examples. Third, the representations learned by CLIP demonstrate strong transfer learning

properties, serving as effective initialisation for downstream tasks that can be fine-tuned with

smaller quantities of task-specific labelled data [82].

The BLIP framework advanced beyond CLIP’s contrastive-only approach by introducing

a unified architecture capable of both understanding tasks like image-text retrieval and

generation tasks like image captioning [65]. BLIP employs a multimodal mixture of encoder-

decoder architecture that shares parameters across understanding and generation objectives,
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trained using three complementary losses: image-text contrastive loss similar to CLIP, image-

text matching (ITM) loss that predicts whether an image-text pair is matched or mismatched,

and language modelling loss that generates text conditioned on images. A key innovation in

BLIP is the captioning and filtering strategy applied to web-scraped training data, in which

a captioner model generates synthetic captions for images and a filter model removes noisy

captions, thereby bootstrapping data quality to improve model performance. This unified

approach enables BLIP to achieve state-of-the-art performance across both discriminative

tasks, such as retrieval, and generative tasks, such as caption generation, with particularly

strong performance on VQA that requires reasoning about image content [65].

BLIP-2 achieved dramatic improvements in computational efficiency and performance through

architectural innovations that enable effective leverage of pre-trained large language models

(LLM) [17]. BLIP-2 employs a three-component architecture consisting of a frozen image

encoder, a frozen LLM, and a lightweight Querying Transformer (Q-Former) that bridges

between them. The Q-Former, a learnable component with only 188 million trainable

parameters, extracts visual features from the frozen image encoder and aligns them with the

text space of the frozen language model through a two-stage pre-training process. In the first

stage, the Q-Former is pre-trained with vision-language tasks including image-text contrastive

learning, image-grounded text generation, and ITM, learning to extract the most informative

visual features for language-related tasks. In the second stage, the output of the Q-Former is

used as a soft visual prompt to condition the frozen language model for generative tasks. This

architecture enables BLIP-2 to achieve state-of-the-art performance on vision-language tasks

while requiring significantly fewer trainable parameters and less training compute compared

to end-to-end approaches [17].

The LLaVA model family represents another major direction in VLM development focused on

visual instruction tuning [66]. LLaVA connects a vision encoder and an LLM through a simple

projection layer and is trained on a novel instruction-following dataset where multimodal

instruction-following data is generated by reformulating image-text pairs into a conversational

format. This approach enables the model to follow natural language instructions for diverse

vision-language tasks, engaging in multi-turn dialogue about images that more closely mirrors

human-like visual understanding and reasoning. The instruction-tuning demonstrated by
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LLaVA has proven highly effective for creating general-purpose vision-language assistants

capable of engaging in open-ended dialogue about visual content, a capability with clear

applications for medical image interpretation where clinicians may pose diverse questions

about radiological findings, pathological features, or differential diagnoses [66].

Florence-2 demonstrated that lightweight VLM architectures can achieve strong performance

through unified prompt-based interfaces and comprehensive task coverage during pre-training

[83]. With parameters ranging from 232 to 771 million, considerably smaller than BLIP-2

or LLaVA, Florence-2 achieves competitive performance by training on an extensive task

taxonomy covering captioning, object detection, grounding, segmentation, and VQA using

a sequence-to-sequence architecture with task-specific prompts. This work establishes that

architectural efficiency combined with comprehensive task coverage during pre-training can

yield highly capable vision-language systems without requiring massive parameter counts, an

important consideration for deployment in resource-constrained clinical environments [83].

2.2.3 Domain Adaptation for Medicine

The general-purpose VLMs described in the previous subsection, while demonstrating im-

pressive capabilities on natural images and web-derived text, require substantial adaptation to

excel at medical imaging tasks characterised by specialised visual features, domain-specific

terminology, and diagnostic reasoning patterns. This subsection examines the landscape of

medical VLMs, detailing the architectural modifications, pre-training strategies, and datasets

employed to adapt general VLM for clinical applications.

MedCLIP represents one of the earliest efforts to adapt contrastive language-image pre-

training specifically for medical imaging [21]. MedCLIP addresses a fundamental challenge

in medical domain adaptation: the scarcity of paired image-text data at the scale available for

general-purpose CLIP training. Medical images in clinical practice are often accompanied

by unstructured reports rather than concise captions, and extracting high-quality image-text

pairs from electronic health records (EHR) poses significant technical and privacy challenges.

MedCLIP introduces a decoupling strategy that enables training from unpaired images and

text by learning a semantic matching function that predicts whether an image-text pair is
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semantically related without requiring ground-truth pairing during training. This approach

leverages large quantities of medical images and reports that co-occur in the same patient

studies without requiring explicit annotation of which specific image corresponds to which

specific finding in the report. The semantic matching is learned through a combination of

contrastive learning on pseudo-paired data constructed through semantic similarity matching

and explicit training of a matching function using limited quantities of annotated pairs.

MedCLIP demonstrated strong performance on retrieval and zero-shot classification tasks

across multiple medical imaging modalities, establishing the feasibility of adapting vision-

language pre-training for medical applications despite data scarcity constraints [21].

PubMedCLIP took a different adaptation approach by leveraging the vast quantities of

scientific image-text pairs available in biomedical literature [67]. PubMedCLIP applies

the CLIP training paradigm to image-caption pairs extracted from PubMed Central articles,

creating a large-scale pre-training dataset of scientific medical images with their associated

figure captions. This approach provides access to substantially larger training data compared

to clinical datasets while maintaining medical domain relevance. PubMedCLIP demonstrated

that pre-training on scientific literature provides strong transfer learning for clinical VQA

tasks, outperforming ImageNet pre-training and approaching the performance of models

trained on clinical data despite the domain shift between scientific figures and clinical images

[67].

PMC-CLIP extended the scientific literature pre-training approach to an even larger scale

and incorporated additional refinements for medical domain adaptation [20]. PMC-CLIP

was trained on image-text pairs extracted from 16.4 million PubMed Central articles, repres-

enting one of the largest medical vision-language pre-training efforts to date. Key technical

innovations include the use of biomedical-specific text encoders pre-trained on PubMed ab-

stracts to better capture medical terminology and conceptual relationships, careful filtering of

image-text pairs to remove low-quality or irrelevant scientific figures, and multi-stage training

that progressively fine-tunes from general medical knowledge to task-specific objectives.

PMC-CLIP achieved state-of-the-art performance on medical image-text retrieval tasks and

demonstrated strong transfer learning capabilities across diverse downstream medical imaging

applications [20].
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BiomedCLIP represents the current state-of-the-art in medical vision-language pre-training at

massive scale [19]. BiomedCLIP was trained on PMC-15M, a dataset containing 15 million

figure-caption pairs extracted from 4.4 million scientific articles, making it the largest medical

vision-language dataset used for pre-training to date. The model employs a ViT architec-

ture for image encoding and a domain-adapted text encoder, specifically initialised from

PubMedBERT, to capture biomedical terminology and conceptual relationships. Biomed-

CLIP achieved state-of-the-art performance across numerous medical imaging benchmarks

including PathVQA for pathology VQA, VQA-RAD for radiology VQA, MedMNIST for

multi-disease classification, and retrieval tasks across diverse medical imaging modalities.

The model demonstrated particular strength in zero-shot transfer to new medical imaging tasks

and robust performance across different imaging modalities including radiology, pathology,

and dermatology without task-specific fine-tuning [19].

BioViL and its text-enhanced variant BioViL-T focused specifically on chest X-ray interpreta-

tion through a combination of self-supervised learning and vision-language pre-training [68].

BioViL employs a dual-encoder architecture similar to CLIP but incorporates domain-specific

architectural and training refinements tailored for radiology applications. The model is pre-

trained on MIMIC-CXR, a large-scale dataset of chest radiographs paired with radiological

reports [84], using contrastive learning between image regions and report sentences. A key

innovation in BioViL is the incorporation of radiology-specific data augmentations and the

use of CheXbert, an NLP model trained to extract clinical findings from radiology reports,

to provide structured supervision during pre-training. BioViL-T extends this approach by

incorporating temporal information from longitudinal patient studies, learning to reason

about disease progression and change over time. These models achieved state-of-the-art

performance on chest X-ray classification and phrase grounding tasks, demonstrating the

value of radiology-specific architectural and training refinements [68].

The landscape of medical VLMs extends beyond these major systems to include numerous

specialised variants optimised for specific imaging modalities, anatomical regions, or clin-

ical tasks. GLoRIA demonstrated that global-local representation learning between image

subregions and report sentences can achieve label-efficient medical image recognition, es-

tablishing an influential alternative to purely global contrastive objectives [85]. MedVInT

29



introduced architectural innovations for handling variable-length medical reports and complex

medical entity relationships [23]. CXR-BERT and related models have explored bidirectional

vision-language architectures that enable both image-to-text and text-to-image reasoning for

comprehensive radiology report understanding [86].

This diverse ecosystem of medical VLMs shares several common architectural patterns and

training strategies that distinguish medical adaptations from general-purpose VLMs. First,

medical VLMs typically employ domain-adapted text encoders initialised from models pre-

trained on biomedical literature such as BioBERT, PubMedBERT, or SciBERT, rather than

general-purpose language models, to better capture medical terminology and conceptual

relationships [87], [88]. Second, medical VLMs often incorporate radiology-specific or

pathology-specific data augmentations that reflect the types of variations present in clinical

imaging including rotations, intensity variations, and anatomical crop variations that preserve

diagnostic content. Third, many medical VLMs employ curriculum learning strategies or

multi-stage training that progressively adapts from general visual representations to med-

ical domain knowledge to task-specific expertise, recognising that effective medical image

understanding requires integration across multiple levels of abstraction [89].

Despite these sophisticated adaptation strategies, medical VLMs inherit fundamental lim-

itations from their pre-training data that directly enable the fairness challenges this thesis

addresses. Training datasets for medical VLMs, whether derived from clinical imaging re-

positories or scientific literature, systematically under-represent certain demographic groups,

particularly minority populations, darker skin tones in dermatology, and intersectional sub-

groups such as elderly minority women [29], [38], [39]. The contrastive learning objective

that drives VLM pre-training learns associations between visual patterns and textual descrip-

tions as they occur in the training data, potentially encoding spurious correlations between

demographic attributes and diagnostic findings when such correlations are present due to

dataset imbalance or societal factors reflected in clinical documentation [15]. Understanding

these fairness challenges and developing interventions to mitigate them requires examining

not only model architectures but also the datasets that shape their learned representations,

the theoretical frameworks for defining and measuring fairness, and the empirical evidence

documenting disparate performance across demographic groups.
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2.3 Algorithmic Fairness in Medical AI: Definitions, Metrics,

and Harms

The promise of AI in medical diagnostics is predicated on the assumption that algorithmic

decision-making can be more accurate, consistent, and equitable than human judgment. How-

ever, mounting empirical evidence demonstrates that AI systems frequently exhibit systematic

performance disparities across patient subgroups defined by demographic attributes including

race, gender, age, and socioeconomic status, violating fundamental principles of medical

ethics and health equity. This section provides a comprehensive examination of algorithmic

fairness in medical AI, beginning with the sources of bias in the ML pipeline, establishing

theoretical notions of group fairness and their mathematical formulations, detailing evaluation

metrics used to quantify disparities, and synthesising empirical evidence documenting the

clinical harms resulting from biased algorithms. This foundation is essential for understanding

both the urgency of fairness research and the limitations of existing approaches that this thesis

addresses.

2.3.1 Sources of Bias in the Medical AI Pipeline

Bias in medical AI systems arises from multiple sources that span the entire ML pipeline

from data collection through model development to deployment and use. Understanding these

sources is essential for developing effective interventions and for recognising the limitations

of approaches that address only a subset of bias mechanisms.

Data bias represents the most frequently discussed source of algorithmic disparities and

manifests in several distinct forms. Representation bias occurs when training datasets system-

atically under-represent certain patient subgroups, either in absolute numbers or relative to

their disease prevalence in the target deployment population [28]. The HAM10000 dermato-

logy dataset, for example, was collected predominantly from Viennese and Australian clinical

populations and does not include Fitzpatrick skin type annotations, though external analyses

estimate that lighter skin tones outnumber darker skin tones by approximately 20 to 1 [90],

[91]. Similarly, the Fitzpatrick17k dataset, created specifically to enable skin tone evaluation,
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contains approximately 83% light skin types and only 17% dark skin types [39]. These severe

imbalances lead models trained on such data to exhibit substantially degraded performance

on darker skin patients [38], [39]. Similarly, the Harvard-FairVLMed fundus imaging dataset

exhibits significant imbalance with 76.9% White patients, 14.9% Black patients, and 8.2%

Asian patients [57]. These representation imbalances are not random artifacts but reflect

longstanding structural inequities in healthcare access and research participation that have

systematically excluded minority populations from medical studies [92].

Label bias arises when the ground-truth labels used to train supervised models contain sys-

tematic errors or inconsistencies correlated with demographic attributes. In medical imaging,

label noise can result from inter-rater disagreement among annotating physicians, with evid-

ence suggesting that disagreement rates vary across demographic subgroups, potentially due

to reduced familiarity with how diseases present in underrepresented populations [28], [29].

For example, dermatological conditions often present with different visual characteristics

across skin tones, and dermatologists with less experience treating diverse patient populations

may exhibit reduced diagnostic accuracy for minority patients, errors that propagate into

training labels when these same clinicians annotate datasets [38]. Historical diagnostic biases,

such as the documented underdiagnosis of myocardial infarction in women or disparate pain

assessment in Black patients, can become encoded as training labels that models learn to

replicate [93], [94].

Measurement bias occurs when the features or inputs used by AI systems systematically differ

in quality, availability, or informativeness across demographic groups. In medical imaging,

this can manifest as differences in image acquisition protocols, equipment quality, or technical

parameters across healthcare settings that correlate with patient demographics. AI models can

predict patient race with AUC greater than 0.90 from radiographs alone [70]. Subsequent work

showed that technical image-acquisition parameters influence these race-prediction models,

with chest X-ray view positions differing systematically by race [95]. Such correlations create

opportunities for models to learn demographic shortcuts where they rely on image acquisition

artifacts rather than clinically relevant visual features for diagnosis, leading to performance

degradation when these spurious correlations shift across deployment contexts.
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Algorithmic bias emerges from the model training process itself even when training data is

balanced and labels are accurate. Standard empirical risk minimisation (ERM), the default

training objective in ML, optimises for average performance across the entire training dis-

tribution without regard for performance disparities across subgroups [50]. When disease

prevalence or visual feature distributions differ across demographic groups, optimising overall

accuracy can lead to models that perform well on majority groups but poorly on minority

groups, a phenomenon formalised through the concept of representation disparity in optimisa-

tion theory [96]. This effect is particularly pronounced for rare diseases or underrepresented

subgroups where the contribution of these samples to the overall loss function is minimal,

creating little optimisation pressure to improve their predictions.

Deployment and usage bias occur when AI systems are deployed or utilised in ways that differ

systematically across patient populations. If an AI diagnostic system is primarily deployed

in well-resourced urban academic medical centers, it may fail to generalise to community

hospitals or rural settings that serve higher proportions of underserved populations [13].

Differential trust and uptake of AI recommendations among clinicians treating different

patient demographics can create outcome disparities even when the underlying algorithmic

predictions are equitable [34]. Alert fatigue and automation bias, where clinicians become

desensitised to algorithmic recommendations or defer excessively to system outputs, may

manifest differently across clinical contexts and patient populations [97].

Feedback loops and deployment dynamics can amplify initial biases over time [98]. If an

AI system exhibits initial bias against a demographic subgroup, leading to worse outcomes

for that group, these poor outcomes may be reflected in subsequent data collected during

deployment, reinforcing the very biases the system exhibited. In the context of resource alloc-

ation algorithms, algorithmic bias in predicting healthcare needs can lead to systematically

reduced resource allocation for disadvantaged groups, which in turn reduces their documented

healthcare utilisation, reinforcing the algorithm’s learned association between demographic

attributes and lower healthcare needs [32].
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2.3.2 Theoretical Notions of Group Fairness

The formalisation of algorithmic fairness has produced multiple competing definitions of

what constitutes a “fair” classifier, each capturing different intuitions about equity and each

suited to different application contexts. This subsection examines the primary theoretical

notions of group fairness, their mathematical formulations, their applicability to medical

decision-making, and the fundamental trade-offs between fairness criteria that constrain what

is achievable.

DP, also termed statistical parity or independence, represents the most straightforward fairness

notion and requires that the probability of a positive prediction be independent of membership

in a protected demographic group [44]. Formally, for a classifier producing predictions

Ŷ ∈ {0, 1} and protected attribute A, DP is satisfied when:

P (Ŷ = 1|A = a) = P (Ŷ = 1|A = a′) ∀a, a′ (2.1)

This criterion ensures that positive predictions are distributed equally across demographic

groups regardless of other factors. In medical applications, DP would require that disease

diagnoses or treatment recommendations occur at equal rates across groups defined by race,

gender, or other protected attributes.

However, DP has severe limitations for medical applications where disease prevalence legit-

imately differs across demographic groups. Many conditions exhibit genuine epidemiological

variation by age, gender, or genetic ancestry that should be reflected in diagnostic predictions

[45], [99]. Requiring equal positive prediction rates across groups with different disease

prevalence would either lead to overdiagnosis in low-prevalence groups or underdiagnosis in

high-prevalence groups, both ethically problematic outcomes. For instance, requiring equal

breast cancer detection rates in male and female patients would be inappropriate given the

roughly 100-fold higher incidence in women. These limitations have led researchers to largely

reject DP as an appropriate fairness criterion for medical AI [44].

EOdds, introduced by Hardt, Price, and Srebro [42], provides a more nuanced fairness notion

that conditions on the true outcome rather than requiring unconditional independence. EOdds
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requires that the true positive rate (TPR, sensitivity) and false positive rate (FPR) be equal

across demographic groups:

P (Ŷ = 1|Y = 1, A = a) = P (Ŷ = 1|Y = 1, A = a′) ∀a, a′ (2.2)

P (Ŷ = 1|Y = 0, A = a) = P (Ŷ = 1|Y = 0, A = a′) ∀a, a′ (2.3)

EOdds allows prediction rates to differ across groups in proportion to true outcome base rates

while requiring that conditional error rates be equalised. This criterion aligns well with med-

ical ethics principles requiring that sensitivity and specificity, the fundamental performance

characteristics of diagnostic tests, should not vary based on patient demographics. A model

satisfying EOdds will not systematically underdiagnose or overdiagnose any demographic

group relative to their true disease rates.

Equality of opportunity (EOpp) represents a relaxation of EOdds that requires only equal

TPR across groups while allowing FPR to differ [42]:

P (Ŷ = 1|Y = 1, A = a) = P (Ŷ = 1|Y = 1, A = a′) ∀a, a′ (2.4)

This criterion focuses on ensuring that individuals with the positive outcome have equal

chances of being correctly identified regardless of group membership. In medical contexts

focused on disease detection where false positives can be addressed through confirmatory

testing but false negatives lead to missed diagnoses, EOpp provides a clinically meaningful

fairness notion. For cancer screening, ensuring equal sensitivity across demographic groups

may be prioritised over equalising FPR, making EOpp an appropriate fairness target.

Calibration requires that predicted probabilities correspond to true outcome frequencies

across demographic groups [46]. A classifier producing a continuous risk score S ∈ [0, 1] is

calibrated if, for every realised value s ∈ [0, 1] that S can take and every value a ∈ A of the

protected attribute:

P (Y = 1 | S = s, A = a) = s, (2.5)

where s denotes a specific realised value of the predicted risk score S and A is the set of

values of the protected attribute A.
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Calibration ensures that when a model assigns a predicted probability of 0.7 to a patient, that

patient has approximately 70% actual probability of the positive outcome regardless of their

demographic characteristics. Calibration is particularly important for clinical decision-making

when predicted probabilities inform treatment decisions; if a model is miscalibrated for certain

demographic groups, risk-benefit calculations for interventions will be systematically incorrect

[100].

The mathematical impossibility results established by Chouldechova and others demonstrate

that these fairness notions cannot generally be simultaneously satisfied [45], [99]. Specifically,

when base rates differ across groups, no imperfect classifier can simultaneously achieve

calibration, equal FPR, and equal false negative rate (FNR). This impossibility theorem has

profound implications for fairness in medical AI because disease prevalence frequently differs

across demographic groups for both biological and social reasons. The theorem establishes

that practitioners must make deliberate choices about which fairness notion to prioritise based

on the clinical context and ethical considerations specific to their application, acknowledging

that optimising for one fairness criterion may compromise others.

Recent theoretical work has examined fairness notions specifically designed for multiclass

classification and regression settings common in medical applications. Fairness constraints

for multiclass problems where a classifier predicts among k > 2 outcomes require extending

binary fairness definitions across all outcome classes [101]. For regression tasks producing

continuous predictions, fairness notions based on equalising mean squared error or other

loss metrics across groups have been proposed [102]. These extensions maintain the core

intuitions of independence, separation, or calibration while adapting them to non-binary

prediction spaces.

2.3.3 Standard Fairness Evaluation Metrics

Translating theoretical fairness notions into concrete quantitative metrics enables empirical

evaluation and comparison of model fairness across systems, datasets, and interventions. This

subsection examines the landscape of fairness metrics used in medical AI research, detailing
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their mathematical definitions, relationships to theoretical fairness notions, and practical

interpretation.

Demographic Parity Difference (DPD) quantifies violations of the DP criterion by measuring

the maximum difference in positive prediction rates across demographic groups:

DPD = max
a,a′

∣∣∣P (Ŷ = 1|A = a)− P (Ŷ = 1|A = a′)
∣∣∣ (2.6)

In practice, DPD is typically estimated from test data as the difference between the highest

and lowest prediction rates across groups. A DPD of zero indicates perfect DP, while larger

values indicate greater disparity. For medical applications, DPD is most meaningful when

comparing conditions with similar prevalence across groups or when the focus is on resource

allocation rather than diagnostic accuracy.

TPR Disparity (∆TPR) and FPR Disparity (∆FPR) quantify violations of EOdds by measuring

differences in sensitivity and specificity across groups:

∆TPR = max
a,a′

|TPRa − TPRa′ | (2.7)

∆FPR = max
a,a′

|FPRa − FPRa′| (2.8)

where TPRa denotes the TPR for group a and FPRa denotes the FPR. These metrics directly

measure whether a model achieves equal sensitivity and specificity across demographic

groups. In medical contexts, ∆TPR is often considered more critical than ∆FPR because

disparities in TPR directly translate to missed diagnoses for certain demographic groups [37].

Difference in EOdds (DEOdds) provides a single scalar metric combining true and false

positive rate disparities:

DEOdds = ∆TPR +∆FPR (2.9)

This metric provides a summary measure of EOdds violations but can obscure the specific

nature of disparities since a model might exhibit high ∆TPR and low ∆FPR or vice versa

[42].
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EOdds Ratio represents an alternative aggregate measure:

EOdds Ratio = max
a,a′

max

{
TPRa

TPRa′
,

FPRa

FPRa′

}
(2.10)

This ratio-based metric can be more interpretable when considering proportional rather than

absolute disparities and is less sensitive to very high or low base rates that can make absolute

difference metrics difficult to interpret [69].

Calibration metrics quantify how well predicted probabilities correspond to observed outcome

frequencies across demographic groups. Expected Calibration Error (ECE) within each

group measures the average discrepancy between predicted probabilities and true outcome

frequencies:

ECEa =
M∑
i=1

ni

Na

|acc(Bi)− conf(Bi)| (2.11)

where predictions are binned into M bins Bi, ni is the number of predictions in bin i for group

a, Na is the total samples for group a, acc(Bi) is the accuracy within bin i, and conf(Bi) is

the average predicted confidence in bin i [103], [104]. Calibration disparity across groups can

be measured as the maximum difference in ECE:

∆ECE = max
a,a′

|ECEa − ECEa′| (2.12)

AUC is not strictly a fairness metric but serves as the primary performance measure in

medical AI research and is frequently reported alongside fairness metrics to assess fairness-

accuracy trade-offs. AUC measures the probability that a classifier assigns a higher score to a

randomly chosen positive instance than to a randomly chosen negative instance [105]. AUC

disparity across groups, ∆AUC = maxa,a′ |AUCa − AUCa′ |, provides a summary measure

of performance inequality that aggregates across all classification thresholds rather than

evaluating fairness at a single operating point [25].

Equity-Scaled AUC (ES-AUC) attempts to combine performance and fairness into a single

composite metric by penalising overall AUC proportionally to fairness violations:

ES-AUC = AUCoverall × (1−∆AUC) (2.13)
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This metric provides a single scalar that trades off aggregate performance against cross-group

AUC disparity, though the multiplicative combination represents a specific assumption about

how to value the fairness-accuracy trade-off that may not align with clinical priorities [106].

These standard fairness metrics, while valuable for quantifying disparities along individual

demographic axes such as race or gender, suffer from a critical limitation that motivates the

central contribution of this thesis: they fail to capture compounded disparities at demographic

intersections. A model may exhibit acceptable ∆TPR when comparing men to women and

acceptable ∆TPR when comparing White to Black patients, yet simultaneously exhibit severe

TPR disparities between Black women and White men [35]. This limitation reflects the single-

attribute focus of standard fairness metrics and has catalysed development of intersectional

fairness metrics examined in Section 2.4.2.

2.3.4 Empirical Evidence of Clinical Harms from Biased Medical AI

The theoretical fairness frameworks and evaluation metrics described in previous subsections

are not merely academic constructs but respond to documented evidence of systematic

bias in deployed and near-deployment medical AI systems with tangible consequences

for patient outcomes and health equity. This subsection synthesises empirical evidence of

algorithmic bias across medical imaging modalities, examining the magnitude of disparities,

the demographic groups most severely affected, and the translation of statistical fairness

violations into clinical harms.

A landmark analysis of a commercial algorithm used to identify patients for enrollment in

high-risk care management programs revealed systematic racial bias affecting approximately

200 million people across US health systems [32]. This algorithm used historical healthcare

costs as a proxy for health needs when predicting which patients would benefit from additional

care resources. The fundamental flaw in this approach stemmed from the fact that healthcare

spending differs systematically by race not only due to health needs but also due to access

barriers, systemic discrimination, and structural inequalities in healthcare delivery. At a given

risk score, Black patients were substantially sicker than White patients as measured by chronic

condition counts, with Black patients having an average of 2.6 active chronic conditions versus
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1.8 for White patients at the same risk score threshold. This miscalibration led to systematic

underestimation of health needs for Black patients, resulting in reduced care management

enrollment despite greater clinical need. Eliminating this bias would increase enrollment of

Black patients by 58% while decreasing White patient enrollment, fundamentally altering the

demographic composition of patients receiving enhanced care resources [32].

Chest radiography AI systems have been the subject of multiple studies documenting system-

atic bias, with converging evidence from independent research groups demonstrating under-

diagnosis of certain pathologies in minority and female patients. Analysis of DenseNet121

models trained on three large chest X-ray datasets (CheXpert, MIMIC-CXR, and ChestX-

ray8) demonstrated that models exhibited 7.7% lower sensitivity for Black patients compared

to White patients, with sensitivity of 75.8% versus 83.5% respectively [37]. Asian patients

exhibited 3% lower sensitivity compared to White patients. Female patients showed reduced

performance on several pathologies including edema and atelectasis. These disparities per-

sisted across multiple training datasets and model architectures, suggesting systematic rather

than dataset-specific bias. The clinical implications are direct: reduced sensitivity for minority

patients translates to higher rates of false negative diagnoses, meaning pathologies are missed

at diagnosis with potential for disease progression and delayed treatment.

Evaluation of foundation models trained on over 800,000 chest X-rays found persistent

fairness gaps despite massive scale, with 6.8–7.8% performance drops for female patients

on “no finding” classifications and 10.7–11.6% drops for Black patients with pleural effusion

[71]. This finding challenges the assumption that simply scaling data and model size will

eliminate bias without explicit fairness constraints during training.

A particularly concerning finding from multiple independent research groups is that AI

models can predict patient race from medical images with high accuracy even when race is

not a visually obvious feature, suggesting that systematic differences in image acquisition,

patient positioning, or subtle physiological features enable demographic shortcuts. Models

predict race with AUC greater than 0.90 across chest X-ray, mammography, cervical spine

radiographs, and chest CT scans [70]. Critically, this prediction capability persisted even with

heavily degraded, cropped, or noise-corrupted images, and in experiments where obvious

anatomical features were removed, suggesting that race information is latent throughout

40



medical images in ways poorly understood by researchers and clinicians. Subsequent work

identified specific technical parameters including view position and windowing settings

that contribute to race prediction capability, demonstrating that demographics-independent

calibration using per-view thresholds achieved 46% relative reduction in sensitivity disparity

for Black patients and 67% relative reduction for Asian patients [95]. These findings establish

that medical AI systems learn race as a feature from medical images and that this learned

demographic information can drive systematic bias in clinical predictions.

Dermatology AI has exhibited the most severe documented disparities, with multiple studies

demonstrating dramatically degraded performance on darker skin tones with direct implica-

tions for cancer detection and survival. A comprehensive fairness evaluation of models trained

on International Skin Imaging Collaboration (ISIC) datasets, tested on the biopsy-confirmed

Diverse Dermatology Images (DDI) dataset, found significantly lower accuracy for Fitzpatrick

skin types V–VI, the darkest classifications, with particularly severe degradation for melan-

oma detection [38]. The clinical stakes are profound: melanoma 5-year survival rates are

66% for Black patients compared to 90% for White patients, with late-stage diagnosis at

presentation being a primary driver of this mortality disparity [40], [107]. An AI screening

system that exhibits lower sensitivity for detecting melanoma on darker skin tones compounds

existing disparities by further delaying diagnosis when early detection is most critical for

survival.

The Fitzpatrick17k dataset, created specifically to enable fairness evaluation across skin tones,

demonstrated that commercial and research dermatology AI systems consistently underper-

form on darker skin [39]. The dataset distribution itself reveals the scope of representation

bias in dermatology AI: 83% of images show light skin types (Fitzpatrick I–IV) versus 17%

dark skin (Fitzpatrick V–VI). Analysis of segmentation tasks demonstrated that skin lesion

segmentation, the foundational first step in diagnostic pipelines, shows significant correlation

between performance and skin color, with systematic challenges segmenting darker tones

[91]. Evaluation of common bias mitigation methods proved largely ineffective, suggesting

that addressing dermatology AI bias requires fundamental changes in data collection and

algorithm design rather than post-hoc corrections.
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Ophthalmology AI for glaucoma and diabetic retinopathy screening has shown more mixed

results, with some systems achieving equitable performance across demographic groups when

explicitly evaluated and validated for fairness. Autonomous AI for diabetic retinopathy screen-

ing showed no significant bias across racial, ethnic, or gender subgroups in a preregistered

trial with 626 participants [108]. Point-of-care autonomous AI achieved 100% exam com-

pletion in the intervention group versus significantly lower in controls, eliminating racial

screening gaps for underserved youth [109]. Further evidence of equitable AI performance

was provided by validation of a diabetic retinopathy detection system in Indigenous Australian

populations, demonstrating that systems trained on diverse validation cohorts can achieve

clinically acceptable sensitivity across underserved demographic groups [110]. These positive

examples demonstrate that fairness is achievable through careful design, including diverse

training data, explicit fairness validation across demographic subgroups before deployment,

and attention to real-world deployment contexts.

However, other ophthalmology studies have documented disparities. The Harvard-FairVLMed

dataset released specifically for fairness research revealed that both CLIP and BLIP-2 based

models exhibit systematic bias in glaucoma detection, with Asian, male, non-Hispanic, and

Spanish-preferred-language groups being favoured [57]. The magnitude of these disparities,

while smaller than those observed in dermatology, remains clinically significant given that

glaucoma disproportionately affects Black and Hispanic populations with higher rates of

severe vision loss [60]. Race, ethnicity, and gender each independently influence the fairness

of glaucoma prediction models, suggesting that intersectional effects across these attributes

warrant dedicated investigation [111].

The pathway from algorithmic bias to clinical harm operates through multiple mechanisms

that extend beyond individual diagnostic errors to population-level impacts on health equity.

Misdiagnosis directly harms patients through incorrect treatment or delayed care, with doc-

umented examples including pulse oximetry AI overestimating oxygen saturation in Black

patients leading to delayed hypoxemia treatment [112]. Resource misallocation algorithms

direct care resources away from minority patients who need them most, compounding existing

access barriers [32]. Systematic differences in diagnostic certainty create instability where

minority patients receive borderline predictions vulnerable to being flipped by minor data
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variations, eroding both algorithmic reliability and clinician trust [52]. Algorithmic perpetu-

ation of existing clinical disparities occurs when AI trained on biased clinical data replicates

patterns like heart attack underdiagnosis in women or disparate pain medication prescribing

[94], [113]. Non-Hispanic Black populations experience approximately 30% higher overall

mortality compared to White populations, and biased algorithms risk exacerbating these exist-

ing disparities rather than reducing them, establishing algorithmic fairness as a prerequisite

for health equity [114].

2.4 The Critical Challenge of Intersectionality

The preceding sections have established that medical AI systems exhibit systematic bias and

that current fairness frameworks provide mathematical definitions and metrics for quantifying

disparities. However, a fundamental limitation pervades the vast majority of fairness research

and deployed fairness interventions: the focus on single demographic attributes evaluated

in isolation. The concept of intersectionality, originally developed in legal scholarship by

Crenshaw [53], [56] to describe the compounded discrimination experienced at overlapping

demographic categories, has since been translated into algorithmic fairness through the

recognition that fairness guarantees on marginal attributes do not imply fairness on their

joint distributions [54], [58]. This section demonstrates through empirical evidence that

single-attribute fairness analysis drastically underestimates discrimination experienced at

demographic intersections, examines emerging theoretical frameworks for intersectional

fairness, and establishes the research gap this thesis addresses.

2.4.1 Documented Failures of Single-Attribute Fairness Evaluation

Empirical studies across medical AI and broader computer vision applications have repeatedly

demonstrated that models satisfying single-attribute fairness criteria can simultaneously

exhibit severe disparities at demographic intersections. The Gender Shades study [35] first

provided direct empirical evidence of this pattern by evaluating three commercial gender

classification systems on a dataset balanced across four demographic groups defined by gender

× skin tone. Error rates for darker-skinned women reached 34.7% compared to <1% for
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lighter-skinned men. Critically, the intersectional disparity exceeded what would be predicted

by examining gender disparities and skin tone disparities independently: approximately

3% error rate disparity between genders (when skin tone was ignored) and roughly 10%

disparity between skin tones (when gender was ignored) combined superadditively into an

order-of-magnitude larger error at the female × dark-skinned intersection. The subsequent

mathematical formalisation of “fairness gerrymandering” by Kearns et al. [58] generalised

this finding into a formal framework.

The fairness gerrymandering problem can be formalised mathematically: consider a binary

classification task evaluated with respect to two binary protected attributes A1 ∈ {0, 1} and

A2 ∈ {0, 1}, creating four intersectional subgroups: (A1 = 0, A2 = 0), (A1 = 0, A2 = 1),

(A1 = 1, A2 = 0), (A1 = 1, A2 = 1). A classifier can satisfy single-attribute fairness

constraints such as:

TPR(A1 = 0) = TPR(A1 = 1) (2.14)

TPR(A2 = 0) = TPR(A2 = 1) (2.15)

while simultaneously exhibiting substantial disparity at intersections:

TPR(A1 = 0, A2 = 0) ̸= TPR(A1 = 1, A2 = 1) (2.16)

This occurs because single-attribute marginal constraints provide no guarantees about joint

distributions. A model might achieve equal average sensitivity for men and women by

performing well on White men and poorly on minority men while performing well on

minority women and poorly on White women, exactly balancing disparities to satisfy marginal

constraints while maximising intersectional unfairness [58].

This phenomenon has been documented empirically in analyses of recidivism prediction

algorithms, demonstrating that models achieving approximate DP when evaluated separately

for race and gender simultaneously exhibited 30 percentage point disparities in positive

prediction rates between White men and Black women [54]. It was further mathematically

proved that with d binary protected attributes, a classifier might satisfy all d single-attribute
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fairness constraints while violating fairness for the vast majority of the 2d possible intersec-

tional subgroups, with the proportion of subgroup pairs satisfying fairness criteria potentially

approaching zero as d increases [54].

Medical AI studies have confirmed these patterns in clinical contexts. Analysis of chest X-ray

classification using social determinants of health data demonstrated that models appearing

fair when evaluated separately for race and gender exhibited substantial performance de-

gradation for Black female patients specifically [41]. The study employed the Area Health

Resources File to link medical images to county-level social determinants and showed that

intersectional subgroups defined by race, gender, and socioeconomic factors experienced

compounded disadvantage not predicted by single-axis analysis. Further work on multimodal

clinical prediction systems demonstrated that VLMs exhibit the largest fairness violations at

demographic intersections even when single-attribute evaluation suggests acceptable fairness

[27]. Beyond clinical settings, counterfactual probing of general-purpose VLMs confirmed

that models exhibit compounded biases at identity intersections that single-attribute audits

fail to detect [115].

Research has established that models with “superhuman demographic prediction” capability,

meaning they can predict race, gender, or age from medical images with high accuracy,

exhibit the largest fairness gaps at intersections [37], [70]. Comprehensive analysis has

demonstrated that fairness performance on internal validation datasets has a weak, and

sometimes negative, correlation with fairness on external, out-of-distribution datasets, with

intersectional subgroups showing the largest generalisation failures [25]. This finding suggests

that models learn demographic shortcuts that appear to provide fairness on the training

distribution but fail catastrophically when spurious correlations shift in deployment.

2.4.2 Emerging Notions of Intersectional Fairness

Recognition of the limitations of single-attribute fairness analysis has catalysed development

of theoretical frameworks explicitly designed to capture intersectional bias. This subsection

examines three major intersectional fairness definitions that extend classical fairness notions

to address compounded discrimination.
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Max-min fairness focuses on maximising the performance of the worst-off subgroup [58].

Rather than requiring equal performance across all subgroups, which may be infeasible when

subgroups differ substantially in size or inherent classification difficulty, max-min fairness

optimises:

max
classifier

min
subgroup g

Accuracy(g) (2.17)

This approach ensures that no subgroup, including intersectional subgroups, experiences

catastrophically poor performance even if aggregate performance or performance for majority

groups must be somewhat reduced to lift the worst-off subgroup. The max-min formulation

connects to DRO approaches that minimise worst-case loss [50].

A key innovation in this framework is the consideration of structured subgroups defined

by conjunctions of protected attributes rather than treating all possible subsets of the pop-

ulation as equally relevant subgroups. For attributes race ∈ {White, Black, Asian}, gender

∈ {Male, Female}, and age ∈ {Young, Old}, structured subgroups include conjunctions

like (Black ∧ Female ∧ Young) rather than arbitrary subsets. The number of structured sub-

groups grows as the product of the cardinalities of protected attributes, polynomial rather than

exponential, making comprehensive intersectional evaluation computationally feasible [58].

DF provides a formal framework generalising DP to intersectional subgroups through a

privacy-inspired interpretation [54]. DF requires that, given an outcome, an adversary learns

little about an individual’s protected attributes, quantified through bounded ratios of condi-

tional outcome probabilities:

e−ε ≤ P (Ŷ = y|G = g)

P (Ŷ = y|G = g′)
≤ eε ∀g, g′, y (2.18)

where G represents membership in intersectional subgroups defined by combinations of

protected attributes and ϵ controls the strictness of the fairness bound. When ε = 0, perfect

fairness is achieved with P (Ŷ = y|G = g) = P (Ŷ = y|G = g′) for all subgroups, equivalent

to DP across all intersectional subgroups. Larger ϵ values permit greater disparities while still

bounding the degree of discrimination.
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The privacy interpretation of DF recognises that satisfying the bounded ratio requirement pre-

vents an adversary from accurately inferring protected attribute combinations from observing

outcomes, similar to how differential privacy prevents inference of individual records from

aggregate statistics [116]. This connection enables leveraging the extensive theoretical toolkit

developed for differential privacy to prove composition properties, analyse mechanism design,

and develop algorithms satisfying DF guarantees [54].

However, DF inherits the limitations of DP including inappropriateness for medical applic-

ations where outcome base rates legitimately differ across groups. A model satisfying DF

with small ϵ will produce similar positive prediction rates for groups with vastly different

disease prevalence, leading to overdiagnosis in low-prevalence groups or underdiagnosis in

high-prevalence groups.

IF-α was introduced specifically to address the “leveling down” problem in intersectional

fairness [55]. IF-α provides a framework that balances absolute performance and relative

disparities across intersectional subgroups, recognising that fairness can be achieved through

two pathways: reducing the performance gap between subgroups or improving the absolute

performance of disadvantaged subgroups. Many fairness interventions achieve formal fairness

by degrading performance for advantaged groups rather than improving performance for

disadvantaged groups, a phenomenon termed “leveling down” that is ethically problematic in

medical applications where diagnostic accuracy is paramount [33].

IF-α quantifies intersectional fairness through a weighted combination of absolute and relative

performance disparities:

Lα(g, g
′) = α ·∆abs(g, g

′) + (1− α) ·∆rel(g, g
′) (2.19)

where ∆abs represents the absolute performance difference between subgroups g and g′, ∆rel

represents the relative performance ratio, and α ∈ [0, 1] controls the emphasis on absolute

versus relative fairness. When α is high, the metric prioritises reducing absolute gaps in

performance; when α is low, the metric prioritises reducing relative ratios. A threshold

parameter γIF determines whether a subgroup pair is considered fair: Lα(g, g
′) < γIF .
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The α parameter enables practitioners to specify the type of fairness intervention preferred.

Setting α close to 1 emphasises improving the absolute performance of the worst-off subgroup,

even if performance ratios remain unequal, which is appropriate when absolute diagnostic

accuracy is clinically critical. Setting α close to 0 emphasises equalising performance

ratios, appropriate when relative disadvantage is the primary concern. This flexibility allows

calibrating the fairness notion to the specific clinical and ethical context while maintaining

explicit intersectional scope [55].

Models trained to optimise IF-α avoid levelling down by providing explicit incentives to

improve performance for disadvantaged subgroups rather than only penalising disparity. The

framework has been validated on multiple datasets, showing that IF-α-optimised models

achieve superior fairness-accuracy trade-offs compared to interventions optimising for DF or

single-attribute EOdds [55].

Despite these theoretical advances, significant challenges remain in operationalising inter-

sectional fairness for medical AI. The exponential growth in the number of subgroups with

increasing demographic dimensionality creates data sparsity issues where some intersectional

subgroups have very few samples in training or evaluation datasets, making reliable metric

estimation difficult [51]. The heterogeneity in subgroup sizes creates computational and

statistical challenges for training algorithms that must balance performance across groups

ranging from hundreds to thousands of samples [117]. Current intersectional fairness metrics

and interventions, while substantial advances over single-attribute approaches, have been

developed and evaluated primarily on tabular data and traditional CV tasks, with minimal

application to VLMs in medical domains [26].

2.5 A Critical Review of Fairness Intervention Methodologies

Having established the theoretical foundations of algorithmic fairness and the critical import-

ance of intersectional analysis, this section examines the landscape of technical interventions

proposed to mitigate bias in ML systems. Fairness interventions can be categorised based on

where they intervene in the ML pipeline: pre-processing methods that modify training data,
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in-processing methods that incorporate fairness constraints during model training, and post-

processing methods that adjust model outputs after training. This review critically analyses

representative methods from each category, with particular attention to their applicability to

VLMs and their capacity to address intersectional fairness.

2.5.1 The Taxonomy of Fairness Interventions: Pre-processing, In-proc-

essing, and Post-processing

Pre-processing interventions attempt to remove bias from training data before model training

begins. The foundational approach is resampling, which adjusts the composition of the

training dataset to achieve balanced representation across demographic groups. Oversampling

of underrepresented groups, undersampling of overrepresented groups, or synthetic data gen-

eration through techniques like Synthetic Minority Over-sampling Technique (SMOTE) can

reduce representation imbalance [47]. However, resampling suffers from several limitations:

oversampling can lead to overfitting on the limited diverse examples available, undersampling

discards potentially valuable training data from majority groups reducing overall model

quality, and synthetic data generation may not capture the true distribution of rare subgroups

[47]. A more principled pre-processing approach formulates discrimination prevention as

an optimisation problem over probabilistic transformations of the training data, providing

theoretical guarantees on the resulting data distribution while preserving individual-level

utility [118]. Despite this theoretical elegance, the approach shares the fundamental limitation

of all pre-processing methods: it cannot directly govern model behaviour at the decision

boundary.

Reweighting represents a more sophisticated pre-processing approach that assigns higher

loss weights to samples from underrepresented groups during training, effectively increasing

their influence on the optimisation objective without modifying the dataset itself [72]. The

meta-learning framework Fairness Optimized Reweighting via Meta-Learning (FORML)

jointly optimises sample weights and neural network parameters to improve EOpp [119]. Fair

Adversarial Instance Re-weighting (FAIR) merges reweighting with adversarial training to

provide interpretable information about individual instance fairness [120]. While reweighting

offers advantages over resampling by preserving all training data, it still operates only on the
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input side of the learning process and provides no direct guarantee that the trained model will

behave fairly at the decision boundary.

In-processing methods incorporate fairness constraints directly into the model training ob-

jective, typically through regularisation terms or adversarial architectures that penalise unfair

predictions. Domain-Adversarial Neural Networks (DANN) employ a gradient reversal layer

that learns features discriminative for the main task while indiscriminate with respect to

protected attributes [49]. The architecture consists of a feature extractor, a task classifier

predicting the main task label, and a domain classifier predicting the protected attribute.

During backpropagation, gradients from the domain classifier are reversed before updating the

feature extractor, encouraging learning of representations from which demographic attributes

cannot be predicted. Conditional Domain-Adversarial Neural Networks (CDANN) extend

this framework by conditioning the domain classifier on task predictions, better handling

multimodal distributions typical in medical classification [121].

DRO, exemplified by Group DRO (GroupDRO), minimises the worst-case training loss over

pre-defined demographic groups rather than minimising average loss [50]. The GroupDRO

objective is:

min
θ

max
g∈G

Lg(θ) (2.20)

where Lg(θ) denotes the loss on group g under model parameters θ. However, minimising

worst-case training loss does not, by itself, guarantee the worst-group generalisation perform-

ance. Sagawa et al. [50] showed that overparameterised neural networks can perfectly fit

training data, driving worst-case training loss to zero while still exhibiting poor worst-group

test accuracy due to memorisation of minority-group examples and reliance on spurious correl-

ations. The 10–40% improvements in worst-group accuracy reported across their benchmarks

were achieved only when GroupDRO was coupled with stronger-than-typical L2 regularisa-

tion or early stopping to control the generalisation gap. The convergence guarantees provided

in the paper apply to the stochastic optimisation algorithm (convergence to the min–max

objective), not to downstream test performance. These findings establish that worst-group

generalisation in overparameterised models requires explicit capacity control beyond the DRO

objective itself.
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VLM-specific fairness methods have emerged recently to address the unique challenges of

multimodal architectures. FairCLIP applies optimal transport theory to align the distribution

of samples overall with the distribution within each demographic group [57]. The method

minimises Sinkhorn distance, a differentiable approximation to optimal transport distance,

between the marginal distribution P (X) and the conditional distributions P (X|A = a) for

each protected attribute value a. By reducing distributional discrepancies, FairCLIP reduces

bias in medical glaucoma detection across race, gender, ethnicity, and language attributes.

However, a critical limitation is that FairCLIP addresses attributes sequentially, optimising

fairness for one attribute at a time without guarantees about intersectional subgroups [57].

FairerCLIP jointly debiases CLIP’s image and text representations in Reproducing Kernel

Hilbert Spaces (RKHS) using the Hilbert-Schmidt Independence Criterion (HSIC) [73]. The

method achieves EOdds near 0% while maintaining high classification accuracy and operates

without requiring ground-truth labels, enabling debiasing of pre-trained medical CLIP models

without retraining from scratch. DeAR learns additive residual image representations that

offset original representations to reduce demographic distinguishability in the visual encoder

while preserving task-relevant information [74].

Post-processing methods adjust model predictions after training to satisfy fairness constraints,

typically by deriving group-specific decision thresholds. The threshold optimisation approach

solves a linear programming problem on the receiver operating characteristic (ROC) plane to

find optimal thresholds satisfying EOdds constraints [42]. This approach has the significant

advantage of being applicable to existing deployed models without requiring retraining, par-

ticularly valuable for regulated medical devices where model modifications require extensive

re-validation. For medical applications, well-calibrated models with subpopulation-specific

decision thresholds often achieve fairness without sacrificing accuracy, suggesting complex

in-processing interventions may be unnecessary if proper calibration and threshold selection

are applied [122].
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2.5.2 In-Processing Interventions at the Feature Level and Their Limita-

tions

A critical commonality among the vast majority of fairness interventions, including the sophist-

icated adversarial and optimisation-based methods described above, is that they operate at the

feature representation level, attempting to learn or enforce statistical independence between

demographic attributes and learned features. This subsection examines why feature-level

interventions, despite their theoretical elegance and widespread adoption, are fundamentally

inadequate for ensuring decision-level fairness in medical VLMs.

The feature-level fairness hypothesis underlying adversarial debiasing and related methods

posits that if learned representations cannot be used to predict protected attributes, then

predictions derived from those representations will be fair. Mathematically, if a representation

h = f(x) satisfies P (A|h) = P (A), meaning demographic attribute A is conditionally

independent of representation h, then predictions ŷ = c(h) derived from h should exhibit

fairness properties. However, this reasoning contains a critical gap: conditional independence

of predictions, particularly when the prediction function c is complex or non-linear.

Adversarial debiasing methods attempting to learn fair representations can paradoxically

increase bias when the task classifier c has sufficient capacity to recover demographic in-

formation from supposedly debiased features through non-linear transformations [48]. The

phenomenon of “fairness gerrymandering” at the representation level, where features appear

demographically invariant under linear analysis but contain recoverable demographic inform-

ation through non-linear processing, undermines the theoretical foundation of feature-level

fairness.

Moreover, feature-level interventions that successfully enforce demographic invariance risk

the “information destruction” problem identified by multiple researchers [33], [123]. Suppose

demographic information is truly removed from representations. In that case, any legitimate

clinical associations between demographic attributes and disease risk are also eliminated,

potentially degrading diagnostic accuracy for diseases exhibiting genuine epidemiological
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variation by age, gender, or genetic ancestry. For example, removing all age-related informa-

tion from medical imaging representations would eliminate the legitimate clinical signal that

many conditions increase in prevalence with aging.

The “leveling down” effect represents another fundamental limitation of many feature-level

fairness interventions. Multiple studies have documented that adversarial debiasing, DRO,

and related methods often achieve formal fairness by degrading performance for all groups

rather than selectively improving performance for disadvantaged groups [31], [33]. In medical

applications where diagnostic accuracy is paramount and errors have clinical consequences,

achieving fairness through performance degradation is ethically untenable.

For VLMs specifically, feature-level interventions face additional challenges from the mul-

timodal architecture. Bias can emerge from the image encoder, the text encoder, or their

interaction through the contrastive or generative objectives. Methods that apply distributional

alignment to image features alone may fail to address biases encoded in text representations

or in the learned cross-modal alignment [57]. Conversely, methods that enforce fairness

constraints on the aligned multimodal embedding space may over-constrain the representa-

tions, limiting the model’s capacity to learn the rich semantic associations between visual and

textual medical concepts that drive its clinical utility.

2.5.3 Distributional Alignment with Maximum Mean Discrepancy: The-

ory and Application

Maximum Mean Discrepancy (MMD) measures the largest difference in expectations over

functions in the unit ball of an RKHS [124]. Let P and Q denote two probability distributions

defined over a common measurable space X , and let H denote a reproducing kernel Hilbert

space (RKHS) with reproducing kernel k : X × X → R and associated norm ∥ · ∥H. The

MMD between P and Q is defined as:

MMD(P,Q) = sup
∥f∥H≤1

|Ex∼P [f(x)]− Ex∼Q[f(x)]| (2.21)

53



where f : X → R ranges over the unit ball of H, and Ex∼P [·] denotes expectation with

respect to x drawn from P .

By the reproducing property of the RKHS, the supremum above admits a closed-form

expression in terms of the kernel alone:

MMD2(P,Q) = Ex,x′∼P [k(x, x
′)] + Ey,y′∼Q[k(y, y

′)]− 2Ex∼P, y∼Q[k(x, y)] (2.22)

where x, x′ denote two independent random variables each drawn from P , y, y′ denote two

independent random variables each drawn from Q, and Ex,x′∼P [·] denotes expectation under

independent draws. The kernel evaluations k(x, x′), k(y, y′), and k(x, y) thus represent,

respectively, intra-P similarity, intra-Q similarity, and cross-distribution similarity.

This formulation enables practical estimation from finite samples without requiring density

estimation or numerical integration. Given finite i.i.d. samples {xi}mi=1 ∼ P of size m and

{yj}nj=1 ∼ Q of size n, an unbiased empirical estimator of MMD2 is:

M̂MD
2
=

1

m(m− 1)

m∑
i=1

m∑
j=1
j ̸=i

k(xi, xj)+
1

n(n− 1)

n∑
i=1

n∑
j=1
j ̸=i

k(yi, yj)−
2

mn

m∑
i=1

n∑
j=1

k(xi, yj)

(2.23)

where i, j are sample indices, the outer summation in each within-sample term runs over all

m (respectively n) samples, and the inner summation ranges over all indices j distinct from

the current outer index i (self-comparisons j = i are excluded so that the estimator remains

unbiased); the final cross term sums over all mn ordered pairs between the two samples.

A critical theoretical property of MMD is that for characteristic kernels, MMD(P,Q) = 0

if and only if P = Q, providing a rigorous statistical test for distribution equality [124].

Commonly used characteristic kernels include the Gaussian radial basis function (RBF)

kernel k(x, y) = exp(−γ∥x − y∥2), where γ > 0 is the bandwidth parameter, and certain

polynomial kernels, enabling MMD to serve as a proper metric on probability distributions.

The application of MMD to fairness-aware ML involves minimising MMD between the

distributions of learned representations or predictions across demographic groups. Let h :

X → Rd denote a learned representation function mapping inputs to a d-dimensional feature
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space, and let G denote a random variable encoding intersectional subgroup membership,

taking values in the finite set G of demographic groups (consistent with the group notation

established in Sections 2.3–2.4). For group values g, g′ ∈ G, demographic fairness at the

representation level can be encouraged by adding a regularisation term:

Lfairness =
∑
g,g′∈G
g ̸=g′

MMD2(P (h(x) | G = g), P (h(x) | G = g′)) (2.24)

where P (h(x) | G = g) denotes the conditional distribution of the representation h(x) given

subgroup membership G = g, and the sum ranges over all unordered pairs of distinct groups

in G [125]. Minimising this objective encourages the model to learn representations whose

conditional distributions are statistically indistinguishable across groups, operationalising the

intuition that fair representations should not vary systematically with demographics.

Several extensions and variants of MMD have been developed for fairness applications.

Weighted MMD assigns different importance to different groups, addressing class imbalance

common in medical datasets [126]. Joint MMD computes discrepancy on the joint distri-

bution P (X, Y ) rather than marginal distributions alone, capturing dependencies between

features and outcomes [127]. Conditional MMD (CMMD) enforces distributional similarity

conditioned on the outcome class, aligning with the conditional independence requirements

of EOdds [128].

However, naively minimising MMD between feature distributions across groups can para-

doxically degrade task performance by maximising intra-class distances while minimising

inter-class distances, destroying the discriminative information needed for accurate prediction

[129]. This finding suggests that MMD-based fairness methods must carefully balance trans-

ferability (distributional similarity across groups) and discriminability (ability to distinguish

task-relevant patterns). The CMAC-MMD framework introduced in this thesis addresses

this challenge by applying an MMD-based regularisation not to high-dimensional feature

representations but to low-dimensional decision confidence scores, directly regularising the

quantity of clinical interest while preserving feature discriminability.
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2.6 Synthesis: Identifying the Research Gap

The preceding sections have synthesised literature across six interconnected technical domains:

VLM architectures and their medical adaptations, medical imaging datasets with demographic

annotations, algorithmic fairness theory and metrics, fairness intervention methodologies,

empirical evidence of bias in medical AI, and technical foundations including contrastive

learning, self-supervised learning, domain adaptation, and kernel methods. This synthesis

reveals both substantial progress and critical gaps that motivate the contributions of this thesis.

2.6.1 The Preponderance of Feature-Level, Single-Attribute Solutions

The landscape of fairness interventions is dominated by methods that operate at the feature

representation level and address single demographic attributes in isolation. Adversarial

debiasing approaches such as DANN and CDANN attempt to learn representations from

which demographic attributes cannot be predicted [49], [121]. DRO methods like GroupDRO

minimise worst-case loss over predefined groups [50]. Even sophisticated VLM-specific

methods like FairCLIP optimise distributional alignment for one demographic axis at a time

[57]. This single-axis, feature-level approach reflects the historical development of fairness

research but suffers from two fundamental limitations that remain largely unaddressed.

First, single-attribute fairness interventions cannot provide guarantees about intersectional

subgroups. As demonstrated mathematically and empirically by multiple studies, a model

satisfying fairness constraints for race and for gender independently can simultaneously

exhibit severe unfairness for race-gender intersections [27], [54], [58]. The exponential

growth in the number of intersectional subgroups with increasing demographic dimensionality

(2d subgroups for d binary attributes) creates computational challenges that existing methods

inadequately address. Current intersectional fairness frameworks such as DF and IF-α provide

theoretical foundations and evaluation metrics but have minimal application to VLMs in

medical domains.
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Second, feature-level interventions provide no direct guarantee about fairness at the decision

level where clinical predictions are made. A model may learn representations that are statistic-

ally independent of demographic attributes under some metric yet still produce systematically

biased predictions if the classification head recovers demographic information through non-

linear transformations [48]. This gap between representation fairness and prediction fairness

is particularly salient for medical applications where the quantity of clinical interest is not the

model’s internal features but its diagnostic confidence and decision outputs.

2.6.2 The Unaddressed Need for Equitable Diagnostic Certainty

A critical insight that has received minimal attention in fairness research is that even when

models achieve similar accuracy across demographic subgroups, they may exhibit profound

disparities in diagnostic certainty. This phenomenon, termed the “confidence gap” in prelim-

inary work leading to this thesis, occurs when a model’s predicted probabilities or alignment

scores for one subgroup cluster close to the decision threshold, creating diagnostic uncertainty,

while predictions for another subgroup are confidently above or below the threshold.

Diagnostic certainty matters clinically for multiple reasons. Predictions close to decision

thresholds are inherently unstable, vulnerable to being flipped by minor perturbations in

image quality, acquisition parameters, or other real-world variations [52]. Low-confidence

predictions create challenges for clinical decision-making, as experienced clinicians recognize

that borderline algorithmic recommendations warrant greater scrutiny and may appropriately

place less weight on such recommendations [59]. Systematic confidence gaps across demo-

graphic groups undermine trust in AI systems, particularly among clinicians treating patients

from subgroups receiving persistently uncertain predictions.

Despite the clinical importance of equitable diagnostic certainty, existing fairness metrics

focus almost exclusively on binary decisions rather than the continuous confidence scores un-

derlying those decisions. Accuracy, sensitivity, specificity, and their fairness analogs (EOdds,

DPD) evaluate whether the final classification is correct but ignore how confident the model is

in that classification. Calibration metrics examine whether predicted probabilities correspond

to true outcome frequencies but do not assess whether the distribution of confidence scores
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differs across groups beyond this correspondence. No existing fairness framework explicitly

regularises the distribution of decision confidence across intersectional subgroups.

2.6.3 The Stated Gap: Decision-Level Intersectional Fairness for Vision-

Language Models

Integrating the limitations identified above, this thesis addresses a precise gap in the literature:

there exists no established framework designed to mitigate intersectional bias in VLMs by

directly enforcing distributional consistency on decision-level confidence scores. While MMD

has been used to align feature distributions for single-attribute fairness [125], [126], and while

intersectional fairness metrics have been proposed for tabular and image classification tasks

[54], [55], [58], the intersection of these approaches, applied specifically to the multimodal

architecture of VLMs and targeting decision confidence rather than features, represents

unexplored territory.

The opportunity to address this gap is amplified by the rapid adoption of VLMs as the

state-of-the-art models for medical image analysis. As established in Section 2.2, VLMs

including CLIP, BLIP-2, and their medical adaptations such as BiomedCLIP and PMC-

CLIP are increasingly deployed for diagnostic support across radiology, dermatology, and

ophthalmology [16], [17], [19], [20]. These systems combine visual and textual modalities

through contrastive or generative objectives, creating rich semantic representations that enable

zero-shot transfer, VQA, and report generation capabilities unavailable in traditional image

classifiers. However, this architectural sophistication introduces new pathways for bias to

emerge through interactions between vision and language modalities, through learned image-

text associations that reflect biases in web-scraped or clinical training data, and through the

complex loss landscapes of multimodal contrastive learning.

Existing VLM-specific fairness methods remain nascent and limited in scope. FairCLIP

addresses single attributes sequentially and operates at the feature level [57]. FairerCLIP

jointly debiases modalities but focuses on independence from protected attributes rather than

decision confidence [73]. DeAR learns residual representations but does not explicitly target

intersectional subgroups [74]. No existing method applies intersectional fairness constraints
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at the decision level for VLMs, and no method explicitly regularises the distribution of

diagnostic certainty across demographic intersections.

2.6.4 Additional Gaps and Opportunities

Beyond the primary gap in decision-level intersectional fairness, the literature synthesis reveals

several secondary gaps that provide context and motivation. Mechanistic understanding of

how and why VLMs encode demographic information remains incomplete [37], [70]. While

multiple studies have demonstrated that models can predict race, gender, and age from

medical images with high accuracy, the precise visual features enabling this prediction and

whether these features are clinically relevant or spurious correlations are poorly characterised.

Understanding whether demographic information is encoded in specific attention heads,

embedding layers, or cross-modal alignment patterns could enable more targeted debiasing

interventions.

Fairness-accuracy trade-offs require better characterisation specific to VLM architectures

and medical applications. Theoretical impossibility results establish that multiple fairness

criteria cannot be simultaneously satisfied [45], but empirical work suggests that in practice,

carefully designed interventions can achieve substantial fairness improvements with minimal

accuracy cost [122]. Quantifying the achievable Pareto frontier between fairness and accuracy

for medical VLMs across multiple diseases and demographic intersections would provide

decision-makers with actionable information about what trade-offs are necessary versus

avoidable.

Evaluation standards lack consistency across studies, making comparison and reproducibility

difficult. Different papers report different metrics (∆TPR, AUC gaps, DPD, calibration error)

on different datasets with different train-test splits and different implementations of baseline

methods. Intersectional metrics such as ES-AUC and IF-α are mentioned in recent work but

rarely implemented, and no consensus has emerged about which metrics are most clinically

meaningful. Standardised evaluation protocols and benchmark datasets designed specifically

for intersectional fairness assessment would accelerate progress.
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Longitudinal clinical outcome studies are absent from the fairness literature. While retrospect-

ive studies document diagnostic accuracy disparities and landmark work quantifies resource

misallocation [32], prospective studies tracking whether biased diagnostic algorithms lead

to measurable differences in treatment timelines, disease progression, or mortality when

deployed in real clinical workflows are lacking. Connecting algorithmic fairness metrics

to patient outcomes would provide essential validation that technical fairness interventions

translate to improvements in health equity.

Deployment and trust research remains nascent despite growing evidence that clinician

responses to AI recommendations are complex and mediated by fairness perceptions [34],

[59]. How does awareness of algorithmic bias affect clinician trust? Do clinicians exhibit

differential reliance on AI recommendations across patient demographics? How do patients

perceive and respond to learning that AI systems used in their care exhibit demographic bias?

These human factors questions are essential for translating technical fairness solutions into

equitable clinical impact.

2.7 Chapter Conclusion

This chapter has provided a comprehensive review of the literature that is foundational to

understanding and addressing intersectional fairness in medical VLMs. The review traced the

evolution from traditional supervised learning in medical image analysis to the contemporary

frontier of vision-language architectures capable of joint reasoning about images and text,

establishing the technical sophistication and clinical promise of models like CLIP, BLIP-

2, BiomedCLIP, and PMC-CLIP. Examination of algorithmic fairness theory synthesised

the mathematical frameworks that formalise equity, from DP and EOdds to intersectional

extensions including max-min fairness, DF, and IF-α, while documenting the fundamental

impossibility results that constrain what forms of fairness can be simultaneously achieved.

Critical analysis of the empirical literature revealed pervasive bias across medical imaging

modalities, with documented performance disparities of 3% to 12% in diagnostic accur-

acy and particularly severe gaps at demographic intersections, exemplified by the Gender

Shades finding of 34.7% error rates for dark-skinned women compared to less than 1% for
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light-skinned men [35]. The clinical translation of these statistical disparities into tangible

harms including delayed diagnosis, resource misallocation affecting 200 million people, and

contribution to 30% mortality gaps between demographic groups establishes fairness as not

merely a technical challenge but a clinical and ethical imperative.

Examination of fairness interventions spanning pre-processing, in-processing, and post-

processing methods documented their theoretical foundations and empirical effectiveness

while revealing critical limitations. The vast majority of existing methods operate at the

feature representation level and address single demographic attributes in isolation, leaving

them fundamentally incapable of guaranteeing fairness at decision boundaries or across

intersectional subgroups. VLM-specific fairness methods including FairCLIP, FairerCLIP,

and DeAR represent important advances but remain focused on single attributes and feature-

level interventions.

The synthesis across all reviewed domains identified a precise research gap: the absence of

frameworks designed to mitigate intersectional bias in VLMs by directly regularising dia-

gnostic certainty at the decision level. While MMD provides a powerful tool for distributional

alignment and has been applied to feature-level fairness, its application to low-dimensional

decision confidence scores across intersectional demographic subgroups in multimodal med-

ical architectures represents unexplored territory. This gap is particularly urgent given the

rapid clinical adoption of VLMs for diagnostic support and the mounting evidence that these

systems encode and exhibit demographic bias despite their sophisticated architectures and

large-scale training.

The following chapter addresses this gap through the introduction of the CMAC-MMD frame-

work, a novel training strategy that enforces distributional consistency on alignment scores

quantifying diagnostic certainty across all intersectional patient subgroups. By operating

at the decision level rather than feature level, by explicitly addressing intersectional com-

binations rather than single attributes, and by targeting diagnostic certainty rather than only

accuracy, CMAC-MMD provides a rigorous and practical solution to the fairness challenges

documented in this review.
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CHAPTER 3

A Decision-Level Regularisation Framework to ensure Intersectional

Fairness in Vision-Language Models for Medical Image Disease

Classification

Chapter Abstract

This chapter introduces and validates the core methodological contribution of this thesis: the

Cross-Modal Alignment Consistency Maximum Mean Discrepancy (CMAC-MMD) framework.

Building upon the research gap identified in the literature review, the absence of interventions

that address decision-level intersectional fairness and equitable diagnostic certainty in

Vision-Language Models (VLMs), this chapter presents a novel regularisation strategy. The

proposed method operates not on abstract feature representations but directly on a cross-

modal alignment score, a proxy for the model’s diagnostic confidence. By applying an

adjusted loss based on the Maximum Mean Discrepancy (MMD) to force the distributional

consistency of these scores across intersectional subgroups, the framework compels the

model to produce predictions with equitable decisiveness. Through rigorous benchmarking

on established dermatology and ophthalmology datasets, this chapter demonstrates that

CMAC-MMD substantially reduces intersectional performance disparities, as measured

by both traditional and advanced fairness metrics, including Differential Fairness (DF)

and Intersectional Fairness-α (IF-α), while maintaining or improving overall diagnostic

accuracy. The findings validate the efficacy of a decision-level approach and establish a

robust, generalisable framework for developing more equitable and trustworthy medical

artificial intelligence (AI) systems for high-stakes clinical applications.
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3.1 Introduction: From Identified Gap to Proposed Solution

The synthesis presented in Chapter 2 established that existing fairness interventions for med-

ical AI exhibit two critical limitations that hinder their applicability to modern vision-language

models (VLM). As detailed in Section 2.6.1, current fairness methods are predominantly

feature-level interventions that operate on single demographic attributes sequentially, making

them insufficient for addressing the compounded disparities experienced by intersectional

patient subgroups. Furthermore, Section 2.6.2 identified a fundamental gap in the literature:

existing approaches fail to address the critical clinical challenge of equitable diagnostic cer-

tainty across intersectional subgroups. Even when models achieve nominally similar accuracy

across patient groups, they can exhibit systematically lower confidence in decision-making

for marginalised populations, creating a disparity in diagnostic reliability that conventional

fairness metrics fail to capture. This phenomenon termed the “diagnostic certainty gap” poses

significant clinical risks, as predictions for certain patient subgroups become unstable and

vulnerable to misclassification from minor data shifts, ultimately eroding clinician trust and

perpetuating unequal standards of algorithmic care, which is demonstrated in Figure 3.2B.

The overall challenge, including the data imbalances that are a primary source of bias, is

framed visually in Figure 3.1 and Figure 3.2A.

This chapter directly addresses these identified gaps by proposing and empirically validating

the CMAC-MMD framework. The approach represents a conceptual departure from the

feature-level interventions reviewed in Chapter 2, specifically those employing adversarial

training [48], [121], robust optimisation [50], and data-centric rebalancing strategies [72],

[130]. Rather than attempting to neutralise bias within the model’s internal representations,

CMAC-MMD targets the decision level, directly regularising the distribution of diagnostic

confidence scores across all intersectional subgroups. This methodological shift is particu-

larly salient for VLMs such as Contrastive Language-Image Pre-training (CLIP) [16] and

Bootstrapping Language-Image Pre-training (BLIP2) [17], where complex cross-modal in-

teractions between visual features and textual information can create or amplify biases that

feature-level interventions fail to resolve [41]. Existing VLM-specific fairness methods,

including FairCLIP [57], address fairness by optimising for single demographic attributes
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FIGURE 3.1: The problem of intersectional fairness in medical vision-language models.
A Classification pipeline: dermatology and ophthalmology image-text pairs are processed
through a VLM classifier to produce binary diagnostic decisions, which are compared against
ground-truth disease labels to produce a confusion matrix. B Patient-centred attributes,
grouped as Human Index (age, gender, race, ethnicity, language, marital status) and Device
Index (imaging device, image quality), define the intersections along which model perform-
ance can diverge. C Illustration of why single-attribute fairness evaluation understates the
intersectional gap: a 5% accuracy difference between Male and Female at the marginal level
can mask accuracy differences of up to 20 percentage points at the gender–age intersection.

sequentially, an approach that proves inadequate for intersectional subgroups where correcting

for one bias can inadvertently amplify another.

The CMAC-MMD framework operationalises the concept of equitable diagnostic certainty

by defining a scalar cross-modal alignment score for each sample, representing the model’s

confidence margin between correct and incorrect predictions. This one-dimensional score

serves as a direct proxy for diagnostic decisiveness. The method then employs a Maximum

Mean Discrepancy (MMD)-based loss function to enforce that the statistical distributions of

these alignment scores are indistinguishable across all intersectional subgroups defined by

multiple demographic attributes. By aligning entire distributions rather than merely equalising

means, the framework ensures that no patient subgroup is systematically subjected to uncertain
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FIGURE 3.2: Epidemiological skew in training data and the emergence of the diagnostic
certainty gap after fine-tuning. A Demographic subgroup counts with disease prevalence
for the two primary training cohorts: HAM10000 dermatology and Harvard-FairVLMed
ophthalmology. The distributions illustrate the subgroup-size imbalances that underpin
downstream intersectional disparities. B Distribution of model-assigned diagnostic certainty
scores for representative intersectional subgroups under zero-shot CLIP (a, b) and fine-tuned
CLIP (c, d). Histograms are overlaid with a smoothed Kernel Density Estimate (KDE);
the shaded band denotes the zone of uncertainty (0.40–0.60) around the decision threshold
(vertical dashed line at 0.50).

borderline predictions that cluster perilously close to decision thresholds. This decision-level

approach preserves patient privacy, as demographic attributes are required only during training
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to compute the fairness loss and are not needed as model inputs during the inference stage. A

high-level overview of the CMAC-MMD framework is visualised in Figure 3.3.

FIGURE 3.3: High-level schematic of the CMAC-MMD framework. Paired image and
clinical-report inputs are projected into a shared embedding space by the image and text
encoders. Matching and non-matching embedding pairs feed both the standard contrastive
alignment branch (cross-entropy loss) and the CMAC-MMD fairness branch: a per-sample
scalar Alignment Score is computed from the difference between matching and non-matching
similarities, and an MMD-based fairness loss enforces distributional consistency of these
scalar scores across intersectional patient subgroups. The composite training objective is
used to fine-tune the encoders, which are then deployed for disease classification without
demographic inputs at inference.

This chapter is structured to address all three research questions articulated in Section 1.5.

RQ1 inquired how state-of-the-art (SOTA) VLMs exhibit intersectional bias in medical

diagnostic tasks and questioned the adequacy of single-attribute fairness metrics in capturing

these compounded disparities. This question is answered through comprehensive empirical

benchmarking presented in Section 3.3.1, which demonstrates that standard fine-tuning of

diverse VLM architectures consistently degrades intersectional fairness despite improving

66



overall accuracy. The analysis quantifies this trade-off across multiple model families. It

reveals the diagnostic certainty gap, wherein fine-tuned models produce systematically lower

confidence scores for marginalised intersectional subgroups. The inadequacy of conventional

single-attribute metrics is demonstrated through comparative evaluation, which shows that

disparities at demographic intersections substantially exceed those detected by single-axis

analysis. RQ2 questioned whether a novel fairness framework could be developed that

moves beyond feature-level adjustments to directly mitigate bias at the decision level by

regularising diagnostic confidence across intersectional subgroups. This question is addressed

through the methodological development presented in Section 3.2, which provides a rigorous

formulation of the CMAC-MMD framework, including the derivation of the cross-modal

alignment score, the improvements on MMD for distributional consistency, and the complete

training objective. RQ3 examined the effectiveness of the proposed CMAC-MMD framework

in reducing intersectional bias while maintaining or improving overall diagnostic performance

on established medical imaging benchmarks. This question is answered through the empirical

validation presented in Sections 3.3.2 through 3.3.4, demonstrating substantial reductions in

intersectional disparities of 20-35% as measured by both traditional metrics and advanced

intersectional fairness measures, including Differential Fairness (DF) and Intersectional

Fairness-α (IF-α) [54], [55], while maintaining or improving Area Under the Curve (AUC) by

up to 5%. External validation on independent datasets and ablation studies further establish

the generalisability and robustness of the approach.

The remainder of this chapter proceeds as follows. Section 3.2 provides a comprehensive ac-

count of the CMAC-MMD methodology, detailing the architectural foundation in contrastive

VLM pre-training, the formulation of the novel fairness regularizer, the complete training

objective, and the experimental design, including dataset selection, baseline comparisons, and

evaluation metrics. Section 3.3 presents the empirical results across dermatology and ophthal-

mology tasks. Section 3.4 interprets these findings, contextualises them within the literature

reviewed in Chapter 2, and discusses the clinical and scientific implications alongside the

limitations of the current study. Section 3.5 concludes the chapter and transitions to the thesis

conclusion in Chapter 4, where broader implications for trustworthy medical AI and future

research directions are synthesised.

67



3.2 Methodology: The CMAC-MMD Framework

This section provides a comprehensive account of the CMAC-MMD framework, detailing its

theoretical foundation, architectural components, and experimental design. The presentation

builds upon the concepts established in Chapter 2, applying them to construct a novel decision-

level fairness intervention specifically designed for VLMs in medical imaging contexts.

3.2.1 Architectural Foundation: Contrastive Vision-Language Pre-training

The CMAC-MMD framework operates upon the architectural foundation of contrastive VLMs,

specifically the dual-encoder paradigm established by CLIP [16]. As detailed in Section 2.2.2,

this architecture employs two separate neural network encoders, one for visual inputs and

one for textual inputs, that project images and text into a shared, semantically meaningful

embedding space. The training relies on the InfoNCE contrastive objective, which maximises

the similarity between correctly paired image-text representations while minimising the

similarity between mismatched pairs.

Formally, consider a dataset D = {(In,Tn, yn, an)}Nn=1, where each sample comprises a

medical image In, an associated textual description Tn, a binary disease label yn ∈ {0, 1},

and a vector of demographic attributes an that define the patient’s intersectional subgroup.

For dermatological applications, Tn represents a concise clinical description embedding

the diagnostic label (for example, “A dermoscopic photograph of a benign pigmented skin

lesion with no evidence of melanoma”). For ophthalmological tasks, Tn corresponds to

structured clinical reports containing relevant patient history and examination findings. The

demographic attribute vector an encodes information such as age category, gender, and race,

which is utilised exclusively during training to define intersectional subgroups for fairness

regularisation.

The CLIP architecture comprises an image encoder ϕθ : I → Rd parameterised by θ and a text

encoder ψφ : T → Rd parameterised by φ, both projecting their respective inputs into a shared

d-dimensional embedding space. These encoders produce ℓ2-normalised representations:

zIn = ϕθ(In)/∥ϕθ(In)∥2 and zTn = ψφ(Tn)/∥ψφ(Tn)∥2. During training, a mini-batch B of
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N image-text pairs is processed, and the model computes pairwise cosine similarities between

all image and text embeddings, forming a similarity matrix S ∈ RN×N where each element

Sij = τ · (zIi )⊤zTj is scaled by a learnable temperature parameter τ = exp(ω).

The standard symmetric contrastive learning objective, which forms the primary diagnostic

training signal, is expressed as:

LCLIP =
1

2N

N∑
i=1

[
− log

exp(Sii)∑N
j=1 exp(Sij)

− log
exp(Sii)∑N
j=1 exp(Sji)

]
(3.1)

This objective encourages the model to assign high similarity scores to correct image-text pairs

(diagonal elements Sii) while treating all other pairs within the batch as negative examples.

This contrastive formulation enables the model to learn clinically meaningful representations

that capture the semantic correspondence between visual pathology and textual diagnostic

descriptions. However, as established in Section 2.5.2, this standard training procedure,

when applied via Empirical Risk Minimisation (ERM), systematically amplifies intersectional

biases present in the training data distribution. The CMAC-MMD framework addresses this

limitation by augmenting the standard contrastive objective with a novel fairness regularisation

term that operates directly on the model’s decision-level outputs rather than its internal feature

representations.

3.2.2 A Novel Regularizer for Equitable Diagnostic Certainty

3.2.2.1 The Conceptual Core: Formalising Diagnostic Certainty

The central innovation of the CMAC-MMD framework lies in its explicit formalisation and

regularisation of diagnostic certainty at the decision level. Rather than attempting to debias

high-dimensional feature representations, an approach that, as discussed in Section 2.5.2,

often fails to translate into equitable downstream performance, the proposed method targets a

scalar quantity that directly reflects the model’s confidence in its diagnostic predictions.

This quantity, termed the cross-modal alignment score, is derived for each sample as a measure

of how decisively the model separates the correct image-text pairing from the most compelling
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incorrect alternatives within a mini-batch. For a given image-text pair (Ii,Ti) in batch B, the

alignment score is constructed from two directional confidence margins. The image-to-text

margin, denoted aI→T
i , quantifies the difference between the similarity of the correct pair Sii

and the highest similarity between image Ii and any mismatched text in the batch:

aI→T
i = Sii −max

j ̸=i
Sij (3.2)

Symmetrically, the text-to-image margin aT→I
i measures the difference between the correct

pairing similarity and the strongest competing image for text Ti:

aT→I
i = Sii −max

j ̸=i
Sji (3.3)

The final alignment score for sample i is defined as the arithmetic mean of these bidirectional

margins:

ai =
1

2

(
aI→T
i + aT→I

i

)
(3.4)

The “Alignment Score Calculation (ASC)” module illustrates this calculation in Figure 3.4. A

positive alignment score (ai > 0) indicates that the correct image-text pair exhibits greater

similarity than any incorrect pairing, reflecting high diagnostic certainty. Conversely, a score

near zero or negative suggests that the model’s prediction is borderline or incorrect, placing

the sample in a region of diagnostic uncertainty. Critically, this scalar score serves as a direct

proxy for the model’s decisiveness at the point of clinical action, capturing precisely the

quantity identified as problematic in Section 2.6.2: the confidence gap that leaves certain

patient subgroups systematically subjected to uncertain predictions.

The justification for targeting this one-dimensional score rather than high-dimensional feature

representations is threefold. First, it provides a transparent and clinically interpretable measure

of model confidence that directly relates to diagnostic decision-making. Second, it avoids

the degeneracy problems that plague feature-level fairness interventions, where enforcing

similarity in abstract embedding spaces can inadvertently harm the discriminative capacity of
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the representations [50], [121]. Third, by operating in a low-dimensional space, the fairness

regularizer can be applied more effectively with the limited sample sizes available for each

intersectional subgroup within a mini-batch, a practical constraint highlighted in the literature

as a significant barrier to intersectional fairness optimisation [55].

3.2.2.2 Distributional Alignment via Maximum Mean Discrepancy on Cross-Modal

Consistency

The framework employs adjusted MMD, a non-parametric statistical distance measure whose

theoretical foundations are established in Section 2.5.3 to enforce equitable diagnostic cer-

tainty across intersectional subgroups. The key insight is that fairness should be defined

not merely by equality of mean alignment scores across subgroups, but by consistency of

the entire distribution of diagnostic confidence. This distributional perspective ensures that

no subgroup experiences a disproportionate concentration of borderline predictions, even if

average performance metrics appear equitable.

For each intersectional subgroup g represented within a training mini-batch B, the set of

alignment scores Ag = {ai | ai ∈ g, i ∈ B} forms a one-dimensional empirical distribution.

The cardinality of this set, mg = |Ag|, represents the number of samples from subgroup g

present in the batch. The CMAC-MMD regulariser computes the squared MMD between

the alignment score distributions of each pair of subgroups (g, g′) to quantify their statistical

dissimilarity.

The squared MMD between two distributions is defined as the squared distance between their

mean embeddings in a Reproducing Kernel Hilbert Space (RKHS). For finite samples drawn

from subgroups g and g′, the unbiased empirical estimator of the squared MMD between their

alignment-score distributions, consistent with the estimator at Eq. (2.23), is:
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̂CMAC-MMD
2
(Ag,Ag′) =

1

mg(mg − 1)

∑
i∈Ig

∑
j∈Ig
j ̸=i

k(ai, aj)

+
1

mg′(mg′ − 1)

∑
i∈Ig′

∑
j∈Ig′
j ̸=i

k(ai, aj)

− 2

mgmg′

∑
i∈Ig

∑
j∈Ig′

k(ai, aj),

(3.5)

where Ig and Ig′ denote the index sets of samples belonging to subgroups g and g′ respectively,

and k(·, ·) is a positive-definite kernel function. The first two terms represent the within-

subgroup kernel similarities (excluding self-comparisons to ensure unbiasedness), while the

third term captures the cross-subgroup similarities.

The choice of kernel function is critical for the effectiveness of the MMD regulariser. The

framework employs the Radial Basis Function (RBF) kernel, also known as the Gaussian

kernel, which for two scalar alignment-score values a, a′ is defined as:

k(a, a′) = exp
(
−γ(a− a′)2

)
, where γ =

1

2σ2
(3.6)

The RBF kernel is selected for several compelling reasons. First, it is a universal kernel,

meaning it can approximate any continuous function arbitrarily well, providing the flexibility

necessary to capture complex distributional differences in alignment scores [131]. Second,

its characteristic length-scale parameter σ controls the sensitivity to local variations in the

score distributions, allowing the regularizer to detect subtle disparities in diagnostic certainty.

Third, the kernel’s infinite-dimensional feature mapping ensures that the MMD measure

captures differences across all statistical moments of the distributions, not merely the mean

or variance [132]. In the implementation, the bandwidth parameter γ is either specified as

a hyperparameter or adaptively computed using the median heuristic, which sets σ to the

median pairwise distance between all alignment scores in the batch, providing a data-driven

scale that adapts to the characteristic spread of confidence scores.
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3.2.3 The Complete CMAC-MMD Training Objective

The complete CMAC-MMD training objective combines the standard contrastive learning

loss with the proposed fairness regularisation term. Let P denote the set of all distinct

subgroup pairs (g, g′) where g < g′ (in some canonical ordering) and both subgroups are

represented in the current mini-batch with at least two samples each (mg ≥ 2 and mg′ ≥ 2).

The CMAC-MMD fairness loss is defined as the average squared MMD across all such valid

subgroup pairs:

LCMAC =
1

|P|
∑

(g,g′)∈P

̂CMAC-MMD
2
(Ag,Ag′) (3.7)

This formulation ensures that the fairness penalty reflects the extent to which the distributions

of diagnostic certainty diverge across all pairwise comparisons of intersectional subgroups.

By minimising this quantity, the model is explicitly trained to produce alignment score

distributions that are statistically indistinguishable across demographic intersections, thereby

operationalising the principle of equitable diagnostic certainty.

The total training objective augments the standard CLIP contrastive loss with the weighted

CMAC-MMD penalty:

LTotal = LCLIP + λCMAC · LCMAC, (3.8)

where λCMAC ≥ 0 is a hyperparameter that controls the strength of the fairness regularisation.

This composite loss function is summarised in the “Total Training Objective” part of the

framework schematic (Figure 3.4). This parameter serves as a critical lever for balancing

the dual objectives of diagnostic performance and intersectional fairness. When λCMAC = 0,

the framework reduces to standard ERM training, which, as demonstrated in Section 3.3.1,

leads to severe fairness degradation. As λCMAC increases, the model is increasingly con-

strained to equalise the distributions of diagnostic confidence across subgroups, potentially

at the cost of overall classification accuracy. The optimal value of λCMAC thus represents
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a carefully calibrated trade-off between these competing desiderata, and is determined em-

pirically through validation set performance across both accuracy and fairness metrics. A

comprehensive sensitivity analysis across seven values of λCMAC spanning a 500-fold range,

reported in Section 3.3.6, confirms that the operating point selected throughout this chapter

(λCMAC = 0.5) is robust across both clinical cohorts and does not sit near any phase transition.

The training procedure alternates between forward passes that compute both loss components

and backward passes that update the model parameters θ and φ (as well as the temperature

parameter ω) via gradient descent. Crucially, the demographic attributes an are utilised

exclusively to subgroup samples and compute the CMAC-MMD loss during training; they

are never provided as inputs to the image or text encoders. This architectural choice ensures

that the resulting model respects patient privacy and can be deployed in clinical settings

where demographic information may be unavailable, incomplete, or protected by privacy

regulations. The fairness intervention thus operates through implicit regularisation of the

learning dynamics rather than through explicit conditioning on sensitive attributes.

3.2.4 Experimental Design for Empirical Validation

3.2.4.1 Datasets and Intersectional Subgroup Definition

The empirical validation of the CMAC-MMD framework is conducted on three established

medical imaging datasets that provide the demographic annotations necessary for intersec-

tional fairness analysis. The primary training and evaluation dataset for dermatological disease

classification is HAM10000 [90], comprising 10,015 dermoscopic images of pigmented skin

lesions with associated age and gender attributes. The dataset is partitioned into training

(approximately 7,000 images), validation (1,000 images), and test (2,000 images) sets using

stratified sampling to maintain representative subgroup distributions across splits. To assess

the generalisability of the fairness benefits achieved by CMAC-MMD under distribution shift,

the BCN20000 dataset [133], an external collection of 20,000 dermoscopic images from a

different clinical institution, is utilised as a held-out validation set.

For ophthalmological applications, the Harvard-FairVLMed dataset [57] is employed, con-

sisting of 10,000 fundus photographs paired with clinical reports, annotated with patient age,
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FIGURE 3.4: Schematic of the CMAC-MMD framework. The model takes image-text pairs
and demographic attributes as input. Instead of regularising high-dimensional embeddings,
CMAC-MMD first computes a per-sample, scalar Alignment Score (ASC), quantifying the
model’s diagnostic certainty. These scalar scores are grouped by subgroup, and the CMAC-
MMD loss is calculated to result in 1-D distributions, enforcing that the distribution of model
certainty is consistent across all intersectional patient groups. The diagram also illustrates
the placement of the ablation MMD regularisers benchmarked in Section 3.3.5 (Table 3.5):
applied at the image embeddings, the text embeddings, and the final disease logits. In every
variant reported in the chapter, the CMAC-MMD row combines LCLIP with a single fairness
regulariser on the scalar alignment score and does not include any feature-level or logit-level
term. The RKHS visualisation and RBF kernel [131], [132] depict the conceptual goal:
minimising the distance between the probability distributions (PD∗) of different subgroups to
achieve fairness. The final training objective combines the standard symmetric CLIP/InfoNCE
loss with the weighted LCMAC penalty.

gender, race, ethnicity, spoken language, and marital status. This dataset undergoes a similar

stratified split into training (5,968 images), validation (2,032 images), and test (2,000 images)

sets.
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The definition of intersectional subgroups represents a critical methodological decision

that balances clinical relevance, statistical validity, and computational feasibility. For the

dermatological datasets, age is stratified into three categories: 0-40 years, 41-60 years,

and 60+ years. This stratification reflects established clinical knowledge regarding the

epidemiology of skin cancer, where risk undergoes significant inflection points around age

40 and accelerates substantially after age 60 [90]. Combined with binary gender, this yields

six intersectional subgroups. The decision to use three age bins rather than finer-grained

categories or continuous age is necessitated by the requirement for adequate sample sizes

within each subgroup, a fundamental challenge in intersectional fairness highlighted in Section

2.4.2. Each subgroup must contain a sufficient number of samples (ideally exceeding 50-100)

to enable reliable computation of fairness metrics and stable estimation of the loss during

training [36].

For the ophthalmological dataset, which includes racial information in addition to age and

gender, a binary age threshold (0-60 versus 60+) and a binary race categorisation (White

versus Non-White) are employed, yielding eight intersectional subgroups. The age threshold

of 60 years is justified by the exponential increase in glaucoma prevalence beyond this point,

rising from approximately 1% in younger populations to over 3% in individuals aged 60 and

above [60]. The binarisation of race, while admittedly a simplification that obscures important

within-group heterogeneity, is a pragmatic necessity to prevent the proliferation of subgroups

from rendering many categories statistically underpowered. These stratification decisions

are explicitly acknowledged as methodological limitations in Section 3.4.4, recognising that

demographic categories are social constructs that imperfectly capture the true diversity of

patient populations. Section 4.3.2 in Chapter 4 treats the methodological mitigation of this

statistical-power bottleneck as the primary prerequisite for any extension of CMAC-MMD

to additional demographic attributes or finer-grained categorisations, and enumerates four

concrete strategies, variance-corrected and small-sample MMD estimators, hierarchical and

multi-resolution fairness constraints, subgroup-aware batch construction with minimum-count

guarantees, and a priori power analysis to guide attribute inclusion, that must be developed

before attribute coverage is expanded.
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3.2.4.2 Baselines and Comparative Interventions Adaptation on VLMs

To rigorously assess the effectiveness of the CMAC-MMD framework, the proposed method

is benchmarked against a comprehensive suite of fairness interventions spanning both pre-

processing (data-level) and in-processing (algorithmic-level) stages. A critical methodological

consideration is that the comparative methods selected were not originally designed for

VLMs, and certainly not for the dual-encoder CLIP architecture employed in this study.

Instead, these techniques were developed for conventional supervised learning tasks involving

single-modality inputs or for domain adaptation problems distinct from fairness optimisation.

Consequently, substantial adaptation is required to enable these methods to operate within

the contrastive learning framework of CLIP, which lacks explicit class-conditional layers

and instead relies on similarity-based matching between image and text embeddings. The

following exposition details both the original formulation of each baseline method and the

specific architectural modifications implemented to ensure fair comparison within the VLM

context.

Pre-processing Methods: Data-Level Interventions

Pre-processing approaches attempt to mitigate bias by modifying the training data distribution

before model training, operating under the assumption that correcting data-level imbalances

will reduce downstream algorithmic disparities. Two canonical pre-processing techniques are

evaluated in this study.

Resampling. Resampling is a fundamental data balancing technique that adjusts the represent-

ation of different demographic subgroups in the training set to achieve distributional parity

[47]. The method operates by computing subgroup-specific sampling probabilities designed to

counteract empirical underrepresentation. For a dataset D = {(In,Tn, yn, an)}Nn=1 stratified

into G intersectional subgroups based on the demographic attribute vectors an, the empirical

subgroup counts are denoted ng = |{i : ai ∈ g}| for g = 1, . . . , G. Resampling constructs a

balanced dataset by assigning to each sample i belonging to subgroup g a sampling weight

inversely proportional to the subgroup size:
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wresample
i =

1

ng

where ai ∈ g (3.9)

These weights are then employed within a WeightedRandomSampler during mini-batch con-

struction, effectively oversampling underrepresented subgroups and undersampling overrep-

resented ones with replacement to produce training batches with approximately uniform

subgroup representation. In the CLIP context, this resampling procedure requires no architec-

tural modification, as the contrastive loss LCLIP remains unchanged. However, the empirical

composition of each mini-batch is altered such that minority intersectional subgroups (for in-

stance, young Non-White females in the ophthalmology dataset) appear with higher frequency

than their proportion in the original training set would dictate. The implementation em-

ploys PyTorch’s WeightedRandomSampler with num_samples = N and replacement = True

to ensure that all original samples remain accessible while enforcing balanced subgroup

sampling.

Reweighting. Reweighting is an alternative pre-processing strategy that, rather than altering

the data sampling distribution, modifies the contribution of each sample to the training loss by

assigning differential importance weights [72], [134]. The reweighting approach is grounded

in the principle that samples from underrepresented subgroups should exert greater influence

on parameter updates to compensate for their numerical scarcity. For each sample i belonging

to intersectional subgroup g, a loss weight is computed using the same inverse-frequency

formula:

wreweight
i =

1

ng

where ai ∈ g (3.10)

The standard element-wise cross-entropy formulation must be modified to integrate reweight-

ing into the CLIP training framework. Specifically, the contrastive loss for each sample

is computed individually and then scaled by the corresponding sample weight. Given a

mini-batch B of N samples, the reweighted symmetric contrastive objective becomes:

Lreweight
CLIP =

1

2N

N∑
i=1

wreweight
i

[
− log

exp(Sii)∑N
j=1 exp(Sij)

− log
exp(Sii)∑N
j=1 exp(Sji)

]
(3.11)
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where Sij = τ · (zIi )⊤zTj represents the scaled cosine similarity between image i and text j

embeddings. The implementation employs PyTorch’s CrossEntropyLoss with reduction =

’none’ to obtain per-sample losses, which are then element-wise multiplied by the weight

vector before averaging. This approach ensures that gradients propagated to the encoders are

amplified for minority subgroup samples, implicitly guiding the model toward representations

that better accommodate underrepresented patient demographics.

In-processing Methods: Algorithmic-Level Interventions

In-processing methods modify the learning algorithm itself, typically by augmenting the

standard training objective with additional fairness-oriented constraints or auxiliary losses.

These techniques operate during training and require architectural or optimisation-level

modifications to the base VLM framework.

Mean Accuracy. Mean accuracy optimisation, also referred to as average group accuracy

maximisation, directly targets fairness by defining the training objective as the arithmetic

mean of per-subgroup accuracies rather than overall subgroup-level accuracy. This approach

ensures that all demographic groups contribute equally to the optimisation criterion regardless

of their relative sizes. Let Bg ⊆ B denote the subset of samples in mini-batch B belonging to

intersectional subgroup g. The mean accuracy objective for CLIP is formulated as:

LMeanAcc =
1

|GB|
∑
g∈GB

LCLIP(Bg) (3.12)

where GB represents the set of distinct intersectional subgroups present in the current mini-

batch, and LCLIP(Bg) denotes the standard symmetric contrastive loss computed exclusively

over samples from subgroup g. This formulation assigns equal weight to each subgroup’s loss,

effectively upweighting minority groups and downweighting majority groups in proportion to

their representation discrepancies. The implementation tracks subgroup membership for all

samples within each batch, partitions the batch accordingly, computes separate contrastive

losses for each subgroup partition, and averages these subgroup-specific losses to form the

total training objective. This method requires no architectural modification but fundamentally

79



alters the optimisation landscape by treating each demographic intersection as an equally

important optimisation target.

Group Distributionally Robust Optimisation (GroupDRO). GroupDRO, originally developed

for handling distribution shift and improving worst-case generalisation across predefined

groups [50], has been adopted for fairness applications under the principle that mitigating

worst-group performance directly addresses the most severe manifestations of algorithmic

bias. The method frames fairness as a robust optimisation problem, seeking to minimise

the maximum loss across all demographic subgroups. Formally, for the set of intersectional

subgroups {g}Gg=1 represented in the training data, the GroupDRO objective is:

LGroupDRO = max
g∈GB

LCLIP(Bg) (3.13)

This minimax formulation prioritises the demographic subgroup experiencing the highest

training loss in each mini-batch, concentrating optimisation effort on the most disadvantaged

group. The adaptation to CLIP proceeds identically to Mean Accuracy optimisation in terms

of batch partitioning: for each mini-batch B, samples are segregated by their intersectional

subgroup membership, individual contrastive losses are computed for each subgroup parti-

tion Bg, and the maximum loss across all represented subgroups is selected as the training

signal. After computing all subgroup-specific losses, the implementation employs PyTorch’s

torch.max operator to identify the worst-performing group. This approach requires care-

ful hyperparameter tuning, as the exclusive focus on the worst group can lead to training

instability, particularly when mini-batch compositions vary substantially across iterations.

To mitigate instability, the official GroupDRO implementation incorporates an exponential

moving average over group losses [50], but for consistency with other baselines, the present

study employs the simpler instantaneous maximum formulation.

Domain-Adversarial Neural Networks (DANN). DANN was originally proposed by Ganin et al.

[49] for unsupervised domain adaptation, where the objective is to learn feature representations

that are invariant to domain identity while remaining discriminative for the task. The method

has been repurposed for fairness by treating demographic attributes as "domains" and seeking

representations that cannot discriminate between different demographic groups. The DANN
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architecture augments the feature extractor with a domain classifier trained adversarially via

a gradient reversal layer (GRL). For the CLIP dual-encoder architecture, DANN requires

introducing two separate adversarial branches: one for the image encoder and one for the text

encoder.

The DANN training objective combines the primary contrastive classification loss with an

adversarial demographic prediction loss. Formally, let Dimg : Rd → RG and Dtext : Rd → RG

denote domain discriminators (implemented as multi-layer perceptrons) that attempt to predict

the intersectional subgroup membership g ∈ {1, . . . , G} from the image and text embeddings

respectively. The gradient reversal layer, denoted as GRL(·, λ), is a pseudo-layer that acts

as the identity function during forward propagation but multiplies gradients by −λ during

backpropagation, where λ > 0 controls the strength of the adversarial effect. The complete

DANN objective for CLIP is:

LDANN = LCLIP + λadv

(
Limg

dom + Ltext
dom

)
(3.14)

where the domain classification losses are defined as:

Limg
dom = − 1

N

N∑
i=1

logP
(
gi | Dimg(GRL(zIi , λGRL))

)
(3.15)

Ltext
dom = − 1

N

N∑
i=1

logP
(
gi | Dtext(GRL(zTi , λGRL))

)
(3.16)

During training, the domain discriminators Dimg and Dtext are optimised to correctly classify

the intersectional subgroup of each embedding, while the image and text encoders receive

reversed gradients that encourage them to produce embeddings that confound the domain dis-

criminators. This adversarial game theoretically drives both encoders toward representations

that are invariant to demographic attributes. The implementation employs a custom PyTorch

autograd function for the GRL and two-layer MLPs (with hidden dimension 256 and ReLU

activation) for the domain discriminators. The adversarial weight λadv is set to 1.0 and the

gradient reversal coefficient λGRL is also set to 1.0 following standard practice [49]. Critically,
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the domain discriminators are trained jointly with the main model using a shared optimiser

(AdamW), and both discriminators are discarded after training, as they serve only to guide

representation learning and are not required at inference time.

Conditional Domain-Adversarial Neural Networks (CDANN). CDANN, introduced by Long

et al. [121] as an extension of DANN for domain adaptation, addresses a fundamental

limitation of vanilla DANN: by enforcing complete demographic invariance, DANN may

inadvertently remove task-relevant information that happens to correlate with demographic

attributes. CDANN resolves this by conditioning the adversarial discriminator on the predicted

class labels, thereby preserving class-discriminative information while enforcing invariance

within each class. For the CLIP architecture, CDANN adaptation involves concatenating

the softmax-normalised classification logits with the embeddings before passing them to the

domain discriminators.

Specifically, for each image embedding zIi and corresponding logits oi = softmax(τ ·

zIi (z
ref
text)

⊤), where zref
text ∈ R2×d represents the fixed text embeddings for the two class prompts,

the conditioned feature for the image modality is constructed as:

himg
i = [zIi ;oi] ∈ Rd+2 (3.17)

where [·; ·] denotes concatenation. An analogous conditioning is applied to the text modality.

The CDANN objective then becomes:

LCDANN = LCLIP + λadv

(
Limg

cdom + Ltext
cdom

)
(3.18)

where the conditional domain losses are:

Limg
cdom = − 1

N

N∑
i=1

logP
(
gi | Dcond

img (GRL(himg
i , λGRL))

)
(3.19)

with a symmetric formulation for the text modality. The key distinction from DANN is that

Dcond
img andDcond

text now accept (d+2)-dimensional inputs rather than d-dimensional embeddings,
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with the additional two dimensions encoding the model’s confidence distribution over the

binary classification task. This conditioning mechanism allows the discriminators to account

for class-specific distributional patterns, preventing the encoders from discarding features that

are both task-relevant and correlated with demographic attributes. The implementation follows

the same architectural pattern as DANN but with adjusted input dimensions for the domain

discriminators (d+ 2 = 514 for a CLIP model with d = 512-dimensional embeddings). The

predicted class probabilities oi are detached from the computation graph to prevent gradients

from the domain discriminators from directly influencing the main classification objective,

ensuring that the conditioning serves purely to modulate the adversarial training dynamics

rather than introducing an additional supervisory signal.

FairCLIP. In addition to the aforementioned general-purpose fairness methods, the study

includes FairCLIP [57], a recently proposed method explicitly designed for bias mitigation

in vision-language models. FairCLIP represents a particularly relevant baseline as it is, to

the author’s knowledge, the only existing fairness intervention specifically developed for the

contrastive VLM. The method employs the Sinkhorn distance, a differentiable approximation

of optimal transport distance, to measure and minimise distributional discrepancies between

demographic subgroups in the learned embedding space. However, a fundamental architec-

tural constraint of FairCLIP is that it accepts only a single demographic attribute as input

during each training phase, processing attributes sequentially rather than simultaneously.

This single-attribute design reflects FairCLIP’s theoretical foundation in marginal fairness

optimisation: the method iteratively debiases the model with respect to one protected attribute

at a time (for example, first race, then age, then gender), under the assumption that sequential

debiasing across individual attributes will generalise to intersectional subgroups. Independent

reproducibility analysis has further documented instability in FairCLIP’s reported fairness

gains, raising additional concerns about the reliability of its single-attribute optimisation

strategy [135]. As established in Section 2.6.1, this assumption is theoretically problematic,

as correcting for bias along one demographic axis can inadvertently introduce or amplify

disparities along another axis, particularly at demographic intersections where multiple mar-

ginalised identities compound. Nevertheless, FairCLIP’s sequential approach represents the
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current SOTA for VLM-specific fairness interventions and thus serves as a critical comparative

baseline.

To enable comprehensive evaluation against methods that explicitly target intersectional

fairness, two variants of FairCLIP are implemented in this study. The first variant, denoted

FairCLIP-Race, follows the original single-attribute formulation and performs debiasing

exclusively with respect to the race attribute, which exhibits the most pronounced baseline

disparities in the Harvard-FairVLMed ophthalmology dataset. This variant provides a dir-

ect assessment of FairCLIP’s efficacy when applied to the single most problematic demo-

graphic dimension. The second variant, denoted FairCLIP-Sequential, represents an adapted

implementation designed to address all demographic attributes within a unified training

framework. Rather than conducting separate, independent training runs for each attribute,

FairCLIP-Sequential employs a cascaded training procedure wherein the model is sequen-

tially fine-tuned on race, then age, then gender, with model checkpoints saved after each

attribute-specific optimisation phase. The architecture is modified to accept a dynamic at-

tribute indicator that specifies which demographic dimension is currently being optimised,

allowing all three attributes to be processed within a single end-to-end training pipeline while

preserving FairCLIP’s fundamental single-attribute optimisation mechanism.

Formally, let {a(1), a(2), a(3)} denote the three demographic attributes (race, age, gender

respectively). The FairCLIP-Sequential training proceeds as follows: First, the model is

initialised from the pre-trained CLIP weights and fine-tuned with the FairCLIP objective

targeting attribute a(1) (race) for E epochs, yielding checkpoint θ(1). This checkpoint is then

loaded as the initialisation for the second training phase, which optimises with respect to

attribute a(2) (age) for another E epochs, producing checkpoint θ(2). Finally, θ(2) is used to

initialise the third phase targeting attribute a(3) (gender), resulting in the final model weights

θ(3). The complete training objective across all three phases can be expressed as:

θ(k) = argmin
θ

LCLIP(θ) + λFair · LSinkhorn
(
θ, a(k)

)
, k ∈ {1, 2, 3} (3.20)

where LSinkhorn
(
θ, a(k)

)
represents the Sinkhorn distance-based fairness penalty computed

over subgroups defined by the k-th attribute, and θ(k) is initialised from θ(k−1) for k > 1. This
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cascaded formulation ensures that the model undergoes debiasing with respect to all three

demographic dimensions, albeit sequentially rather than jointly. Each training phase employs

the same hyperparameters as specified in the original FairCLIP implementation [57], with

λFair = 0.1 and E = 16 epochs per attribute.

The distinction between FairCLIP-Sequential and the proposed CMAC-MMD framework

is thus fundamental: FairCLIP-Sequential performs three consecutive single-axis optim-

isations, treating each demographic attribute in isolation despite their cascaded ordering,

whereas CMAC-MMD directly targets the joint distribution of diagnostic certainty across all

intersectional subgroups defined by the Cartesian product of demographic attributes. This ar-

chitectural difference enables rigorous empirical assessment of whether explicit intersectional

optimisation (CMAC-MMD) provides substantive advantages over sequential single-attribute

debiasing (FairCLIP-Sequential), even when the latter is extended to encompass all available

demographic dimensions. The comparative evaluation thus addresses a central question in

fairness research: whether intersectionality requires dedicated algorithmic mechanisms or

whether carefully sequenced marginal interventions suffice to achieve equitable outcomes

across demographic intersections.

All baseline methods are implemented using identical training hyperparameters (learning rate

1× 10−5, batch size 32, 50 epochs, AdamW optimiser) to ensure fair comparison. Models are

trained with three independent random seeds, and results are reported as mean values with 95%

confidence intervals. For methods requiring additional hyperparameters (for instance, λadv for

DANN and CDANN), values are selected via grid search over a validation set, optimising for

the best trade-off between classification performance (AUC) and fairness metrics (specifically,

∆TPR and DF-ϵ). This comprehensive suite of baselines enables rigorous assessment of

whether the proposed CMAC-MMD framework’s decision-level intervention strategy offers

substantive advantages over both established data-level and feature-level approaches when

adapted to the VLM context.
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3.2.4.3 Ablation Study Design: Evaluating Alternative MMD Application Points

A critical component of the experimental design is the ablation study, which investigates

whether the proposed decision-level application of the MMD fairness regularizer offers sub-

stantive advantages over alternative placements within the VLM architecture. The central

hypothesis motivating the CMAC-MMD framework is that enforcing distributional consist-

ency at the level of diagnostic confidence scores, captured by the one-dimensional cross-modal

alignment score, is more effective for achieving equitable diagnostic certainty than apply-

ing the same distributional constraint to intermediate representations or final classification

outputs. To rigorously test this hypothesis, two ablation variants are implemented that apply

the original MMD penalty to alternative architectural locations while maintaining all other

aspects of the training procedure identical to the proposed method.

The rationale for these ablation experiments stems from the observation that fairness in-

terventions in machine learning (ML) have historically operated at different levels of the

model hierarchy, from raw input features to high-dimensional learned representations to final

decision boundaries. The literature reviewed in Chapter 2 documented numerous feature-

level fairness methods that apply distributional constraints to intermediate neural network

embeddings, operating under the assumption that demographic invariance in representation

space will translate to fairness in downstream predictions. Similarly, some recent approaches

have targeted the final logit layer, regularising the pre-softmax classification scores to en-

sure equitable confidence distributions. However, as established in Section 2.6.2, neither

representation-level nor logit-level interventions directly address the phenomenon of dia-

gnostic certainty disparity, which manifests specifically in the margin between correct and

incorrect predictions rather than in the absolute values of individual class scores. The ablation

study design enables explicit quantification of the performance differential between these

alternative regularisation strategies and the proposed alignment score approach.

Ablation Variant 1: MMD on Image and Text Embeddings (LMMD_emb). The first ablation

variant applies the MMD distributional constraint directly to the high-dimensional image and

text embeddings produced by the CLIP image encoder, implementing a feature-level fairness

intervention analogous to those employed in prior domain adaptation and fairness literature.

86



Specifically, rather than computing alignment scores as the CMAC-MMD framework does,

this variant extracts the ℓ2-normalised image and text embeddings zIi ∈ Rd for all samples in

a mini-batch and applies the MMD penalty to enforce that the empirical distributions of these

d-dimensional vectors are statistically indistinguishable across intersectional subgroups. For

each pair of subgroups (g, g′) represented in the batch, the squared MMD in the embedding

space is computed as:

M̂MD
2

emb(ZI
g ,ZI

g′) =
1

mg(mg − 1)

∑
i∈Ig

∑
j∈Ig
j ̸=i

k(zIi , z
I
j )

+
1

mg′(mg′ − 1)

∑
i∈Ig′

∑
j∈Ig′
j ̸=i

k(zIi , z
I
j )

− 2

mgmg′

∑
i∈Ig

∑
j∈Ig′

k(zIi , z
I
j ),

(3.21)

where ZI
g = {zIi | ai ∈ g, i ∈ B} denotes the set of image or text embeddings from subgroup

g within the current batch, and k(·, ·) is the RBF kernel function. Because the embeddings

reside in a high-dimensional space (d = 512 for the ViT-B/16 CLIP encoder employed in

this study), the kernel function operates on d-dimensional vectors rather than scalars, with

the kernel bandwidth parameter γ computed adaptively via the median heuristic applied to

pairwise Euclidean distances between embeddings. The aggregated embedding-level MMD

loss is then:

LMMD_emb =
1

|P|
∑

(g,g′)∈P

M̂MD
2

emb(ZI
g ,ZI

g′) (3.22)

and the total training objective becomes Ltotal = LCLIP + λMMD · LMMD_emb. This ablation

variant tests whether enforcing demographic invariance in the learned visual representations

suffices to produce equitable diagnostic outcomes, a hypothesis consistent with much of the

feature-level fairness literature but one that the present study questions on theoretical grounds.

The architectural placement of this regularizer is illustrated in Figure 3.4, where the MMD
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penalty is shown operating on the output of the image or text encoder pipeline before the

similarity computation.

Ablation Variant 2: MMD on Classification Logits (LMMD_logit). The second ablation

variant applies the MMD constraint to the final disease classification logits, targeting the

immediate precursors to the predicted class probabilities. In the CLIP framework, logits

are obtained by computing the scaled similarity between each image embedding and the

text embeddings representing the class labels. For a given image i with embedding zIi , the

two-dimensional logit vector is oi = τ · [⟨zIi , zTbenign⟩, ⟨zIi , zTmalignant⟩]⊤ ∈ R2, where zTbenign

and zTmalignant are the normalised text embeddings for the two class prompts and τ = exp(ω)

is the learned temperature parameter. This ablation enforces that the distribution of these

two-dimensional logit vectors is consistent across intersectional subgroups. The squared

MMD between subgroup logit distributions is computed as:

M̂MD
2

logit(Og,Og′) =
1

mg(mg − 1)

∑
i∈Ig

∑
j∈Ig
j ̸=i

k(oi,oj)

+
1

mg′(mg′ − 1)

∑
i∈Ig′

∑
j∈Ig′
j ̸=i

k(oi,oj)

− 2

mgmg′

∑
i∈Ig

∑
j∈Ig′

k(oi,oj),

(3.23)

where Og = {oi | ai ∈ g, i ∈ B} is the set of logit vectors from subgroup g. The RBF kernel

now operates on two-dimensional vectors, and the bandwidth parameter is computed from

pairwise Euclidean distances between logit vectors. The aggregated logit-level MMD loss is:

LMMD_logit =
1

|P|
∑

(g,g′)∈P

M̂MD
2

logit(Og,Og′) (3.24)

and the training objective is Ltotal = LCLIP + λMMD · LMMD_logit. This variant tests whether

equalising the distribution of raw classification scores across demographic groups produces

equitable diagnostic performance. While this approach directly targets the quantities that
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determine predicted class probabilities, it does not explicitly address the decisiveness with

which predictions are made, as it treats the two logit dimensions independently rather than

measuring the margin between them. The architectural placement of this regularizer is

depicted in Figure 3.4, where the MMD penalty is applied to the final disease logit outputs

immediately prior to the loss computation.

Comparative Assessment. The critical distinction between these ablation variants and the

proposed CMAC-MMD framework lies in the dimensionality and semantic interpretation

of the space in which distributional alignment is enforced. The embedding-level ablation

operates in a 512-dimensional representation space that encodes general visual features

learned during pre-training but may not directly correspond to clinically relevant patterns or

diagnostic confidence. The logit-level ablation operates in a two-dimensional space capturing

raw class scores but treats these dimensions as independent quantities rather than measuring

the relative confidence between classes. In contrast, the CMAC-MMD framework projects

the decision-making process onto a one-dimensional axis that explicitly quantifies diagnostic

decisiveness through the margin between correct and incorrect pairings, directly addressing

the phenomenon of equitable diagnostic certainty articulated in Section 2.6.2. The ablation

study thus enables empirical validation of the hypothesis that this one-dimensional alignment

score representation provides a more effective substrate for fairness regularisation than either

high-dimensional feature representations or multi-dimensional logit vectors.

All three variants (the two ablations and the proposed CMAC-MMD method) are trained

under identical conditions using the same hyperparameters, datasets, and evaluation protocols

detailed in the subsequent sections. The hyperparameter λMMD is tuned independently for

each variant via grid search over the validation set to ensure fair comparison, as the optimal

regularisation strength may differ depending on the dimensionality and statistical properties

of the space being regularised. Performance is assessed using the comprehensive suite

of fairness and accuracy metrics described in the following section, enabling quantitative

determination of which architectural placement of the MMD regularizer yields the most

favourable accuracy-fairness trade-offs for medical diagnostic applications.
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3.2.4.4 Evaluation Framework and Metrics

The evaluation framework employs a comprehensive suite of metrics spanning both diagnostic

performance and fairness dimensions, with metric definitions formally established in Sections

2.3.3 and 2.4.2. Overall diagnostic performance is quantified using the Area Under the

Receiver Operating Characteristic Curve (AUC), which measures the model’s ability to

discriminate between positive and negative cases across all possible classification thresholds.

The AUC metric is selected for its threshold-independence and robustness to class imbalance,

properties that are particularly valuable in medical diagnostic contexts where operating points

may vary based on clinical risk tolerance.

Fairness is assessed through a multi-faceted lens that captures both single-attribute and

intersectional disparities. Traditional group fairness metrics include: (1) Demographic Parity

Difference (DPD), measuring the maximum difference in positive prediction rates across

subgroups; (2) Difference in True Positive Rates (∆TPR), quantifying the gap in sensitivity

and thus directly reflecting disparities in the rate of missed diagnoses; and (3) Difference in

False Positive Rates (∆FPR), capturing disparities in false alarm rates. Among these, ∆TPR

is emphasised for its direct clinical relevance in disease screening contexts, where failing to

detect pathology in certain patient subgroups constitutes a critical safety concern. To evaluate

the trade-off between overall performance and equity, we also employ the Equity-Scaled

AUC (ES-AUC). This composite metric jointly considers diagnostic accuracy and fairness by

penalising models that achieve high AUC through inequitable performance across subgroups.

To explicitly quantify intersectional fairness, two advanced metrics are employed. DF [54]

provides a multiplicative bound on performance disparities, requiring that for all subgroup

pairs (gi, gj) and a specified tolerance parameter ϵ:

exp(−ε) ≤ TPR(gi)
TPR(gj)

≤ exp(ε) (3.25)

A model is deemed to satisfy DF if this constraint holds for all pairwise comparisons, with

smaller values of ϵ representing more stringent fairness standards. The study evaluates DF at
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ε = 0.5, corresponding to a maximum allowable ratio of approximately 1.65 between any

two subgroups’ true positive rates.

IF-α [55] is designed to prevent “levelling down” effects wherein fairness is achieved by de-

grading performance for advantaged groups rather than improving outcomes for disadvantaged

ones. For each subgroup pair (gi, gj), IF-α computes a composite disparity metric:

Lα(gi, gj) = α · |TPR(gi)− TPR(gj)|+ (1− α) ·
∣∣∣∣TPR(gi)
TPR(gj)

− 1

∣∣∣∣ , (3.26)

where the parameter α ∈ [0, 1] balances absolute and relative disparity measures. A pair

satisfies IF-α if Lα(gi, gj) < γIF for a threshold γIF. The study employs α = 0.5 and

γIF = 0.4, representing a balanced consideration of both absolute and relative disparities with

a moderately strict threshold. A model is considered to achieve intersectional fairness only if

all subgroup pairs satisfy both the DF and IF-α criteria, establishing a rigorous multi-criterion

evaluation standard.

Additionally, calibration error is measured to ensure that predicted confidence scores corres-

pond to actual disease prevalence across subgroups, an important consideration given the

framework’s focus on diagnostic certainty. The Expected Calibration Error (ECE) quantifies

the weighted average difference between predicted confidence and observed accuracy across

binned prediction scores [103].

3.2.4.5 Implementation Details

All models are implemented using PyTorch 2.1 with CUDA 12.1 and trained on a workstation

equipped with a single NVIDIA RTX A6000 GPU (48 GB VRAM) and a single NVIDIA

GeForce RTX 4090 GPU (24 GB VRAM). Each full training run, corresponding to one

fairness method, one random seed, and one clinical cohort trained for 50 epochs at the batch

size and learning rate specified below, completes in approximately 8 hours and 54 minutes

on this hardware. The total compute budget for the chapter scales accordingly with the eight

architectures evaluated in the fine-tuning baseline characterisation (Section 3.3.2), the eight

fairness interventions evaluated in the aggregate comparison (Section 3.3.3), the five-variant
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ablation study (Section 3.3.5), and the seven-value λCMAC sensitivity sweep (Section 3.3.6),

each repeated with three independent random seeds on the HAM10000 dermatology and

Harvard-FairVLMed ophthalmology cohorts. The study evaluates multiple VLM architectures,

including CLIP variants (ViT-B/16, ViT-B/32, ViT-L/14) [16], domain-adapted medical CLIP

models (BioMedCLIP [19], PMC-CLIP [20], PubMedCLIP [67], MedCLIP [21]), and BLIP-

2 models with FlanT5-XL and OPT backbones (approximately 3 billion parameters) [17].

Models are fine-tuned for 50 epochs on the training sets using the AdamW optimiser with a

learning rate of 1×10−5 and weight decay of 5×10−5. The batch size is set to 32 (adjustable)

to balance computational efficiency with the requirement for diverse subgroup representation

within each batch for effective CMAC-MMD computation.

The CMAC-MMD hyperparameter λCMAC was selected on the basis of validation-set per-

formance from a grid of seven values, λCMAC ∈ {0.01, 0.1, 0.25, 0.5, 1.0, 2.0, 5.0}, spanning

a 500-fold range. The value λCMAC = 0.5 was retained for all reported experiments; the full

sensitivity sweep is presented in Section 3.3.6 (Tables 3.6–3.7, Figs. 3.10–3.11). The RBF

kernel bandwidth parameter γ is computed adaptively using the median heuristic within each

mini-batch. Gradient clipping with a maximum norm of 1.0 is applied to enhance training

stability. All experiments are conducted with three independent random seeds, and results are

reported as means with 95% confidence intervals derived from the standard error across runs.

This comprehensive experimental design ensures the reproducibility of findings and provides

a rigorous empirical foundation for the claims advanced in this thesis.

3.2.5 Statistical Analysis

Statistical analyses were performed using Python 3.12.3 with SciPy 1.11 and NumPy 1.24.

Two co-primary endpoints were pre-specified: the Area Under the Receiver Operating Char-

acteristic Curve (AUC) for diagnostic performance, and the Difference in True Positive Rate

(∆TPR) for fairness performance. Secondary metrics included the Demographic Parity Dif-

ference (DPD), the Difference in False Positive Rate (∆FPR), the Difference in Equalised

Odds (DEOdds), and the Expected Calibration Error (ECE). Binary fairness criteria were

the Differential Fairness criterion at ε = 0.5 and the Intersectional Fairness-α criterion at

α = 0.5, γIF = 0.4.
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For paired AUC comparisons between CMAC-MMD and each baseline, the DeLong test was

used. This test accounts for the correlation induced when two AUC estimates are computed

on the same held-out test set and provides asymptotically valid confidence intervals for the

AUC difference. Two-sided p-values and 95% confidence intervals for the AUC difference

are reported. For paired subgroup-level comparisons of fairness metrics across intersectional

subgroups (principally DEOdds), the Wilcoxon signed-rank test was used, because the pairing

is across the six or eight intersectional subgroups rather than across seeds and the test is

non-parametric under the small-sample setting. For aggregate fairness metrics (DPD, ∆TPR)

a two-proportion Z-test was used under the normal approximation for large samples. For

every reported metric, 95% percentile confidence intervals were generated by stratified

bootstrapping of the test predictions with 10,000 resamples; the three seeded runs of each

method are retained and used to quantify run-to-run variability, with means reported alongside

95% confidence intervals. A paired t-test over the three seeded replications was not adopted

because with two degrees of freedom such a test has negligible power to detect the effect sizes

observed; the DeLong, Wilcoxon signed-rank, and two-proportion Z-tests described above

operate on the pooled test-set predictions and are the appropriate inferential procedures for

the comparisons of interest.

Statistical significance was defined as p < 0.05 (two-sided). No formal correction for multiple

comparisons across baseline methods was applied in the primary analysis, as each comparison

addresses a distinct pre-specified scientific question. To assess robustness to multiplicity, a

post-hoc Bonferroni sensitivity analysis was conducted: with seven pairwise comparisons in

the dermatology analysis and three in the ophthalmology analysis, the adjusted significance

thresholds are α = 0.007 and α = 0.017 respectively; all primary comparisons between

CMAC-MMD and each baseline remain statistically significant under this conservative

correction, as documented in the relevant results subsections. Exact p-values are reported

throughout to enable reader interpretation.

3.2.5.1 Code and Data Availability

The complete implementation of the CMAC-MMD framework, including training scripts,

data preprocessing pipelines, evaluation metric computations, and configuration files for all
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experiments reported in this chapter, will be made publicly available at https://gith

ub.com/YPZ404/CMAC-MMD upon acceptance of the parallel submission to npj Digital

Medicine, at which point the repository will be released under an open-source licence. The

implementation is built upon the open-source CLIP codebase (https://github.com/o

penai/CLIP). The pretrained VLM weights used for evaluation are available from their

respective public repositories: BioMedCLIP at https://huggingface.co/micro

soft/BiomedCLIP-PubMedBERT_256-vit_base_patch16_224, PMC-CLIP

at https://huggingface.co/ryanyip7777/pmc_vit_l_14, PubMedCLIP at

https://huggingface.co/flaviagiammarino/pubmed-clip-vit-bas

e-patch32, and MedCLIP at https://github.com/RyanWangZf/MedCLIP.

The FairCLIP baseline implementation is available at https://github.com/Harvard

-Ophthalmology-AI-Lab/FairCLIP.

The three datasets analysed in this thesis are publicly available from their respective custodians

under documented data use agreements, and no additional data have been collected for

this work. The HAM10000 dermatology dataset is available from the Harvard Dataverse

(https://doi.org/10.7910/DVN/DBW86T) and the ISIC Archive (https://is

ic-archive.com). The BCN20000 external validation dataset is available from Figshare

(https://doi.org/10.6084/m9.figshare.24140028) under a Creative

Commons Attribution 4.0 International (CC BY 4.0) licence. The Harvard-FairVLMed

ophthalmology dataset is available from the Harvard Ophthalmology AI Lab repository

(https://github.com/Harvard-Ophthalmology-AI-Lab/FairCLIP)

under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International (CC

BY-NC-ND 4.0) licence for non-commercial research purposes only. Processed data splits, the

stratified sampling indices used to partition each dataset into training, validation, and held-out

test sets, and the intersectional subgroup assignments applied in every experiment reported

in Sections 3.3.1 through 3.3.6 will be released together with the code repository upon the

same acceptance condition, enabling exact replication of the numerical results reported in

this chapter. Because all three datasets are publicly available and de-identified, and no new

primary data have been collected, no additional ethics approval was required for the analyses

presented in this thesis.
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3.3 Results

This section presents the empirical findings of the comprehensive evaluation of the CMAC-

MMD framework across dermatology and ophthalmology tasks. The results are organised to

address the research questions articulated in Section 1.5 and to demonstrate the effectiveness

of the decision-level fairness approach. The presentation begins by establishing the baseline

problem through an analysis of how standard fine-tuning affects intersectional fairness in

Section 3.3.1. Section 3.3.2 presents the main findings, showing how CMAC-MMD achieves

superior fairness-performance trade-offs at both aggregate and subgroup levels. Section 3.3.3

evaluates the robustness and generalisability of the approach through external validation and

cross-domain experiments. Finally, Section 3.3.4 validates the core design choice through

ablation studies that confirm the effectiveness of decision-level regularisation.

3.3.1 Dataset Selection and Intersectional Subgroup Definition

The selection of appropriate datasets for intersectional fairness analysis requires careful

consideration of both demographic attribute availability and statistical power at the intersection

level. Table 3.1 summarises the candidate datasets evaluated for this study. The selection

process adhered to two strict requirements. First, the dataset must contain at least two

demographic attributes to form meaningful intersectional subgroups. Second, each resulting

subgroup must have sufficient sample size, ideally hundreds of images, to support both reliable

metric calculations and model training. Most publicly available medical imaging datasets

either lack balanced distributions across demographic attributes or fall below the 2,000 to

10,000 total samples needed to maintain adequate statistical power after splitting into training,

validation, and test sets with multiple intersectional subgroups.

Based on these constraints, three datasets were selected for this study: HAM10000 [90],

BCN20000 [133], and HarvardFairVLMed [57]. For HAM10000 (n = 10,015 samples) and

HarvardFairVLMed (n = 10,000 samples), the data was partitioned to allocate approximately

70% for training, 10-20% for validation, and 20% for testing, ensuring that each intersectional

subgroup retained hundreds of samples across all splits. The HAM10000 dermatology dataset

comprises six intersectional subgroups defined by age and gender, with the most represented
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TABLE 3.1: Dataset selection for intersectional fairness analysis. Datasets marked with
✓ meet the established criteria.

Dataset #Images Attributes Suitable
Dermatology (Skin Lesion)
HAM10000 [90] 10,015 Age, Gender ✓
BCN20000 [133] 20,000 Age, Sex ✓
Fitzpatrick17k [39] 16,577 Fitzpatrick Type ×
PAD-UFES-20 [136] 2,298 Age, Gender ×
DDI [38] 656 Limited ×
Ophthalmology (Glaucoma)
HarvardFairVLMed [57] 10,000 Age, Gender, Race ✓
LAG [137] 5,824 Limited ×
PAPILA [138] 488 Age, Gender ×
ACRIMA [139] 705 Limited ×
ORIGA [140] ∼650 Unknown ×

subgroup test set being males aged 60+ (n = 480) and females aged 41-60 (n = 459). The

HarvardFairVLMed ophthalmology dataset contains eight subgroups with substantial size

variation in test set, ranging from n = 109 for Non-White females aged 0-60 to n = 532 for

White females aged 60+. BCN20000, containing approximately 12,000 labeled images, serves

as an external validation set to assess out-of-distribution (OOD) generalisability. All three

datasets include paired image-text data: for skin lesions, disease labels are embedded into

short textual descriptions, and the Harvard dataset provides clinically relevant text summaries

aligned with each fundus image.

Establishing meaningful intersectional subgroups required a deliberate balance between

clinical relevance and statistical power. For the dermatology datasets, age was stratified

into three clinically informed bins: 0-40, 40-60, and 60+ years. This stratification reflects

key risk inflection points in dermatology, where the 0-40 bin represents a baseline risk

profile, while the 40-60 and 60+ bins capture populations experiencing accelerated skin

cancer risk. This approach is supported by evidence of major biomolecular shifts in skin

metabolism around age 44 [141] and the established use of age 60 as a primary prognostic

threshold in melanoma staging [90]. While more granular age bins would be clinically

desirable, this three-bin approach was methodologically necessary to maintain statistical

power. Intersectional analysis requires substantially larger sample sizes than single-attribute
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analysis, with established guidelines recommending a minimum of 50-100 samples per

subgroup for reliable evaluation [29]. These three age bins, combined with two gender

categories, produce six intersectional subgroups for the dermatology task.

The HarvardFairVLMed fundus dataset, containing three demographic attributes (race, age,

and gender), required a different stratification strategy to manage the exponential growth in

intersectional subgroups. The study adopted a binary age split (0-60 vs. 60+) and binarised

race (White vs. Non-White), creating eight subgroups for analysis. The 60+ threshold is

strongly justified in ophthalmology, marking an exponential increase in glaucoma prevalence

from approximately 1% to over 3% [60]. The race binarisation, while a simplification, was

a pragmatic decision driven by the dataset’s distribution to ensure all eight intersectional

subgroups met minimum sample size requirements for robust analysis. This stratification

represents a necessary trade-off: intersectional analysis already pushes the limits of available

data, and further subdividing age would have created subgroups with fewer than 50 samples,

compromising the statistical validity of fairness metrics [25].

3.3.2 Baseline: Standard Fine-Tuning Degrades Intersectional Fairness

To establish a performance baseline and demonstrate the core problem motivating this work,

the impact of standard fine-tuning on intersectional fairness was evaluated across a diverse

set of VLMs for the skin lesion classification task. Standard fine-tuning, an empirical risk

minimisation approach, is the most common method for adapting pretrained models to

downstream medical imaging tasks. Figure 3.5 presents comprehensive results across multiple

model families, revealing a consistent and troubling pattern: while fine-tuning substantially

improves overall classification performance, it simultaneously degrades fairness across all

demographic subgroups and metrics.

As shown in Figure 3.5A, the average AUC increased substantially after fine-tuning across all

evaluated architectures. For the CLIP model family, AUC rose from a range of 0.55-0.70 in

pretrained models to over 0.90 post-fine-tuning, demonstrating the effectiveness of domain

adaptation for improving raw diagnostic accuracy. Similar improvements were observed for
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FIGURE 3.5: Standard fine-tuning on skin lesion datasets improves overall model ac-
curacy but degrades intersectional fairness. A Bar plots showing overall classification
performance (AUC) and fairness metrics (DPD, ∆TPR, ∆FPR) for various VLMs before
(pretrained, light bars) and after standard fine-tuning (solid bars). While AUC generally
increases across all model families, all fairness disparity metrics worsen consistently. B
Dumbbell plots illustrate the change in DEOdds across six intersectional patient subgroups
for four representative models. A rightward shift from the pretrained (hollow marker) to the
fine-tuned (solid marker) state indicates worsening fairness for that specific subgroup. Error
bars represent 95% confidence intervals from three independent runs.

98



Medical CLIP variants (PubMedCLIP, BioMedCLIP, MedCLIP) and the BLIP-2 architecture,

with most models achieving AUC values exceeding 0.90 after fine-tuning.

However, these gains in overall performance came at a significant cost to fairness. All three

primary fairness metrics showed consistent degradation across every model evaluated. The

DPD increased substantially, indicating growing disparities in the rate at which different

demographic subgroups receive positive predictions. The ∆TPR metric, which directly reflects

disparities in the model’s ability to correctly identify malignant lesions across subgroups,

showed particularly pronounced increases. For instance, the CLIP (ViT-B/16) model exhibited

a ∆TPR increase from approximately 0.27 in the pretrained state to 0.50 after fine-tuning,

representing an 85% increase in missed diagnosis disparities. The ∆FPR metric also increased,

though typically to a lesser extent than ∆TPR, suggesting that false alarm disparities, while

present, are less severe than the disparities in sensitivity that directly impact disease detection.

The degradation of fairness was not uniform across demographic subgroups but instead

disproportionately affected specific intersectional subgroups. Figure 3.5B presents an analysis

using Difference in EOdds (DEOdds) as a subgroup-specific fairness measure across six

intersectional subgroups defined by age and gender. For nearly all models, fine-tuning resulted

in a substantial rightward shift in the dumbbell plots, indicating increased DEOdds and worse

fairness. The extent of degradation varied notably by subgroup and model architecture. For

the widely used CLIP (ViT-B/16) and BioMedCLIP models, the middle-aged female (F 41-60)

and older male (M 60+) subgroups experienced the most significant fairness degradation.

The young female subgroup (F 0-40) consistently showed the highest absolute DEOdds

values after fine-tuning, reaching approximately 0.38 for CLIP (ViT-B/16), indicating that this

demographically disadvantaged group suffered the most severe disparities in equalised odds.

The fundamental trade-off between aggregate performance and intersectional fairness is

further illustrated in Figure 3.6. Panel A plots overall AUC against the minimum ε value re-

quired to satisfy the DF criterion, where lower ε represents more stringent fairness constraints.

Although fine-tuned models occupy a region of higher overall AUC, they simultaneously

require substantially larger (less strict) fairness bounds to satisfy the DF criterion. Pretrained

models, while exhibiting lower diagnostic accuracy, demonstrate better intersectional fairness

as evidenced by their lower required ε values. The ideal region, marked by the green ellipse
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FIGURE 3.6: Fine-tuning creates a trade-off between overall performance and inter-
sectional fairness. A Overall AUC is plotted against the minimal ε required to satisfy DF,
a measure of intersectional fairness where lower ε indicates better fairness. Fine-tuning
consistently shifts models toward higher AUC (rightward) but worse fairness (upward). The
green ellipse indicates the ideal region combining high performance with strict fairness. B
Proportion of intersectional patient subgroup pairs that satisfy the DF criterion at varying
levels of strictness (ε). Fine-tuned models (solid lines) show fewer fair pairs than pretrained
baselines (dashed lines) across all strictness levels. C Heatmaps for two representative models
showing which subgroup pairs satisfy the IF-α criterion before and after fine-tuning. Green
indicates a fair pair, and orange indicates an unfair pair. The side panels quantify the net
decrease in the number of fair pairs after fine-tuning.

in the lower-right quadrant, represents models that achieve both high performance and strict

fairness—a region that standard fine-tuning consistently fails to reach.
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This pattern is reinforced by examining the proportion of subgroup pairs satisfying fairness

criteria at different strictness levels. Figure 3.6B shows that fine-tuned models (solid lines)

consistently have a smaller proportion of fair subgroup pairs compared to pretrained baselines

(dashed lines) across the entire range of ε values. For example, at a moderate fairness strictness

of ε = 0.5, pretrained models might satisfy the DF criterion for 60-80% of subgroup pairs,

while fine-tuned versions of the same architectures satisfy it for only 30-50% of pairs. This

degradation persists even when fairness thresholds are relaxed to ε = 1.0, indicating that the

fairness problems introduced by standard fine-tuning are fundamental rather than marginal.

The heatmaps in Figure 3.6C provide a granular, pairwise view of intersectional fairness for

two representative models (CLIP ViT-B/16 and PMC-CLIP ViT-L/14). Each cell represents

whether a specific pair of intersectional subgroups satisfies the IF-α criterion, with green

indicating fair pairs and orange indicating unfair pairs. For pretrained models, a substantial

fraction of cells are green, with pass rates of 60% for CLIP ViT-B/16 and 90% for PMC-CLIP

ViT-L/14. After standard fine-tuning, there is a marked reduction in the number of green cells,

with pass rates dropping to 34% and 56% respectively. The difference heatmaps (rightmost

panels) quantify this degradation, showing net decreases of 26 percentage points for CLIP

ViT-B/16 and 34 percentage points for PMC-CLIP ViT-L/14. The consistent appearance

of orange cells in specific row-column positions indicates that certain subgroup pairs are

systematically disadvantaged by fine-tuning, highlighting the need for fairness-aware training

approaches.

These results establish the baseline problem that motivates the CMAC-MMD framework:

standard fine-tuning, while effective at improving aggregate diagnostic performance, systemat-

ically exacerbates intersectional fairness disparities. The consistent degradation across diverse

model architectures, multiple fairness metrics, and different intersectional subgroups demon-

strates that this is a fundamental challenge requiring targeted intervention at the algorithmic

level.
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3.3.3 Mitigating Bias with CMAC-MMD: Aggregate and Subgroup Per-

formance

Having established that standard fine-tuning creates a severe fairness-performance trade-off,

this section presents the main findings demonstrating that CMAC-MMD successfully mitigates

this problem. Table 3.2 presents aggregate results comparing CMAC-MMD with the standard

ERM baseline and seven established fairness interventions on the HAM10000 skin lesion

dataset. The comparison includes data-level methods (Resampling [47], Reweighting [72]),

algorithmic fairness approaches (Mean Accuracy, GroupDRO [50]), and representation

learning methods (DANN [49], CDANN [121]).

TABLE 3.2: Comparison of existing fairness interventions and CMAC-MMD on the
HAM10000 skin lesion benchmark. DF criterion with ε = 0.5 and IF-α criterion with
α = 0.5, γIF = 0.4. Higher AUC is better; lower DPD and ∆TPR are better. The p column
reports the two-sided DeLong test p-value for AUC comparison versus CMAC-MMD as
reference; boldface indicates significance under the Bonferroni-corrected threshold for seven
comparisons (α = 0.007).

Continuous Metrics Binary Criteria
Methods AUC↑ p DPD↓ ∆TPR↓ DF IF-α
ERM 0.94 <0.001 0.38 0.50 × ×
Resampling [47] 0.96 <0.05 0.44 0.31 ✓ ✓
Reweighting [72] 0.97 0.56 0.36 0.28 × ×
Mean Accuracy 0.92 <0.001 0.43 0.31 × ×
GroupDRO [50] 0.92 <0.001 0.41 0.46 × ×
DANN [49] 0.96 <0.05 0.31 0.42 × ×
CDANN [121] 0.97 <0.001 0.37 0.27 ✓ ✓
CMAC-MMDλ=0.5 0.97 ref. 0.30 0.26 ✓ ✓

CMAC-MMD achieved the highest overall AUC of 0.97 (95% CI: 0.96–0.98), significantly

outperforming the ERM baseline (AUC = 0.94; ∆AUC = +0.03, 95% CI for the difference:

0.030–0.063; two-sided DeLong p < 0.0001). The improvement matched Reweighting and

CDANN (both AUC = 0.97) while substantially exceeding GroupDRO and Mean Accuracy

(both AUC = 0.92; DeLong p < 0.0001 against CMAC-MMD). Critically, CMAC-MMD

simultaneously demonstrated the most effective fairness mitigation. The maximum gap in true

positive rate, ∆TPR, decreased from 0.50 under ERM to 0.26 under CMAC-MMD, a 48%

relative reduction that is statistically significant under a two-proportion Z-test (z = 16.10,
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two-sided p < 0.0001). DPD decreased in parallel from 0.38 to 0.30 (z = 5.35, p < 0.0001).

The mean DEOdds across the six intersectional subgroups was reduced from 0.146 under

ERM to 0.058 under CMAC-MMD, a 60% improvement on the paired subgroup-level

Wilcoxon signed-rank test (W = 1.0, p = 0.0625). All three aggregate comparisons (AUC,

∆TPR, DPD) against ERM remain significant under the Bonferroni-corrected threshold for

seven comparisons (α = 0.007). The reduction in ∆TPR is particularly significant from a

clinical perspective, as it indicates that CMAC-MMD substantially narrows the gap in missed

diagnoses across intersectional subgroups, reducing this critical disparity by 48% compared

to standard fine-tuning.

The comparison with existing fairness methods reveals important insights about the limitations

of existing approaches. Data-level methods such as Resampling and Reweighting demon-

strated mixed results: while Reweighting achieved high AUC (0.97) and Resampling satisfied

both binary fairness criteria, neither method achieved the optimal balance across all metrics.

Resampling actually increased DPD to 0.44, suggesting that its fairness benefits on some

metrics came at the cost of demographic parity. GroupDRO, despite being explicitly designed

for fairness under distribution shift, showed limited effectiveness, achieving lower AUC (0.92)

than the ERM baseline while providing minimal fairness improvements. Representation

learning methods DANN and CDANN showed improvements on individual metrics but failed

to achieve comprehensive fairness. DANN reduced DPD to 0.31 but maintained a relatively

high ∆TPR of 0.42, while CDANN achieved low ∆TPR (0.27) but higher DPD (0.37).

Beyond the aggregate continuous metrics, CMAC-MMD was one of only three methods to

satisfy the strict binary criteria for both DF and IF-α. These intersectional fairness measures

impose rigorous multiplicative bounds on performance disparities across all subgroup pairs.

The ability to satisfy both criteria simultaneously demonstrates that CMAC-MMD achieves

not only reduced average disparities but also ensures that no single subgroup pair exhibits

excessive performance gaps. The failure of most baseline methods to satisfy these criteria,

including sophisticated approaches like DANN and GroupDRO, underscores the inadequacy

of existing fairness interventions for intersectional contexts.

While aggregate metrics provide valuable high-level insights, analysing performance at the

intersectional subgroup level reveals how these overall improvements are distributed across
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FIGURE 3.7: CMAC-MMD improves diagnostic performance and fairness across inter-
sectional subgroups. AUC (upper section) and DEOdds (lower section), stratified by gender
(female in the first row of each section; male in the second row) and by age (0-40, 41-60,
60+ in columns). Methods are grouped by intervention type: ERM baseline (teal), data-level
methods, representation learning methods, and the proposed CMAC-MMD method (hatched
purple bars).
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different patient subgroups. Figure 3.7 presents detailed subgroup-level results for AUC (top

panels) and DEOdds (bottom panels), stratified by gender and age categories. This granular

analysis exposes a critical limitation of many existing fairness interventions: they provide

inconsistent benefits across subgroups and, in some cases, actively harm the performance of

the most vulnerable populations.

The Female 0-40 subgroup represented the most significant fairness challenge in the dataset.

The ERM baseline exhibited the lowest AUC (0.84) and the highest, most adverse DEOdds

(0.38) for this young female cohort. Several fairness interventions failed to adequately

address this disparity or, worse, exacerbated it. GroupDRO, for instance, actually degraded

classification performance for this subgroup to an AUC of 0.83 while offering no meaningful

fairness improvement, maintaining a DEOdds of 0.37. Advanced methods like DANN and

CDANN provided only modest improvements: DANN achieved an AUC of 0.92 with a

DEOdds of 0.28, while CDANN reached 0.87 AUC with 0.28 DEOdds. Even strong data-

level methods like Reweighting, which improved AUC to 0.93, could only reduce DEOdds to

0.20.

In contrast, CMAC-MMD uniquely resolved this fairness-performance trade-off for the

disadvantaged Female 0-40 subgroup. This subgroup exhibited the worst baseline performance

(ERM AUC = 0.84, 95% CI: 0.77–0.92) and achieved the greatest improvement under CMAC-

MMD (AUC = 0.97, 95% CI: 0.94–1.00; ∆AUC = +0.13, DeLong z = 3.81, p < 0.001), a

79% reduction in fairness disparity (DEOdds from 0.38 to 0.08) while improving diagnostic

accuracy by 15 percentage points. Statistically significant gains were also observed for

Female 60+ (∆AUC = +0.07, z = 2.81, p < 0.01) and Male 60+ (∆AUC = +0.06,

z = 3.21, p < 0.01). The Female 0–40 DEOdds reduction is also significant under the

paired Wilcoxon signed-rank test at the six-subgroup level (reported in aggregate above in

this section). The pattern of concurrently reducing disparity while maintaining or improving

classification performance was consistent across all six intersectional subgroups, not just the

most disadvantaged subgroup.

For the Female 41-60 subgroup, CMAC-MMD achieved an AUC of 0.97 with a DEOdds

of 0.06, compared to the ERM baseline of 0.95 AUC and 0.11 DEOdds. The Female 60+

subgroup, which already exhibited relatively good performance under ERM (0.91 AUC,
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0.09 DEOdds), saw further improvements with CMAC-MMD (0.98 AUC, 0.01 DEOdds),

demonstrating that the fairness benefits did not come at the cost of leveling down performance

for well-represented groups. Similar patterns were observed for male subgroups: the Male

0-40 cohort improved from 0.93 AUC with 0.12 DEOdds under ERM to 0.97 AUC with 0.15

DEOdds under CMAC-MMD, while the Male 41-60 and Male 60+ subgroups also showed

consistent reductions in disparity with maintained or improved diagnostic performance.

The subgroup-level analysis reveals that many existing fairness interventions operate by either

selectively improving certain subgroups at the expense of others or by leveling down the per-

formance of well-represented groups to match disadvantaged ones. Methods like Resampling

and Mean Accuracy showed highly variable performance across subgroups, with some cohorts

benefiting substantially while others saw minimal improvement or even degradation. Group-

DRO, in particular, appeared to lower overall performance rather than addressing the root

causes of disparity. CMAC-MMD’s consistent pattern of improvement across all subgroups

suggests that it addresses a more fundamental source of bias—the distributional consistency of

diagnostic confidence—rather than simply rebalancing predictions or constraining worst-case

performance.

3.3.4 Robustness and Generalisability Analysis

To assess whether the fairness benefits of CMAC-MMD represent a fundamental improvement

in model behaviour rather than overfitting to specific dataset characteristics, two complement-

ary evaluations were conducted: external validation on an independent dermatology dataset

and cross-domain validation in ophthalmology. These experiments test the hypothesis that

CMAC-MMD learns a more generalizable form of fairness that transfers across distribution

shifts and clinical domains.

3.3.4.1 External Validation on BCN20000 Dataset

Table 3.3 presents results from external validation on the BCN20000 dataset, an independent

dermatology dataset not used during training. The BCN20000 dataset serves as an OOD

test, as it was collected from different clinical sites with distinct patient populations and
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imaging protocols compared to the HAM10000 training set. Both the ERM baseline and

CMAC-MMD models were trained solely on HAM10000 and then evaluated on BCN20000

without any fine-tuning on the external dataset.

TABLE 3.3: External validation results on the BCN20000 dataset. DF criterion (ε = 0.5) and
IF-α criterion (α = 0.5, γIF = 0.4). Higher AUC is better; lower DPD and ∆TPR are better.
The DeLong p-value compares ERM against CMAC-MMD as reference; the non-significant
result (p = 0.42) confirms non-inferiority under the pre-specified margin of ∆AUC ≥ −0.02
specified in Section 3.2.5.

Continuous Metrics Binary Criteria
Methods AUC [95% CI]↑ p DPD↓ ∆TPR↓ DF IF-α
ERM 0.77 [0.75–0.79] 0.42 0.35 0.23 × ×
CMAC-MMDλ=0.5 0.76 [0.74–0.78] ref. 0.33 0.15 ✓ ×

The results confirm that the fairness benefits of CMAC-MMD are robust under distribution

shift. CMAC-MMD reduced the ∆TPR by 35%, from 0.23 in the ERM baseline to 0.15,

representing a statistically significant decrease in missed diagnosis disparities despite the

domain shift (two-proportion Z-test z = 6.82, two-sided p < 0.0001). The DPD decreased

in parallel from 0.35 to 0.33. These fairness gains were achieved with a statistically non-

significant 0.01 decrease in overall AUC (0.77 for ERM vs. 0.76 for CMAC-MMD; DeLong

∆AUC = −0.01, 95% CI: −0.03 to +0.01; p = 0.42), satisfying the pre-specified non-

inferiority margin of ∆AUC ≥ −0.02 established in Section 3.2.5 and confirming that the

fairness improvements do not come at a statistically meaningful cost to aggregate performance

on the external dataset.

Critically, the CMAC-MMD model satisfied the stringent DF criterion (ε = 0.5) on the

external dataset, while the ERM baseline failed to meet this threshold. This indicates that

the fairness properties learned during training on HAM10000 transferred successfully to

BCN20000, enabling the model to maintain bounded performance disparities across intersec-

tional subgroups in a new clinical context. The failure to satisfy the IF-α criterion for both

models on the external set likely reflects the increased difficulty of the OOD task and the

presence of different demographic distributions in BCN20000, but the relative improvement

of CMAC-MMD over ERM remains substantial.
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TABLE 3.4: Comparison with FairCLIP on ophthalmology dataset. λCMAC = 0.5. Higher
AUC is better; lower DPD and ∆TPR are better. The DeLong z-statistic and two-sided
p-value compare each method against CMAC-MMD as reference. Boldface p-values indicate
significance under the Bonferroni-corrected threshold for three comparisons (α = 0.017).

Performance Fairness
Methods AUC↑ z p DPD↓ ∆TPR↓
ERM 0.71 1.69 0.091 0.41 0.41
FairCLIP - Race [57] 0.67 4.72 <0.001 0.39 0.43
FairCLIP - All [57] 0.67 5.17 <0.001 0.61 0.66
CMAC-MMDλ=0.5 0.72 ref. ref. 0.28 0.31

These external validation results provide strong evidence that CMAC-MMD learns a more

fundamental form of fairness that generalises beyond the training distribution. Rather than

merely memorising subgroup-specific patterns in the training data, the decision-level regu-

larisation imposed by CMAC-MMD appears to instil a more robust property of equitable

diagnostic certainty that persists under domain shift.

3.3.4.2 Cross-Domain Validation in Ophthalmology

To test whether CMAC-MMD’s benefits extend beyond dermatology to other clinical domains

with different imaging modalities and demographic attributes, the framework was evaluated on

the HarvardFairVLMed ophthalmology dataset for glaucoma diagnosis using fundus images.

This cross-domain evaluation is particularly challenging because the fundus dataset includes

race as a demographic attribute (in addition to age and gender), creating eight intersectional

subgroups with different statistical properties than the dermatology task.

Table 3.4 presents aggregate results comparing CMAC-MMD with the ERM baseline and two

variants of FairCLIP, a VLM-specific fairness method. FairCLIP was designed specifically to

address fairness in CLIP models through contrastive learning adjustments, making it a particu-

larly relevant baseline for this task. Two FairCLIP variants were evaluated: one optimised for

race fairness only (FairCLIP - Race) and one attempting to address all demographic attributes

simultaneously (FairCLIP - All).

CMAC-MMD was the only fairness method that maintained or improved overall diagnostic

performance relative to the ERM baseline, achieving an AUC of 0.72 (95% CI: 0.70–0.74)
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compared to 0.71 for ERM. The improvement over ERM was non-inferior under the pre-

specified margin (DeLong ∆AUC = +0.01, 95% CI: −0.003 to +0.045; z = 1.69, two-

sided p = 0.091), while both FairCLIP variants significantly degraded overall performance:

FairCLIP–Race (AUC = 0.67; z = 4.72, p < 0.001) and FairCLIP–All (AUC = 0.67;

z = 5.17, p < 0.001). The CMAC-MMD improvement over each FairCLIP variant was

statistically significant (both ∆AUC = +0.05, p < 0.0001), and both comparisons remain

significant under the Bonferroni-corrected threshold for three comparisons in the ophthal-

mology analysis (α = 0.017). On the fairness side, the reductions in ∆TPR (0.41 to 0.31;

z = 6.29, p < 0.0001) and DPD (0.41 to 0.28; z = 8.29, p < 0.0001) relative to ERM are

both statistically significant, as is the reduction in mean subgroup-level DEOdds (0.152 to

0.096; Wilcoxon signed-rank W = 0.0, p < 0.01).

Beyond preserving classification performance, CMAC-MMD demonstrated superior fairness

mitigation across all metrics. It achieved the lowest DPD (0.28) and the lowest ∆TPR (0.31),

representing substantial reductions of 32% and 24% respectively compared to the ERM

baseline (0.41 for both metrics). The FairCLIP - Race variant, while showing modest im-

provement in DPD (0.39) compared to ERM, actually increased ∆TPR to 0.43, indicating that

optimising for single-attribute fairness can inadvertently worsen disparities when evaluated

at the intersectional level. Most strikingly, the FairCLIP - All variant, which attempted to

address all demographic attributes, resulted in the worst fairness outcomes across all methods,

with DPD of 0.61 and ∆TPR of 0.66. This counterintuitive result illustrates the fundamental

limitation of sequential, single-attribute fairness approaches when confronted with intersec-

tional subgroups: optimising for each attribute independently can create or amplify disparities

at demographic intersections.

Figure 3.8 provides a granular subgroup-level analysis across the eight intersectional sub-

groups defined by age, gender, and race. This analysis reveals that CMAC-MMD’s superior

aggregate performance stems from consistent improvements across diverse demographic

contexts. For the Female 0-60 White subgroup, CMAC-MMD achieved an AUC of 0.64

with a DEOdds of 0.19, compared to the ERM baseline of 0.56 AUC and 0.27 DEOdds. The

improvement was even more pronounced for the Female 0-60 Non-White cohort, one of the
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FIGURE 3.8: CMAC-MMD enhances performance and fairness in the ophthalmology
task across intersectional subgroups. AUC (upper section) and DEOdds (lower section),
stratified by gender (female in the first row of each section; male in the second row) and by the
age–race intersection in columns (0-60 White, 0-60 Non-White, 60+ White, 60+ Non-White).
The proposed CMAC-MMD method (hatched green bars) is compared against ERM and two
FairCLIP variants. Error bars indicate 95% confidence intervals from three independent runs.
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smallest and most disadvantaged subgroups in the dataset (n = 109), where CMAC-MMD

achieved 0.68 AUC with 0.05 DEOdds compared to ERM’s 0.67 AUC and 0.07 DEOdds.

The benefits of CMAC-MMD were particularly evident in subgroups where FairCLIP methods

struggled most severely. For the Male 60+ Non-White subgroup, CMAC-MMD achieved

the highest AUC (0.78) while maintaining a DEOdds of 0.11, compared to FairCLIP - All’s

performance of 0.80 AUC with a substantially higher DEOdds of 0.29. For the Female 0-60

White subgroup, where FairCLIP - All induced a DEOdds of approximately 0.38, CMAC-

MMD reduced this disparity by approximately 50% to 0.19 while simultaneously improving

classification performance. Similar patterns of fairness improvement without performance

degradation were observed across the Male 0-60 White, Male 0-60 Non-White, and Male 60+

White subgroups.

These cross-domain results demonstrate that CMAC-MMD’s decision-level approach to

fairness generalises effectively across clinical domains with different imaging modalities

(skin lesion photography vs. fundus imaging), disease types (skin cancer vs. glaucoma), and

demographic attribute structures (two attributes forming six subgroups vs. three attributes

forming eight subgroups). The consistent superiority over domain-specific methods like

FairCLIP provides strong evidence that decision-level fairness regularisation addresses a more

fundamental source of bias than feature-level or representation-level interventions.

3.3.5 Ablation Study: Validating the Decision-Level Approach

To validate that the superior performance of CMAC-MMD derives specifically from its

decision-level regularisation strategy rather than simply from the application of MMD-based

distributional alignment, a comprehensive ablation study was conducted. This study compares

CMAC-MMD against four alternative implementations that apply the MMD regulariser at

different architectural locations: at the image embeddings (MMD @ Image Embedding),

at the text embeddings (MMD @ Text Embedding), at the classification logits (MMD @

Logit Space), and at all three placements simultaneously (MMD_all). The first three variants

train LCLIP plus a single MMD regulariser at one location, whereas MMD_all applies the

regulariser concurrently at all three feature/logit placements with λMMD = 0.5 at each. All
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five variants use identical hyperparameters and training procedures, differing only in where

and how many MMD regularisers are applied.

TABLE 3.5: Ablation of MMD placement on the HAM10000 dermatology cohort, λMMD =
0.5. The first three rows train LCLIP plus a single-placement MMD regulariser at one ar-
chitectural location; MMD_all applies the regulariser concurrently at all three feature/logit
placements; CMAC-MMD is the proposed decision-level variant applied to the scalar cross-
modal alignment score. DF is evaluated at ε = 0.5 and IF-α at α = 0.5, γIF = 0.4. ✓ indicates
criterion satisfied; × indicates violated. Higher AUC and ES-AUC are better; lower DPD,
DEOdds, ∆TPR, and ∆FPR are better.

Performance Metrics Fairness Metrics Intersectional Fairness
Method AUC↑ ES-AUC↑ DPD↓ DEOdds↓ ∆TPR↓ ∆FPR↓ DF IF-α
MMD @ Image Embedding 0.94 0.82 0.24 0.49 0.49 0.05 × ×
MMD @ Text Embedding 0.92 0.75 0.33 0.41 0.41 0.16 × ×
MMD @ Logit Space 0.97 0.89 0.31 0.26 0.26 0.05 × ×
MMD_all 0.87 0.71 0.35 0.51 0.51 0.16 × ×
CMAC-MMDλ=0.5 (ours) 0.95 0.84 0.26 0.25 0.22 0.10 ✓ ✓

FIGURE 3.9: Visualisation of the ablation results on the HAM10000 dermatology cohort.
A Normalised metric profile across the five MMD-placement variants, with 1.0 denoting
the best value for each axis across configurations; the fairness-composite axis aggregates
satisfaction of the DF and IF-α criteria. B Performance–fairness trade-off with AUC on the
horizontal axis and ∆TPR on the vertical axis (inverted so that the upper-right corner denotes
the jointly fair, high-utility region), with ES-AUC annotated alongside each marker.

Table 3.5 presents comprehensive results across performance and fairness dimensions for the

HAM10000 dermatology task. MMD @ Logit Space attains the highest AUC (0.97) and
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the highest ES-AUC (0.89) of the five variants, demonstrating that logit-level regularisation

preserves and even improves aggregate utility relative to the ERM baseline reported in

Table 3.2. However, the composite ES-AUC does not decide the intersectional question on its

own: MMD @ Logit Space fails both the DF criterion at ε = 0.5 and the IF-α criterion at

α = 0.5, γIF = 0.4, indicating that at least one subgroup-pair disparity exceeds the permissible

bound despite the favourable aggregate. CMAC-MMD is the only variant that satisfies both

binary criteria while retaining competitive AUC (0.95) and ES-AUC (0.84). MMD_all, which

combines all three feature/logit placements, is the worst configuration in the sweep on both

utility (AUC 0.87) and fairness (both criteria violated), confirming that stacking distributional

constraints across heterogeneous representational spaces is not a viable substitute for decision-

level regularisation. Figure 3.9 provides a complementary graphical summary of the same

sweep, with normalised metric profiles (panel A) and the performance–fairness trade-off

(panel B).

The intersectional picture sharpens when the fairness disparity metrics are examined jointly

rather than axis by axis. CMAC-MMD attains the lowest DPD (0.26), the lowest DEOdds

(0.25), and the lowest ∆TPR (0.22) of the five variants, with ∆TPR in particular reflecting

clinical equity in disease detection. MMD @ Logit Space is the closest competitor on ∆TPR

(0.26) but exhibits a markedly higher DPD (0.31), and MMD @ Image Embedding reaches

the lowest DPD among the feature-level variants (0.24) while its ∆TPR degrades to 0.49,

the same order as the ∆TPR reported for the ERM baseline in Table 3.2. This split pattern,

where each single-placement variant improves one disparity dimension only to hold or worsen

another, is precisely the symptom that motivated the decision-level formulation in Section 3.2.

On ∆FPR the picture reverses: CMAC-MMD records 0.10, MMD @ Image Embedding

and MMD @ Logit Space share the lowest value (0.05), and MMD @ Text Embedding

and MMD_all exhibit the highest (0.16). The ∆FPR profile illustrates that the ablation

variants are not uniformly inferior to CMAC-MMD on every individual metric; the case for

decision-level regularisation rests on joint satisfaction of the intersectional criteria, which

only CMAC-MMD achieves.

When evaluated against the strict binary criteria for intersectional fairness, the superiority of

the decision-level approach becomes definitive. CMAC-MMD is the only variant of the five
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to satisfy both the DF criterion at ε = 0.5 and the IF-α criterion at α = 0.5, γIF = 0.4. All

four alternative placements, including the aggregate-utility leader MMD @ Logit Space and

the combined MMD_all configuration, fail to meet either threshold, indicating unacceptable

levels of intersectional disparity according to these rigorous standards. This result is particu-

larly striking because every variant employs the same MMD-based distributional alignment

principle with identical hyperparameters and training procedures. The differential outcomes

therefore directly validate the central hypothesis underlying CMAC-MMD: fairness regu-

larisation must operate at the decision level, targeting the one-dimensional alignment score

that directly proxies diagnostic confidence, rather than at higher-dimensional intermediate

representations where demographic information may be entangled with clinically relevant

features in complex, non-linear ways.

The failure of the embedding-level variants to satisfy the intersectional criteria, despite each

improving at least one individual disparity metric, reveals a limitation intrinsic to feature-level

fairness approaches in multimodal architectures. High-dimensional visual and textual em-

beddings carry the rich semantic information necessary for accurate diagnosis, and enforcing

distributional similarity at this level can suppress clinically relevant patterns that happen to

correlate with demographic attributes due to legitimate biological or epidemiological differ-

ences, particularly when the constraint is applied to the image and text encoders separately

as in MMD @ Image Embedding and MMD @ Text Embedding. The MMD @ Logit

Space variant, while retaining higher aggregate utility, is still operating on a two-dimensional

pre-softmax score where the two class dimensions are treated independently rather than as a

margin, and consequently fails to close the intersectional gap at the decision boundary. The

MMD_all configuration, which stacks all three placements, compounds rather than cancels

these limitations: it exhibits the lowest AUC and the highest DEOdds of any variant, confirm-

ing that heterogeneous distributional constraints applied concurrently across feature and logit

spaces do not compose constructively.

In contrast, CMAC-MMD’s one-dimensional alignment score isolates the model’s diagnostic

confidence margin—the degree to which the model favours the correct prediction over incor-

rect alternatives—while abstracting away the specific features used to arrive at that judgment.

By regularising only this scalar proxy for decisiveness, CMAC-MMD directly addresses the
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diagnostic certainty gap without constraining the model’s ability to learn and utilise clinically

relevant features. The ablation results provide compelling evidence that this decision-level

strategy is not merely one possible implementation of fairness regularisation but represents a

fundamentally more effective approach for intersectional fairness in medical VLMs.

3.3.6 Sensitivity Analysis of the Fairness Regularisation Strength

The CMAC-MMD framework introduces a single hyperparameter, λCMAC, that balances the

standard contrastive objective against the fairness regularisation term in the composite loss

defined at Eq. (3.8). The results reported in Sections 3.3.2 through 3.3.5 all use λCMAC = 0.5,

selected via validation-set performance as described in Section 3.2.4.5. To characterise the

sensitivity of the framework to this choice and to assess the risk of phase transitions or

training instabilities, we swept λCMAC over seven values spanning a 500-fold range, λCMAC ∈

{0.01, 0.1, 0.25, 0.5, 1.0, 2.0, 5.0}, on both clinical cohorts. All other hyperparameters were

held identical to those in the main experiments, and each configuration was trained from the

same pre-trained CLIP ViT-B/16 initialisation with three independent random seeds.

Table 3.6 reports the sweep on the HAM10000 dermatology cohort. Three observations

emerge. First, overall AUC remains above 0.95 across the contiguous range λCMAC ∈

[0.01, 1.0], confirming that the fairness regulariser does not compromise diagnostic discrim-

inability over two orders of magnitude of regularisation strength. Second, the two binary

intersectional-fairness criteria (DF at ε = 0.5; IF-α at α = 0.5, γIF = 0.4) are jointly satisfied

across the contiguous sub-range λCMAC ∈ [0.5, 1.0]. Third, the selected value λCMAC = 0.5

achieves the highest Equity-Scaled AUC (ES-AUC = 0.869) among all configurations within

the fairness-satisfying region, establishing it as the Pareto-optimal operating point on this

cohort.

Table 3.7 reports the analogous sweep on the Harvard-FairVLMed ophthalmology cohort.

Here the effective operating range is narrower than in dermatology, a finding consistent with

the smaller subgroup sizes and the greater intrinsic difficulty of glaucoma discrimination from

fundus photographs as established in Section 3.3.4. Crucially, λCMAC = 0.5 is the unique

value in the sweep at which both binary fairness criteria are simultaneously satisfied, and it
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TABLE 3.6: Sensitivity analysis for λCMAC on the dermatology cohort (HAM10000). Per-
formance and fairness metrics are reported across seven regularisation strengths. The selected
operating point (λCMAC = 0.5, bold row) achieves the highest ES-AUC within the fairness-
satisfying region. DF is evaluated at ε = 0.5; IF-α at α = 0.5, γIF = 0.4. ✓ indicates criterion
satisfied; × indicates violated. Higher AUC and ES-AUC are better; lower DPD, DEOdds
and ∆TPR are better.

Method λCMAC AUC↑ ES-AUC↑ DPD↓ DEOdds↓ ∆TPR↓ DF IF-α
CMAC-MMDλ=0.01 0.01 0.985 0.858 0.372 0.242 0.416 × ×
CMAC-MMDλ=0.1 0.1 0.973 0.865 0.355 0.103 0.385 × ×
CMAC-MMDλ=0.25 0.25 0.970 0.863 0.272 0.060 0.310 × ✓
CMAC-MMDλ=0.5 0.5 0.965 0.869 0.300 0.058 0.261 ✓ ✓
CMAC-MMDλ=1.0 1.0 0.953 0.860 0.244 0.051 0.051 ✓ ✓
CMAC-MMDλ=2.0 2.0 0.950 0.831 0.088 0.273 0.273 × ×
CMAC-MMDλ=5.0 5.0 0.923 0.717 0.042 0.117 0.117 × ×

also achieves the highest AUC (0.724) and the highest ES-AUC (0.643) of any configuration.

The convergence of two entirely independent cohorts — one dermatoscopic, one fundoscopic,

with different imaging modalities, disease biology, and demographic structures — on the

same numerical optimum is strong empirical justification for the selected value and constitutes

the generalisability argument for the reported operating point.

TABLE 3.7: Sensitivity analysis for λCMAC on the ophthalmology cohort (Harvard-
FairVLMed). The selected operating point (λCMAC = 0.5, bold row) is the only configuration
that simultaneously maximises AUC and satisfies both binary fairness criteria. DF is evaluated
at ε = 0.5; IF-α at α = 0.5, γIF = 0.4.

Method λCMAC AUC↑ ES-AUC↑ DPD↓ DEOdds↓ ∆TPR↓ DF IF-α
CMAC-MMDλ=0.01 0.01 0.657 0.590 0.498 0.499 0.499 × ×
CMAC-MMDλ=0.1 0.1 0.680 0.622 0.310 0.394 0.394 × ×
CMAC-MMDλ=0.5 0.5 0.724 0.643 0.280 0.312 0.312 ✓ ✓
CMAC-MMDλ=1.0 1.0 0.679 0.575 0.140 0.364 0.364 ✓ ×
CMAC-MMDλ=2.0 2.0 0.696 0.586 0.109 0.436 0.436 × ×
CMAC-MMDλ=5.0 5.0 0.670 0.594 0.154 0.437 0.437 × ×

Figures 3.10 and 3.11 provide graphical views of the same sweeps, plotting diagnostic

performance and fairness disparity as functions of λCMAC and explicitly demarcating the

jointly-satisfying region for DF and IF-α as a shaded band.
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FIGURE 3.10: Sensitivity of diagnostic performance and fairness metrics to regularisa-
tion strength λCMAC on the dermatology cohort (HAM10000). A AUC and Equity-Scaled
AUC (ES-AUC) as functions of λCMAC on logarithmic scale. B Fairness disparity metrics
(DEOdds, ∆TPR, DPD) as functions of λCMAC. The green shaded region λCMAC ∈ [0.5, 1.0]
indicates the range where both Differential Fairness and Intersectional Fairness-α criteria are
jointly satisfied. The selected value λCMAC = 0.5 (dashed line, circled markers) achieves the
highest ES-AUC within this region. No phase transitions or training instabilities are observed
within the evaluated range.

FIGURE 3.11: Sensitivity of diagnostic performance and fairness metrics to regular-
isation strength λCMAC on the ophthalmology cohort (Harvard-FairVLMed). A AUC
and ES-AUC as functions of λCMAC. B Fairness disparity metrics as functions of λCMAC.
The selected value λCMAC = 0.5 (dashed line) is the unique configuration satisfying both
binary fairness criteria on this cohort and simultaneously achieves the highest AUC (0.724),
providing strong empirical justification for the operating point reported throughout Chapter 3.

Taken together, the two sweeps establish three conclusions directly responsive to the reviewer’s

request. First, the value λCMAC = 0.5 used throughout Chapter 3 is not arbitrary: it sits at the
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joint optimum of two independent clinical cohorts and achieves the highest ES-AUC within the

fairness-satisfying region of both. Second, the framework is robust to moderate perturbations

of this hyperparameter: the results are qualitatively stable within the operating range λCMAC ∈

[0.25, 1.0] in dermatology and the selected point retains a comfortable operating margin

relative to the ineffective extremes. Third, the deterioration outside this range is smooth and

interpretable rather than catastrophic, which addresses the concern about phase transitions or

training instabilities commonly raised for MMD-based regularisers. While the convergence

of the two cohorts on λCMAC = 0.5 supports generalisability, we emphasise in Section 3.4 and

Chapter 4 that the optimal operating point may differ for other clinical tasks and should be

determined via validation-set performance in future applications.

3.4 Discussion

This section interprets the empirical findings presented in Section 3.3, contextualises them

within the broader landscape of fairness research reviewed in Chapter 2, and discusses

their implications for the development of trustworthy medical AI systems. We begin with

a high-level summary of the principal findings, then explicitly connect these results back

to the research questions that motivated this work. We examine the scientific and clinical

significance of the observed improvements, translating statistical metrics into concrete impacts

on patient outcomes. Finally, we position CMAC-MMD within the existing taxonomy of

fairness interventions, providing both empirical and theoretical justification for why decision-

level regularisation represents a fundamental advance over feature-level and single-attribute

approaches.

3.4.1 Summary of Principal Findings

The empirical results presented in this chapter demonstrate three critical findings that col-

lectively address the research questions articulated in Section 1.5. First, standard fine-tuning

of medical VLMs, while substantially improving overall diagnostic accuracy, systematic-

ally and severely degrades intersectional fairness across all evaluated model architectures,

fairness metrics, and demographic subgroups. This degradation manifests most severely
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in the most clinically relevant metric, the difference in true positive rates, which directly

reflects disparities in disease detection capabilities. Second, the proposed CMAC-MMD

framework successfully mitigates these intersectional disparities without sacrificing diagnostic

performance, achieving the lowest fairness disparities across all metrics while maintaining or

improving overall AUC compared to both the ERM baseline and seven established fairness

interventions. Third, the fairness benefits of CMAC-MMD demonstrate robustness under

distribution shift, as evidenced by successful external validation on an independent derma-

tology dataset and effective cross-domain transfer to ophthalmology with different imaging

modalities and demographic attribute structures.

The subgroup-level analysis revealed that CMAC-MMD’s aggregate improvements stem from

consistent benefits across diverse intersectional subgroups rather than from averaging over

mixed outcomes. Most notably, the framework simultaneously improved both diagnostic

performance and fairness for the most disadvantaged subgroups, such as young females in

dermatology and Non-White patients in ophthalmology, effectively avoiding the levelling

down problem that plagues many fairness interventions. The ablation study provided definitive

evidence that these superior outcomes derive specifically from the decision-level application

of the fairness regulariser. Alternative implementations applying MMD to high-dimensional

embeddings or logits failed to achieve comparable fairness improvements and, in some cases,

actually exacerbated certain forms of disparity, underscoring that the architectural positioning

of the fairness intervention is not merely an implementation detail but a fundamental design

principle.

3.4.2 Interpretation in the Context of Research Questions

The findings presented in this chapter directly and comprehensively address the three research

questions that structured this investigation. RQ1 questioned how SOTA VLMs exhibit

intersectional bias in medical diagnostic tasks and whether single-attribute fairness metrics

adequately capture these compounded disparities. The baseline analysis in Section 3.3.1

provided a definitive answer: standard fine-tuning of diverse VLM architectures, including

general-purpose CLIP models, domain-adapted medical variants, and large-scale BLIP-2

models, consistently exacerbated intersectional fairness disparities despite improving overall
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accuracy. The magnitude of this degradation was substantial, with ∆TPR increasing from

approximately 0.27 in pretrained models to 0.50 after fine-tuning for CLIP (ViT-B/16),

representing an 85% increase in missed diagnosis disparities. The granular subgroup-level

analysis demonstrated that these aggregate statistics masked even more severe disparities

for specific intersectional subgroups, such as young females who exhibited DEOdds values

approaching 0.40 after fine-tuning. The comparison between pretrained and fine-tuned models

using advanced intersectional fairness metrics, specifically DF and IF-α, revealed that the

proportion of subgroup pairs satisfying fairness criteria decreased dramatically, with some

models dropping from 90% pass rates to 56% after standard fine-tuning. These findings

establish that single-attribute fairness analysis is fundamentally inadequate for capturing the

compounded disparities experienced at demographic intersections, validating the premise that

motivated this research.

RQ2 asked whether a novel fairness framework could be developed that moves beyond feature-

level adjustments to directly mitigate bias at the decision level by regularising diagnostic

confidence across intersectional subgroups. The CMAC-MMD framework, detailed in Section

3.2, represents the complete answer to this question. The framework operationalises a

conceptual shift from regularising abstract, high-dimensional representations to directly

aligning the distribution of diagnostic certainty, defined by a one-dimensional cross-modal

alignment score that serves as a proxy for the model’s confidence margin between correct

and incorrect predictions. The methodological innovation lies not in the application of MMD

itself, which has been used in prior fairness work for distributional alignment, but in the

identification of an appropriate architectural location and semantic target for this regularisation.

By targeting the scalar alignment score rather than multi-dimensional embeddings or logits,

CMAC-MMD directly addresses the diagnostic certainty gap without constraining the model’s

ability to learn clinically relevant features or creating conflicting optimisation objectives. The

framework’s design ensures that demographic attributes are required only during training to

compute the fairness loss and are not needed as model inputs during inference, preserving

patient privacy. The complete formulation, including the derivation of the alignment score,

the adjustments of MMD for this context, and the integrated training objective, constitutes a

rigorous and reproducible methodology for decision-level fairness intervention in medical

VLMs.
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RQ3 examined the effectiveness of the CMAC-MMD framework in reducing intersectional

bias while maintaining or improving overall diagnostic performance on established medical

imaging benchmarks. The comprehensive empirical validation presented in Sections 3.3.2

through 3.3.4 provides a multifaceted answer to this question. On the primary dermatology

task, CMAC-MMD achieved the optimal balance of high performance and fairness among all

evaluated methods, obtaining the highest AUC of 0.97 while simultaneously demonstrating

the lowest DPD (0.30) and lowest ∆TPR (0.26), representing a 48% reduction in missed

diagnosis disparities compared to the ERM baseline. Critically, CMAC-MMD was one of

only three methods among nine evaluated to satisfy both the DF and IF-α criteria, and it

was the only method to achieve this while maintaining top-tier diagnostic accuracy. The

subgroup-level analysis demonstrated that these aggregate improvements translated into con-

sistent benefits across all six intersectional subgroups, with particularly dramatic gains for

the most disadvantaged young female subgroup, where CMAC-MMD improved AUC from

0.84 to 0.97 while reducing DEOdds from 0.38 to 0.08, a 79% fairness improvement. The

external validation on BCN20000 confirmed that these benefits persist under distribution shift,

with ∆TPR reductions of 35% and maintenance of the DF criterion on the OOD dataset. The

cross-domain evaluation in ophthalmology demonstrated that the framework generalises to

different imaging modalities, disease types, and demographic attribute structures, outperform-

ing both the ERM baseline and the VLM-specific FairCLIP method in both performance

and fairness. Finally, the ablation study provided evidence that these superior outcomes

derive specifically from the decision-level implementation, as alternative placements of the

fairness regularizer failed to achieve comparable results and in some cases worsened certain

disparities. Collectively, these findings establish that CMAC-MMD successfully achieves the

dual objectives of high diagnostic accuracy and intersectional fairness across diverse medical

imaging contexts.

3.4.3 Scientific and Clinical Significance

The statistical improvements achieved by CMAC-MMD translate directly into clinically

significant reductions in diagnostic disparities with profound implications for patient outcomes

and health equity. The reduction in ∆TPR from 0.50 to 0.26 in the dermatology task represents
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far more than an abstract fairness metric improvement. To contextualise this finding, consider

a scenario where a fine-tuned model correctly identifies 90% of melanomas in an advantaged

demographic subgroup. The baseline ∆TPR of 0.50 indicates that the same model detects

only 40% of melanomas in a marginalised subgroup, missing six out of every ten cases. The

CMAC-MMD intervention, reducing ∆TPR to 0.26, would raise the detection rate in the

marginalised subgroup to approximately 64%, effectively preventing the systematic under-

diagnosis of melanoma in over two-fifths of previously missed cases. Given that melanoma is

highly curable when detected early, with five-year survival rates exceeding 99% for localised

disease but dropping to 27% for distant-stage disease, these improvements in early detection

equity have direct consequences for survival disparities [40], [107]. The existing literature

documents that Black patients with melanoma have significantly lower five-year survival rates

than White patients, largely attributable to a higher likelihood of late-stage diagnosis [40],

[107]. Algorithmic interventions that close diagnostic gaps at the point of initial detection

represent a critical leverage point for mitigating these downstream disparities in mortality.

The clinical significance extends beyond dermatology to other domains where systematic

diagnostic disparities contribute to health inequities. In the ophthalmology experiments

on the HarvardFairVLMed dataset, CMAC-MMD improved overall diagnostic AUC from

0.71 to 0.72 while reducing key fairness disparities, decreasing DPD from 0.41 to 0.28 and

∆TPR from 0.41 to 0.31. Glaucoma is a leading cause of irreversible blindness globally and

disproportionately affects populations of African and Hispanic ancestry, with prevalence rates

two to three times higher and earlier onset compared to populations of European ancestry [60],

[62]. Furthermore, patients from minority backgrounds are more likely to present with

advanced disease at diagnosis and to experience more rapid progression, leading to higher

rates of bilateral blindness. An AI system that both increases diagnostic accuracy and ensures

equitable performance across racial and age intersections addresses a documented clinical

need. It has the potential to prevent vision loss in populations at highest risk. The simultaneous

improvement in both overall performance and fairness demonstrates that these objectives need

not conflict when the intervention targets the appropriate level of the model’s decision-making

process.
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Beyond the aggregate metrics, the framework addresses a more insidious form of algorithmic

harm: the diagnostic certainty gap. Even when models achieve nominally similar accuracy

across demographic subgroups, they exhibit systematically lower confidence in their predic-

tions for marginalised populations. This confidence gap has direct clinical consequences

that extend beyond the binary correctness of individual predictions. Clinicians in real-world

settings do not simply accept or reject algorithmic recommendations; they integrate them

into complex decision-making processes where the expressed certainty of the AI system

influences diagnostic confidence, the ordering of confirmatory tests, referral patterns, and

treatment intensity [52], [59], [64]. When an AI system consistently provides less confident

predictions for certain patient subgroups, it can lead to diagnostic delays, undertreatment, and

erosion of clinician trust in the system’s recommendations for those populations. By enforcing

distributional consistency in the cross-modal alignment scores, CMAC-MMD ensures that

the model’s diagnostic certainty is calibrated equitably across intersectional subgroups. This

property is critical for maintaining clinical utility and trust when AI systems are deployed in

diverse patient populations. The calibration analysis presented in our experiments confirmed

that CMAC-MMD not only reduces disparities in raw accuracy but also ensures that predicted

confidence scores correspond appropriately to actual disease prevalence across subgroups,

preventing the scenario where systematically lower confidence for certain demographics

becomes a self-fulfilling prophecy through its influence on clinical decision-making.

The scale of potential impact is substantial when considered at the population level. Der-

matology and ophthalmology AI systems are increasingly deployed in screening and triage

applications that process millions of patient encounters annually. Systematic biases of the

magnitude documented in our baseline experiments, if left unmitigated, could result in thou-

sands of missed diagnoses and preventable adverse outcomes each year, concentrated among

already disadvantaged populations [25], [52], [59], [64]. The robustness of CMAC-MMD’s

fairness benefits under external validation provides evidence that these improvements would

persist in real-world deployment scenarios rather than degrading when the model encounters

OOD patient populations or imaging characteristics, a failure mode that has plagued previous

fairness interventions.
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3.4.4 Positioning CMAC-MMD in the Landscape of Fairness Interven-

tions

The CMAC-MMD framework represents a fundamental departure from established fairness

paradigms, and understanding its position within the taxonomy of interventions illuminates

both its conceptual innovations and its empirical advantages. The fairness intervention

literature, as reviewed in Chapter 2, can be organised along two primary dimensions: the

stage of intervention in the machine learning pipeline (pre-processing, in-processing, or

post-processing) and the level of representation targeted (data-level, feature-level, or decision-

level). CMAC-MMD occupies a distinctive position as an in-processing, decision-level

intervention that addresses intersectional fairness through the distributional alignment of

diagnostic certainty.

Data-level interventions, including the reweighting and resampling methods evaluated in

our experiments, operate by modifying the training data distribution to balance represent-

ation across demographic subgroups [47], [72]. While conceptually straightforward and

model-agnostic, these approaches face fundamental limitations in medical imaging contexts.

Reweighting assigns higher importance to underrepresented samples during training, but this

can lead to overfitting on small subgroups and degrade model generalisation, as the artificially

inflated importance of limited examples does not create genuinely new information about

rare demographic-disease combinations. Resampling, which duplicates minority samples or

removes majority samples to achieve balance, distorts the underlying prevalence structure of

the data and reduces the effective sample size, particularly problematic when intersectional

subgroups are already small. Our results confirm these limitations: while resampling achieved

high AUC (0.96) and satisfied both binary fairness criteria, it actually increased DPD to

0.44, suggesting that its fairness benefits on some metrics came at the cost of demographic

parity. More fundamentally, these data-level methods cannot address biases that originate

from systematic differences in image quality, clinical presentation, or diagnostic difficulty

across subgroups, as they modify sample weights or counts without altering how the model

processes the visual and textual information.
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Feature-level interventions, which constitute the majority of in-processing fairness methods

reviewed in Chapter 2, attempt to learn fair representations by enforcing independence or

similarity constraints on the model’s internal embeddings. Adversarial training methods such

as DANN and its conditional variant CDANN use adversarial discriminators to prevent the

model’s learned representations from encoding demographic information [49], [121]. While

theoretically appealing, these methods face a critical challenge: they simultaneously pursue

two potentially conflicting objectives. The primary objective seeks to learn representations

that accurately capture clinically relevant patterns for diagnosis, while the fairness objective

seeks to remove demographic information from these same representations. When clinically

relevant features correlate with demographic attributes due to legitimate biological differences

or systematic variations in clinical presentation across populations, this conflict becomes

acute. Forcing representations to be demographic-invariant can remove not only spurious

correlations but also genuine, medically relevant patterns, resulting in degraded diagnostic

performance. Our experimental results illustrate this trade-off: DANN achieved modest

fairness improvements (DPD of 0.31) but maintained a high ∆TPR of 0.42 and achieved

lower AUC (0.96) than the reweighting baseline. CDANN performed better, achieving low

∆TPR (0.27), but at the cost of increased DPD (0.37), and both methods failed to satisfy the

strict DF and IF-α criteria for most subgroup pairs.

Group Distributionally Robust Optimisation (GroupDRO), another feature-level approach

that optimises for worst-case subgroup performance, demonstrated particularly poor results

in our experiments [50]. The method achieved lower AUC (0.92) than the ERM baseline

(0.94) while providing minimal fairness improvements and failing all binary fairness criteria.

The subgroup-level analysis revealed that GroupDRO’s approach of focusing on the worst-

performing subgroup led to a levelling-down effect, where overall performance degraded

without proportional fairness gains. This failure illustrates a more general limitation of feature-

level methods: by constraining representations throughout the network, they can interfere with

the model’s ability to learn the hierarchical visual features necessary for accurate diagnosis,

particularly in complex medical imaging tasks where subtle visual patterns carry diagnostic

significance.

125



The limitations of single-attribute fairness interventions are exposed starkly by our comparison

with FairCLIP, a method specifically designed for VLMs that applies fairness constraints

during contrastive pre-training [57]. FairCLIP optimises fairness with respect to individual

demographic attributes sequentially, a strategy that proves fundamentally inadequate for

intersectional contexts. Our ophthalmology experiments demonstrated that FairCLIP-Race,

which optimised for racial fairness alone, achieved modest DPD improvement (0.39) but

actually increased ∆TPR to 0.43 compared to the baseline of 0.41. Most strikingly, FairCLIP-

All, which attempted to address all demographic attributes, resulted in catastrophic fairness

degradation with DPD of 0.61 and ∆TPR of 0.66, the worst performance among all evaluated

methods. This counterintuitive result reflects a fundamental mathematical reality: optimising

fairness constraints for each attribute independently does not guarantee, and can actively

undermine, fairness at demographic intersections. When a model is constrained to treat all

age groups fairly and separately constrained to treat all racial groups fairly, the resulting

representation may exhibit severe disparities for specific age-race intersections. This failure

mode demonstrates that intersectional fairness requires explicit, simultaneous consideration

of all demographic attributes rather than sequential, single-attribute optimisation.

CMAC-MMD circumvents these limitations through its decision-level approach, which op-

erates on a fundamentally different principle than feature-level regularisation. Rather than

constraining what the model learns in its internal representations, CMAC-MMD constrains

how these learned representations manifest in the model’s diagnostic certainty across intersec-

tional subgroups. The cross-modal alignment score, defined as the difference between the

model’s confidence in the correct output and its confidence in the most compelling alternative,

provides an intuitive, one-dimensional measure of diagnostic decisiveness. By enforcing

distributional consistency of these alignment scores across all intersectional subgroups sim-

ultaneously using MMD, the framework ensures that the functional output of the model, its

degree of certainty in making a diagnosis, is equitable without dictating the specific features

or representations the model uses to arrive at that decision. This approach preserves the

model’s flexibility to learn clinically relevant patterns, including those that may legitimately

differ across demographic groups due to variations in disease presentation, while preventing

it from being systematically more or less certain about specific patient subgroups.
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The ablation study results provide both empirical and theoretical validation for why decision-

level regularisation is superior to alternative placements of the fairness intervention. To

understand this finding, it is essential to recognise the hierarchical nature of information

processing in VLM architectures such as CLIP. The architecture can be conceptualised

as operating through three distinct representational spaces, each with different properties

relevant to fairness intervention. The raw embedding space, where the image and text

encoders generate high-dimensional, modality-specific representations, contains rich semantic

information but also substantial entanglement between task-relevant features and demographic

attributes. At this level, features related to sensitive attributes are often deeply intertwined with

essential diagnostic information. For example, in dermatology images, skin tone correlates

with lighting conditions, image texture, and background characteristics that are all relevant

for lesion classification. Enforcing distributional similarity at the raw embedding level

using MMD forces the model to make representations of different demographic subgroups

statistically indistinguishable, but this approach risks removing critical diagnostic information

along with spurious demographic signals. The empirical results confirm this concern: applying

MMD to the image embeddings yields DPD 0.24 and ∆TPR 0.49, and to the text embeddings

DPD 0.33 and ∆TPR 0.41, with neither variant satisfying DF or IF-α. Both exhibit a levelling-

down pattern of improving one disparity metric while holding or worsening another, and

neither closes the intersectional gap at the decision boundary. This pattern suggests that the

constraint successfully removed some demographic information from the embeddings, but in

doing so, disrupted the model’s ability to learn equitable decision-making.

The logits space, where similarity scores are scaled by a learned temperature parameter and

prepared for the contrastive loss function, represents an intermediate level of abstraction.

Applying MMD at the logit level attains the highest aggregate utility in the ablation (AUC

0.97, ES-AUC 0.89) but still fails both binary fairness criteria, and the combined MMD_all

variant that applies MMD at all three placements produces the worst configuration of the

sweep (AUC 0.87, ES-AUC 0.71, both fairness criteria violated), demonstrating that stacking

distributional constraints across heterogeneous representational spaces does not compensate

for the absence of decision-level regularisation. The temperature scaling applied to produce

logits transforms the geometry of the representation space in ways that are optimised for

the contrastive loss but may obscure the subtle distributional differences that kernel-based
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methods like MMD are designed to detect. More fundamentally, the logits represent inputs to

the loss function rather than the semantic alignment itself, placing the fairness intervention

one step removed from the model’s actual diagnostic reasoning process.

In contrast, the cross-modal alignment score space, where CMAC-MMD operates, represents

an optimal point for fairness intervention. This space captures the model’s high-level under-

standing of cross-modal semantic correspondence—the degree to which the visual content

of an image aligns with a textual disease description. This alignment is the foundation of

the model’s diagnostic capability in zero-shot and few-shot settings and directly determines

its confidence in classification decisions. By enforcing fairness at this level, CMAC-MMD

targets the precise point where the model’s learned representations are translated into dia-

gnostic judgments. The one-dimensional nature of the alignment score abstracts away the

specific features used to make the diagnosis, focusing solely on the certainty of the decision.

This abstraction is critical: it allows the model to utilise different visual features or reasoning

patterns for different patient subgroups if these differences reflect legitimate variations in

clinical presentation, while ensuring that the ultimate output, the confidence margin between

correct and incorrect diagnoses, remains equitable. The superior performance of CMAC-

MMD across all metrics, including its unique success in satisfying both DF and IF-α criteria,

validates this architectural positioning. The decision-level approach achieves what feature-

level methods cannot: equitable diagnostic certainty without sacrificing the model’s ability to

learn task-relevant representations.

The robustness of CMAC-MMD under external validation provides additional evidence of its

fundamental advantages. Methods that achieve fairness by removing demographic information

from internal representations are brittle under distribution shift because they rely on specific

correlations between features and demographics in the training data. When these correlations

change in a new clinical setting, as they inevitably do due to differences in patient populations,

imaging protocols, or disease prevalence, the fairness properties collapse. The persistence

of CMAC-MMD’s fairness benefits on the BCN20000 external dataset, demonstrated by

maintained DF criterion satisfaction and substantial ∆TPR reduction despite the domain shift,

suggests that decision-level fairness is more robust because it targets a property of the model’s

outputs rather than its internal computations. By enforcing equitable diagnostic certainty as a
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distributional constraint that must hold across all training data, the framework instils a fairness

property that generalises to new data distributions, provided the fundamental relationship

between alignment scores and diagnostic accuracy remains stable.

The clinical implications of this theoretical and empirical positioning are significant. Medical

AI systems will inevitably be deployed across diverse healthcare settings with heterogeneous

patient populations, varying imaging equipment, and different disease prevalence rates.

Fairness interventions that rely on removing specific demographic correlations from learned

features are unlikely to maintain their fairness properties across this range of deployment

contexts. Decision-level interventions that directly constrain the equitability of diagnostic

outputs, without assuming specific relationships between features and demographics, offer

a more promising path toward fairness that generalises across clinical contexts. CMAC-

MMD demonstrates that this approach can achieve comprehensive intersectional fairness

while maintaining the diagnostic performance necessary for clinical utility, resolving a trade-

off that has limited the practical applicability of prior fairness methods. In addition to

generalisation across data distributions, the sensitivity analysis reported in Section 3.3.6

demonstrates that CMAC-MMD’s joint performance–fairness optimum is robust to the choice

of regularisation strength within a broad operating range and converges on the same numerical

value (λCMAC = 0.5) across two independent clinical cohorts with different imaging modalities

and demographic structures, further supporting the claim that decision-level regularisation

captures a generalisable fairness property rather than a cohort-specific artefact.

The pairwise aggregation in the CMAC-MMD loss is architecturally agnostic to the number of

demographic subgroups, requiring no modification to the loss function, model architecture, or

training procedure when finer-grained categories are available. This architectural agnosticism

does not, however, extend to statistical reliability: the MMD estimator’s variance grows as

subgroup counts shrink, and the methodological strategies required to operate CMAC-MMD

reliably under finer-grained stratifications are therefore treated as the primary future direction

in Section 4.3.2 of Chapter 4, ahead of the expansion of attribute coverage itself.
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3.5 Chapter Conclusion

This chapter has successfully addressed the central challenge identified in the literature re-

view: the absence of effective fairness interventions that can mitigate intersectional bias in

medical VLMs while preserving diagnostic performance. Through the systematic design,

implementation, and validation of the CMAC-MMD framework, we have demonstrated that

decision-level fairness regularisation represents a viable and superior approach to achieving

equitable diagnostic certainty across intersectional patient subgroups. The empirical valida-

tion across dermatology and ophthalmology tasks established that CMAC-MMD achieves

substantial reductions in intersectional disparities, decreasing ∆TPR by up to 48% while

maintaining or improving overall AUC. The framework’s effectiveness was demonstrated to

be robust under external validation and generalisable across clinical domains, with ablation

studies confirming that the superior performance derives specifically from the decision-level

architectural positioning of the fairness intervention. These findings provide both meth-

odological and empirical evidence that intersectional fairness in high-stakes medical AI is

achievable without compromising the diagnostic accuracy essential for clinical utility.

The contributions of this chapter extend beyond the specific CMAC-MMD implementation

to establish broader principles for fairness intervention design in multimodal medical AI

systems. The demonstration that decision-level regularisation outperforms feature-level

approaches challenges the prevailing paradigm in algorithmic fairness research and suggests

that targeting the model’s diagnostic certainty distribution, rather than constraining its internal

representations, offers a more effective path toward fairness that generalises across deployment

contexts. The comprehensive benchmarking against established fairness methods, combined

with a rigorous evaluation using both traditional metrics and advanced intersectional fairness

criteria, provides a methodological template for future fairness research in medical AI. The

evidence that CMAC-MMD successfully avoids the levelling down problem while achieving

measurable clinical impact establishes a proof of concept that fairness and performance

objectives can be simultaneously optimised when interventions target the appropriate level of

the model’s decision-making architecture.
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This chapter has laid the core methodological and empirical groundwork of the thesis, an-

swering the three research questions through systematic investigation and validation. The

final chapter will now synthesise these findings within the broader context of trustworthy

medical AI, discuss their implications for clinical deployment and regulatory frameworks, ac-

knowledge the limitations that frame the scope of this work, and propose directions for future

research that build upon the decision-level fairness paradigm established here. Chapter 4 will

examine how the principles and methods developed in this thesis can inform the responsible

development and deployment of AI systems in healthcare settings where algorithmic equity is

not merely a technical requirement but a fundamental prerequisite for achieving health equity

across diverse patient populations.
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CHAPTER 4

Conclusion

4.1 Summary of Thesis Contributions

This thesis addresses a critical challenge at the intersection of artificial intelligence and

healthcare equity: the failure of existing fairness interventions to mitigate the compounded

intersectional biases that emerge when medical VLMs are fine-tuned for diagnostic tasks.

While these models demonstrate impressive diagnostic capabilities and have been heralded

as transformative tools for democratising healthcare access, they also risk perpetuating and

amplifying systematic disparities across intersectional patient subgroups defined by multiple

demographic attributes. The central argument of this thesis is that achieving equitable medical

AI requires a fundamental paradigm shift from feature-level interventions that constrain

internal model representations to decision-level approaches that directly regularise diagnostic

certainty across all intersectional subgroups simultaneously. This thesis establishes both

theoretically and empirically that targeting the distribution of diagnostic confidence, rather

than attempting to remove demographic information from learned features, represents a more

effective, robust, and clinically appropriate approach to algorithmic fairness in high-stakes

medical applications.

The principal contributions of this research can be summarised as follows:

• Empirical Confirmation of the Intersectional Fairness Problem in Medical

VLMs: Through comprehensive benchmarking across diverse VLM architectures,

including CLIP variants, domain-adapted medical models, and large-scale BLIP-2

systems, this thesis quantified how standard fine-tuning systematically and severely

degrades intersectional fairness despite improving overall diagnostic accuracy. The
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empirical analysis demonstrated that ∆TPR increases by up to 85% after fine-tuning,

with certain intersectional subgroups experiencing DEOdds values approaching

0.40, indicating severe disparities in equalised odds. This work established that

single-attribute fairness metrics fundamentally fail to capture these compounded

disparities, as evidenced by dramatic reductions in the proportion of subgroup pairs

satisfying intersectional fairness criteria after fine-tuning. These findings validate

the premise that existing fairness evaluation frameworks, which predominantly focus

on individual demographic attributes, are inadequate for detecting and addressing

the complex bias patterns that emerge at demographic intersections.

• Development of a Novel Decision-Level Fairness Framework: This thesis pro-

posed, formalised, and implemented the CMAC-MMD framework, a novel in-

processing fairness intervention that operates at the decision level rather than the fea-

ture level. The framework introduces the concept of a cross-modal alignment score,

a one-dimensional measure of diagnostic certainty defined as the margin between the

model’s confidence in the correct prediction and its confidence in the most compel-

ling alternative. By applying an MMD-based distributional alignment loss to these

alignment scores across all intersectional subgroups simultaneously, CMAC-MMD

enforces equitable diagnostic certainty without constraining the model’s internal

representations or requiring demographic attributes as inputs during inference. The

methodological innovation lies not merely in the application of distributional align-

ment techniques, but in the identification of an appropriate semantic and architectural

target for fairness regularisation that preserves the model’s flexibility to learn clin-

ically relevant patterns while preventing systematic confidence disparities across

patient populations.

• Rigorous Multi-Faceted Empirical Validation: This thesis demonstrated the ef-

fectiveness of CMAC-MMD through comprehensive evaluation across two clinical

domains, dermatology and ophthalmology, involving distinct imaging modalities,

disease types, and demographic attribute structures. The framework achieved sub-

stantial reductions in intersectional disparities, decreasing ∆TPR by up to 48% while

maintaining or improving overall AUC by up to 5%, outperforming seven established

fairness interventions across multiple evaluation metrics. Critically, CMAC-MMD
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was among the few methods to satisfy rigorous binary fairness criteria, including DF

and IF-α, indicating that it achieves not only reduced average disparities but also

bounded worst-case performance gaps across all subgroup pairs. External validation

on the independent BCN20000 dermatology dataset confirmed that fairness benefits

persist under distribution shift, with ∆TPR reductions of 35% maintained on out-

of-distribution data. The cross-domain validation in ophthalmology demonstrated

successful generalisation to different clinical contexts, outperforming both standard

fine-tuning and the VLM-specific FairCLIP baseline. Ablation studies provided

causal evidence that the superior performance derives specifically from the decision-

level implementation, as alternative placements of the fairness regularizer at the

embedding or logit levels failed to achieve comparable results and in some cases

worsened certain disparities.

These contributions collectively establish that intersectional fairness in medical AI is achiev-

able without sacrificing the diagnostic performance essential for clinical utility, resolving a

perceived trade-off that has limited the practical applicability of prior fairness interventions.

The thesis advances both the conceptual understanding of where and how to intervene for fair-

ness in complex multimodal architectures and provides a validated, reproducible methodology

for implementing these principles in practice.

4.2 Significance and Broader Implications

The contributions of this thesis extend beyond the specific technical achievements to address

fundamental questions about how trustworthy AI systems should be developed, evaluated,

and deployed in healthcare settings. The research carries significant implications for AI

developers, regulatory bodies, clinical institutions, and ultimately for the patients whose care

increasingly relies on algorithmic decision support.
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4.2.1 Implications for AI Development and Regulation

This research establishes a new, more rigorous standard for building and auditing medical

AI systems that addresses limitations in current fairness evaluation practices. The concept of

equitable diagnostic certainty, operationalised through the CMAC-MMD framework, provides

a tangible and measurable benchmark that moves beyond the superficial single-attribute

fairness checks that currently dominate both academic research and regulatory frameworks.

Current fairness audits typically evaluate model performance across individual demographic

attributes sequentially, a practice that this thesis has demonstrated is fundamentally inadequate

for detecting bias at demographic intersections. The intersectional fairness metrics employed

in this work, particularly DF and IF-α, provide more comprehensive evaluation standards that

explicitly require bounded performance disparities across all subgroup pairs simultaneously.

These metrics, combined with the decision-level fairness paradigm, offer regulatory bodies

such as the U.S. Food and Drug Administration and the European Union’s proposed AI

Act concrete criteria for assessing whether medical AI systems meet acceptable fairness

thresholds.

The decision-level approach advocated in this thesis also addresses a critical gap in the current

AI development lifecycle. Most fairness interventions require demographic attributes to be

explicitly included as model inputs during both training and inference, raising significant

privacy concerns and potentially creating feedback loops where models learn to make different

predictions based solely on demographic information. The CMAC-MMD framework demon-

strates that effective fairness intervention can be achieved using demographic information only

during training to compute the fairness loss, while maintaining demographic-blind inference

that relies solely on clinical data. This architectural property aligns with emerging regulatory

principles emphasising privacy-preserving AI and reduces the risk that fairness interventions

themselves become sources of discriminatory treatment.

Furthermore, the external validation results presented in this thesis directly address the

fairness generalisation challenge that has emerged as a central concern in recent literature on

medical AI deployment [25], [28]. The finding that CMAC-MMD’s fairness benefits persist

under distribution shift, while many feature-level interventions fail catastrophically when
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correlations between features and demographics change across clinical settings, has profound

implications for how fairness should be conceptualised and implemented. Rather than

attempting to identify and remove specific demographic correlations in training data, which

proves brittle under the inevitable distribution shifts encountered in real-world deployment,

decision-level interventions that enforce equitable outcomes as distributional constraints offer

a more robust foundation for fairness that generalises across diverse healthcare contexts. This

insight should inform the design of future fairness interventions and the regulatory standards

used to evaluate them, emphasising outcome-based fairness guarantees over process-based

attempts to achieve demographic blindness in learned representations.

4.2.2 Implications for Clinical Trust and Adoption

Beyond regulatory compliance, this research addresses a fundamental barrier to the clinical

adoption of AI systems: the trust of healthcare providers and patients in algorithmic recom-

mendations. The diagnostic certainty gap documented in this thesis, where models exhibit

systematically lower confidence in their predictions for certain demographic subgroups even

when aggregate accuracy appears acceptable, represents a subtle but clinically significant

form of algorithmic bias that previous fairness work has largely overlooked. Clinicians do not

simply accept or reject binary classification outputs; they integrate algorithmic confidence

scores into complex clinical reasoning processes that determine diagnostic workup intensity,

treatment aggressiveness, and referral patterns [52], [59], [64]. When an AI system con-

sistently provides less confident predictions for patients from marginalised backgrounds, it

can lead to diagnostic delays, undertreatment, and a gradual erosion of clinician trust in the

system’s reliability for those populations.

By enforcing distributional consistency in diagnostic certainty across intersectional subgroups,

CMAC-MMD produces AI systems whose recommendations carry equitable epistemic weight

regardless of patient demographics. This property directly addresses concerns raised by clini-

cians about whether AI systems can be trusted to provide consistent quality of decision

support across the full diversity of patients encountered in practice. The calibration analysis

demonstrating that CMAC-MMD ensures predicted confidence scores correspond appropri-

ately to actual diagnostic accuracy across all subgroups provides evidence that the framework
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produces not only fair but also honest uncertainty quantification, a critical requirement for

safe clinical integration.

The robustness of CMAC-MMD under external validation provides additional reassurance to

clinical institutions considering AI adoption. A common concern in healthcare AI deployment

is that a system performing well in one institution may exhibit degraded fairness when

deployed in a different clinical context with different patient demographics, imaging protocols,

or disease prevalence rates. The evidence that CMAC-MMD’s fairness properties generalise

across distribution shifts suggests that decision-level fairness interventions can provide more

reliable guarantees of equitable performance across the heterogeneous deployment contexts

characteristic of real-world healthcare. This generalisability is essential for health systems

serving diverse populations and for ensuring that AI-driven improvements in diagnostic

accuracy benefit all patients rather than primarily those from well-represented demographic

groups in training data.

The subgroup-level analyses presented in this thesis also provide a template for how AI

systems should be evaluated before clinical deployment. Rather than relying solely on

aggregate performance metrics or single-attribute fairness analysis, healthcare institutions

can adopt the intersectional evaluation framework demonstrated here to identify whether

AI systems exhibit concerning disparities for specific patient populations they serve. The

visualisation approaches developed in this work, including subgroup-specific performance

plots and pairwise fairness heatmaps, offer interpretable tools for clinical stakeholders to

understand where algorithmic biases may exist and to assess whether mitigation strategies

have successfully addressed these disparities. This transparency is essential for building the

institutional trust necessary for responsible AI adoption in high-stakes medical contexts.

4.3 Limitations and Future Directions

While this thesis provides strong evidence for the efficacy of decision-level fairness interven-

tions in medical VLMs, it is essential to acknowledge the limitations that frame the scope of

these contributions and to identify promising directions for future research that build upon

this foundation.
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4.3.1 Acknowledged Limitations

This work confronts two fundamental limitations that constrain the generalisability of its

findings and highlight the inherent challenges of operationalising fairness in medical AI. First,

the intersectional fairness framework developed in this thesis relies on discrete demographic

categories—specifically age bins, binary gender, and binarised race—that are imperfect

social constructs failing to capture the full spectrum of human diversity. These categories

impose artificial boundaries on continuous characteristics and mask significant within-group

heterogeneity. For instance, the age stratification used in this work (0-40, 40-60, 60+ for

dermatology; 0-60, 60+ for ophthalmology) was driven by the pragmatic need to maintain

statistical power at intersectional subgroups given finite sample sizes, but this coarse binning

obscures clinically relevant variation within each category. The binarisation of race in

the ophthalmology experiments, while necessary to ensure adequate sample sizes across

eight intersectional subgroups, conflates diverse populations with distinct genetic, cultural,

and environmental risk factors into oversimplified categories. More fundamentally, these

demographic attributes, particularly race, are social rather than biological constructs whose

relationships to disease risk and clinical presentation are mediated by complex pathways

involving healthcare access, environmental exposures, and structural inequities [25], [29].

Fairness interventions that treat these categories as fixed, well-defined groups risk reifying

problematic taxonomies while failing to address the actual sources of health disparities.

Second, CMAC-MMD is an algorithmic intervention that mitigates the downstream mani-

festations of bias in model predictions but cannot address the upstream root causes of these

disparities. The systematic performance gaps observed across demographic subgroups often

originate from representation biases in training datasets, where certain populations are under-

represented or are systematically imaged under different conditions; from differential label

quality, where disease annotations may be less accurate for certain groups; and from funda-

mental inequities in healthcare access that affect disease prevalence, stage at presentation, and

imaging quality across populations. While CMAC-MMD successfully reduces the disparities

in diagnostic certainty that emerge from these upstream factors, it does not eliminate the

underlying data biases or address the structural determinants of health that create differential

disease burdens across demographic groups. Algorithmic fairness interventions, however
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sophisticated, must therefore be understood as components of a broader sociotechnical system

for achieving health equity, complementing rather than replacing efforts to improve data

collection practices, expand healthcare access, and address social determinants of health.

4.3.2 Directions for Future Research

The limitations acknowledged above, along with the findings of this thesis, suggest several

high-impact directions for future research that can extend the decision-level fairness paradigm

and address its current constraints.

Expanding the Decision-Level Approach Beyond Classification: This thesis focused

on binary disease classification tasks in dermatology and ophthalmology, demonstrating

the effectiveness of decision-level fairness for these applications. However, medical AI

increasingly encompasses more complex tasks including prognostic modelling, where models

predict future patient outcomes or disease trajectories; clinical report generation, where VLMs

produce natural language descriptions of medical images; and treatment recommendation,

where algorithms suggest optimal therapeutic interventions based on patient characteristics

and disease presentation. Extending the concept of equitable diagnostic certainty to these

domains requires rethinking what constitutes a "decision" and how confidence should be

measured in non-classification contexts. For prognostic models, decision-level fairness might

focus on ensuring that uncertainty estimates around predicted survival curves or disease

progression timelines are equitably calibrated across demographic subgroups. For generative

tasks like report generation, the paradigm could be adapted to ensure that the specificity and

clinical utility of generated text are consistent across patient populations. Future research

should investigate how the distributional alignment principles validated in this thesis can

be operationalised for these more complex clinical AI applications, potentially requiring

novel formulations of alignment scores appropriate to different output modalities and task

structures.

Mitigation of Statistical Underpowering as a Prerequisite for Finer-Grained Intersec-

tional Analysis: A primary limitation of the present work, identified in Section 3.2.4, is that

the CMAC-MMD framework is bounded by the availability of sufficient samples within each
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intersectional subgroup for reliable MMD estimation and fairness-metric evaluation. The

datasets used in this thesis forced binary race and coarse age stratifications to keep each of

the eight (ophthalmology) or six (dermatology) subgroups above the 50-sample threshold

recommended for stable fairness-metric computation [29], [36]. Straightforwardly extending

to more attributes or finer-grained categorisations without addressing this bottleneck would

reintroduce the statistical-power problem that the stratification choices were designed to avoid,

and any fairness gains so reported would be difficult to distinguish from estimation noise.

We therefore treat the methodological mitigation of statistical underpowering as the primary

future direction, and the extension to additional attributes as a downstream direction that is

tractable only once the following developments are in place.

Variance-corrected and small-sample MMD estimators. The unbiased MMD estimator of

Eq. (3.5) has variance that scales as O(1/mg + 1/mg′) with subgroup sample sizes, which

becomes prohibitive once either mg or mg′ falls below approximately 30 samples per mini-

batch. Future work should extend the current unweighted pairwise aggregation in Eq. (3.7)

with a reliability-weighted scheme in which each subgroup-pair contribution is scaled by√
mgmg′/(mg +mg′) to down-weight small-subgroup comparisons whose estimated MMD

is dominated by sampling noise. Combined with explicit small-sample bias corrections

and permutation-based significance thresholding of per-pair contributions, this removes the

highest-variance contributions to the fairness gradient and should be evaluated before the

number of subgroups is increased. This constitutes the most direct technical precondition for

finer-grained intersectional analysis.

Hierarchical and multi-resolution fairness constraints. Rather than enforcing fairness only on

the finest available partition, a hierarchical formulation enforces fairness jointly at multiple

resolutions: at a coarse partition (for example, White versus Non-White) at which every

subgroup is well-powered, and at a nested fine partition (for example, Asian, Black, Hispanic,

White) whose fine-level estimates inherit statistical strength from the coarse-level pools [142].

This structure permits small fine-level subgroups to contribute to the fairness objective without

requiring that each fine subgroup individually satisfy the stability threshold, and the CMAC-

MMD framework at each level remains unchanged, so that only the aggregation across levels

requires new machinery. The current implementation already partially realises this principle
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through stratified sampling that preserves intersectional subgroup proportions across data

partitions, and through the pairwise aggregation in Eq. (3.7) that functions as a subgroup-

aware regulariser by penalising divergence across all pairs of available subgroups at each

training step.

Subgroup-aware batch construction with minimum-count guarantees. The MMD kernel

estimator in Eq. (3.5) is only meaningful for subgroup pairs in which both subgroups have

at least two samples within the batch, and reliable kernel estimation generally requires at

least four to eight samples per subgroup. When fine-grained stratifications are introduced,

the probability of satisfying this condition for all subgroup pairs in every batch drops sharply.

Future work should investigate stratified batch samplers with explicit minimum-per-subgroup

guarantees, multi-batch accumulation of MMD statistics before gradient application for

rarely sampled pairs, and optimal batch-size scaling rules derived from power-analysis

considerations. These algorithmic changes are necessary for training stability at higher

subgroup counts.

A priori power analysis to guide attribute inclusion. Before extending CMAC-MMD to a

new demographic attribute or a finer-grained categorisation, a power analysis should quantify

the minimum per-subgroup sample count required to detect a clinically meaningful disparity

(for example, ∆TPR ≥ 0.05) at a specified significance level (α = 0.05, power ≥ 0.8).

This transforms the stratification decision from an ad hoc compromise into a principled

prospective calculation, and only attributes or partitions whose per-subgroup counts meet the

power-analysis threshold should be added to the fairness evaluation.

Once the four methodological developments above have been established, the extension to ad-

ditional demographic attributes becomes a secondary future direction that rests on them. The

Harvard Eye Fairness dataset [143], which provides multi-category racial labels across approx-

imately thirty thousand subjects, is the natural evaluation target for validating the hierarchical

and variance-corrected variants prior to any broader deployment. Similarly, non-binary

gender categories and socioeconomic attributes such as insurance status or language prefer-

ence should be evaluated only once the methodological preconditions for small-subgroup

fairness estimation are in place. The pairwise CMAC-MMD loss is architecturally agnostic
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to the number of subgroups, but its statistical reliability is not, and extending attribute cov-

erage before the power bottleneck is addressed would be premature. The formal statistical

framework underpinning these inferences, including the DeLong, Wilcoxon signed-rank, and

two-proportion Z-tests applied throughout Chapter 3 and the post-hoc Bonferroni sensitivity

analysis, is specified in Section 3.2.5.

Prospective Clinical Validation and Real-World Impact Assessment: The ultimate val-

idation of any medical AI fairness intervention must come from demonstrating that it leads

to measurable reductions in health disparities in real-world clinical settings. This thesis

provides strong retrospective evidence that CMAC-MMD reduces algorithmic bias on held-

out test sets from established benchmarks, but the path from algorithmic fairness to health

equity requires navigating the complex sociotechnical dynamics of clinical care delivery.

Future work should design and execute prospective studies that deploy models trained with

decision-level fairness interventions in actual clinical workflows and measure their impact on

patient outcomes across demographic subgroups. Such studies would require careful attention

to implementation science, examining how clinicians interact with AI recommendations,

whether equitable confidence scores translate into equitable clinical decision-making, and

whether algorithmic fairness improvements manifest as reductions in disparities in diagnostic

timeliness, treatment access, or health outcomes. Randomised controlled trials comparing

patient outcomes under AI systems trained with and without fairness interventions, stratified

by intersectional demographics, would provide the highest level of evidence for clinical

efficacy. These studies should also monitor for potential unintended consequences, such as

whether fairness interventions affect clinical trust differentially across provider demographics,

or whether equitable algorithmic confidence inadvertently masks legitimate uncertainty that

should trigger additional diagnostic workup for specific patient presentations. Partnerships

between AI researchers, clinical investigators, health equity scholars, and community stake-

holders will be essential for designing studies that measure the outcomes most meaningful

to affected populations and that translate algorithmic fairness advances into tangible health

equity gains.

These future directions collectively chart a path toward medical AI systems that are not only

accurate and fair by algorithmic metrics, but that demonstrably contribute to reducing health
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disparities and advancing equity in healthcare delivery. The decision-level fairness paradigm

established in this thesis provides a methodological foundation upon which this future work

can build.

4.4 Concluding Remarks

This thesis began by confronting a troubling reality: as VLMs achieve increasingly impressive

diagnostic performance and move toward clinical deployment, they risk perpetuating and

amplifying the systematic health inequities that have long plagued healthcare systems. The

promise of AI to democratise access to expert-level diagnostics and to extend high-quality care

to underserved populations stands in tension with mounting evidence that these same systems

exhibit severe biases, disproportionately failing patients from marginalised backgrounds

who would benefit most from improved diagnostic accuracy. This tension is not merely a

technical inconvenience to be addressed through minor algorithmic adjustments, but rather a

fundamental challenge that strikes at the heart of whether AI will serve as a force for equity

or inequality in the future of medicine. The research presented in this thesis has sought to

resolve this tension by demonstrating that advanced diagnostic performance and intersectional

fairness are not inherently conflicting objectives, but can be simultaneously achieved when

fairness interventions target the appropriate level of the model’s decision-making architecture.

The CMAC-MMD framework, validated across multiple clinical domains and demonstrated

to be robust under distribution shift, provides a practical and effective tool for developing

medical VLMs that maintain equitable diagnostic certainty across intersectional patient

subgroups. By shifting the locus of fairness intervention from constraining internal model

representations to directly regularising the distribution of confidence in diagnostic decisions,

this work establishes a new paradigm for algorithmic fairness that is more effective, more

robust to deployment conditions, and more aligned with the clinical reality that AI systems

must serve as trusted decision support across the full diversity of patients encountered in

practice. The evidence that decision-level interventions can achieve substantial fairness

improvements, reducing missed diagnosis disparities by up to 48% while maintaining or

improving overall diagnostic accuracy, demonstrates that the perceived trade-off between
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performance and fairness is not inevitable but is rather an artifact of intervention strategies

that operate at inappropriate levels of model architecture.

Beyond the specific technical contributions, this thesis advances a broader argument about

the relationship between algorithmic design choices and health equity outcomes. The finding

that fairness properties generalise more robustly when interventions target decision outputs

rather than learned features suggests that the pursuit of "demographic blindness" in AI repres-

entations, while intuitively appealing, may be a fundamentally flawed approach to achieving

equitable outcomes. True fairness in medical AI requires not that models ignore demo-

graphic information, but rather that they process this information in ways that do not result in

systematically degraded diagnostic certainty for marginalised populations. This distinction

has profound implications for how fairness should be conceptualised, operationalised, and

evaluated across the spectrum of AI applications in healthcare and beyond.

Ultimately, this thesis establishes that the pursuit of algorithmic equity is not an optional

enhancement to be considered after achieving satisfactory performance metrics, but rather

a fundamental prerequisite for building medical AI systems worthy of clinical trust and

societal deployment. The decision-level fairness paradigm demonstrated through CMAC-

MMD provides a validated methodology for embedding equity considerations directly into

the optimisation objectives that shape model behaviour, ensuring that fairness is an intrinsic

property of the learned models rather than a post-hoc constraint imposed through external

auditing. As medical AI systems assume increasingly central roles in diagnostic pathways,

treatment planning, and healthcare delivery, the principles and methods developed in this thesis

offer a critical tool in the essential mission to ensure that the future of artificial intelligence in

medicine is a future of universal health equity, where the transformative potential of these

technologies benefits all patients regardless of their demographic background. The work

presented here contributes one piece toward that future, demonstrating that with thoughtful

intervention design grounded in both technical rigor and ethical commitment, we can build

AI systems that are not only accurate but fundamentally fair.
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