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ABSTRACT

The integration of Artificial Intelligence (Al) into dermatological diagnostics offers great potential
for improving clinical decision- making and patient outcomes. However, persistent biases in
training data and model structures continue to increase disparities in diagnostic accuracy,
especially across different skin tones and lesion types. These inequalities emphasize the urgent
need for fairness - aware methods that provide equitable performance in clinical settings.
Therefore, this study aimed to develop and validate a fairness - aware Al framework for
dermatological imaging, designed to reduce bias while maintaining diagnostic accuracy. The
framework was guided by three goals: (i) to assess how well adversarial debiasing techniques can
remove bias- related features, (ii) to analyze current diagnostic systems and identify fairness gaps,
and (iii) to introduce a customized bias mitigation strategy for skin lesion classification.
Adversarial debiasing was applied through a Gradient Reversal Layer (GRL) within a
Convolutional Neural Network (CNN). The GRL works by reversing gradient signals during
training, discouraging the network from encoding bias- related attributes while still optimizing for
diagnosis accuracy. This mechanism formed the core of the fairness - aware framework.
Performance was evaluated by comparing the framework to a baseline CNN using the ISIC 2020
skin lesion dataset, which includes 33, 126 dermoscopic images from over 2, 000 patients.
Preprocessing and augmentation techniques were used to improve data quality and model
robustness. External validation utilized the Fitzpatrick 17 k dataset, containing 16, 577 clinical
images annotated by skin type, to test demographic generalizability. Expert validation was also
performed, with dermatologists reviewing interpretability outputs to confirm clinical relevance
and practical use. Model interpretability was improved through SHAP- based feature attribution,
helping clinicians visualize decision boundaries and better understand the framework's diagnostic
reasoning. The fairness- aware framework significantly reduced the Statistical Parity Difference
from. .35 to. .05, while maintaining high diagnostic accuracy, sensitivity, and AUC--ROC scores
above. .87. Fairness improvements were supported by Equalized Odds metrics, and statistical
testing showed that these equity gains did not compromise reliability. These results highlight the
clinical potential of fairness- aware Al in dermatology. By combining adversarial debiasing, expert
validation, and practical application, the proposed framework offers actionable paths for the ethical
use of Al in precision medicine. More broadly, it advances the discussion on bias mitigation in
healthcare Al, demonstrating the transformative potential of equity- focused approaches to
improve diagnosis outcomes across diverse populations.
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CHAPTER ONE

INTRODUCTION

1.1 Background to the Study

Acrtificial Intelligence (Al) has emerged as one of the most transformative technologies of the 21st
century, reshaping industries, economies, and daily life. From automating manufacturing
processes to personalizing educational curricula, AI’s ability to analyze vast datasets, recognize
patterns, and make predictions has unlocked unprecedented efficiencies and innovations
(Brynjolfsson & Mcafee, 2017). Its applications span sectors as diverse as agriculture, finance,
transportation, and criminal justice, each leveraging Al to solve complex challenges. However,
nowhere is its impact more profound, and its ethical stakes higher, than in healthcare, particularly
in diagnostic imaging, where AI’s promise to enhance accuracy and accessibility is tempered by

risks of bias, inequity, and opacity.

Artificial Intelligence is a branch of computer science that focuses on creating intelligent machines
capable of performing tasks that typically require human-like intelligence. At its core, Al involves
the development of algorithms and systems that can learn, reason, and adapt to new situations,
much like the human mind (Stone et al., 2022). Key concepts in Al include machine learning,
which enables systems to learn from data without being explicitly programmed; neural networks,
which are inspired by the structure and function of the human brain and consist of interconnected
nodes that process information (Rumelhart et al., 1986), and deep learning, a more advanced form
of machine learning that uses multi-layered neural networks to learn from vast amounts of data
(Goodfellow et al., 2016). Al has numerous real-world applications, from virtual assistants and

self-driving cars to healthcare and finance. Still, it also raises important ethical considerations



regarding privacy, bias, accountability, and the impact on jobs, which researchers and

policymakers are actively working to address.

Al has revolutionized financial systems by enabling real-time decision-making and predictive
analytics. Machine learning models analyze market trends, optimize trading strategies, and detect
fraudulent transactions with unparalleled speed. JPMorgan Chase’s coin platform, for instance,
uses Natural Language Processing (NLP) to review legal documents, reducing 360,000 hours of
manual labor annually (Chui & Francisco, 2017). Similarly, Al-driven credit scoring systems
assess borrowers’ risk profiles using non-traditional data, such as social media activity, and expand
financial inclusion in underserved regions (Bjorkegren & Grissen, 2020). However, these systems
risk encoding historical biases; for instance, algorithms trained on data from racially segregated

neighborhoods may deny loans to marginalized groups (Bartlett et al., 2022).

Self-driving cars, powered by Al, promise to reduce accidents caused by human error and optimize
fuel efficiency. Companies like Tesla and Waymo use Convolutional Neural Networks (CNNs) to
process real-time sensor data, enabling vehicles to navigate complex environments (Litman, 2017).
Yet, ethical dilemmas persist. Autonomous vehicles face “trolley problem” scenarios, choosing
between passenger and pedestrian safety, raising questions about algorithmic morality (Nyholm &

Smids, 2020).

Healthcare has undergone a significant shift with the advent of AI’s ability to process complex
medical data. Machine learning models now rival human experts in diagnosing conditions such as
diabetic retinopathy (Gulshan et al., 2016) and skin cancer (Esteva et al., 2017). IBM Watson for
Oncology, for instance, cross-references patient data with 30 million medical papers to recommend
personalized treatment plans (Somashekhar et al., 2018). These advancements are particularly

transformative in low-resource settings, where Al-powered, portable devices, such as smartphone-

2



based ultrasound tools, enable prenatal screenings in rural areas with limited access to specialists.
Al streamlines administrative tasks, reducing burnout among healthcare professionals. Natural
Language Processing (NLP) systems automate clinical documentation, cutting charting time by
30% (Rajkomar et al., 2018a). Predictive analytics tools leverage historical and real-time data to
forecast patient admissions, enabling healthcare providers to optimize staff allocation and bed
management. These tools enhance operational efficiency and improve patient care outcomes

(Clack, 2023).

However, over-reliance on automation risks depersonalizing care, as seen in cases where Al triage
systems prioritize cost-cutting over patient needs (Topol, 2019). Al accelerates drug development
by predicting molecular interactions and identifying candidate compounds. DeepMind’s
AlphaFold, for example, has mapped over 200 million protein structures, expediting research into
diseases like Alzheimer’s (Jumper et al., 2021). In genomics, Al algorithms analyze genetic
sequences to predict disease susceptibility, enabling preventive interventions (Zou et al., 2019).
These breakthroughs, however, raise ethical concerns about data privacy and equitable access to

cutting-edge therapies.

Diagnostic imaging, encompassing X-rays, MRIs, CT scans, and ultrasounds, has been profoundly
transformed by Al. Deep learning models detect anomalies with superhuman precision. For
example, Al systems like Google Health’s Lymph Node Assistant (LYNA) identify metastatic
breast cancer in lymph nodes with 99% accuracy, reducing pathologists’ workload (Liu et al.,
2017). In cardiology, Al algorithms analyze echocardiograms to predict heart failure risk,
outperforming traditional biomarkers (Zhang et al., 2018b). In neurology, CNNs segment brain
tumors in MRI scans, guiding surgeons in real time (Pereira et al., 2016). In resource-limited

regions, Al democratizes access to diagnostics. For example, the startup Butterfly Network



deploys handheld Al-powered ultrasound devices in sub-Saharan Africa, enabling non-specialists

to perform fetal screenings.

Despite its promise, Al in diagnostic imaging faces significant hurdles. Models trained on
homogeneous datasets underperform for underrepresented groups. A landmark study found that
chest X-ray algorithms misdiagnosed pneumonia in women and rural populations due to gender
and geographic imbalances in training data (Larrazabal et al., 2020). Many Al systems lacks
interpretability. An FDA-approved stroke detection tool, for instance, failed to explain why it
flagged certain CT scans, eroding clinicians’ trust. Current frameworks, like the EU’s Medical
Device Regulation (MDR), emphasize safety but lack mandates for bias audits or diversity in
validation datasets (Gerke et al., 2020). AI’s limitations are starkly evident in dermatology.
Commercial tools like DermaSensor achieve 95% accuracy in detecting melanoma, but only for
light-skinned patients. A 2023 audit revealed a 34% error rate for darker skin tones due to
underrepresentation in training data (Groh et al., 2021a). This disparity underscores the need for

inclusive Al development.

To mitigate bias through inclusive design, initiatives like the Medical Imaging and Data Resource
Center (MIDRC) curate global imaging datasets, ensuring representation of ethnic, gender, and
socioeconomic diversity. Explainability tools like Local Interpretable Model-agnostic
Explanations (LIME) demystify Al decisions, showing clinicians which image regions influenced
diagnoses (Ribeiro et al., 2016b). Policy and collaboration are also crucial. The FDA’s 2023 draft
guidance on Al/ML-based software mandates ongoing bias monitoring post-deployment, a critical
step toward accountability (Administration, 2021). The WHO’s Global Initiative on Al for Health
fosters collaboration between developers and low-income countries to co-design equitable tools

(WHO, 2023).



Mitigating bias in Al systems is essential for ensuring fairness and inclusivity, particularly in
diverse healthcare settings. According to Secinaro et al. (2021), addressing bias in Al not only
improves diagnostic accuracy but also enhances trust in Al systems, fostering their adoption in
clinical practice. Similarly, Alowais et al. (2023) highlight that fairness-aware Al models lead to
better clinical outcomes by reducing disparities in diagnostic accuracy and treatment
recommendations. These findings underscore the importance of bias mitigation as a cornerstone

for developing equitable and effective Al tools in healthcare.

Acrtificial Intelligence (Al) offers transformative benefits for healthcare, including unparalleled
diagnostic speed, accuracy, and scalability. By automating image analysis, Al reduces radiologists
workloads, accelerates early disease detection, and expands access to care in underserved regions
where specialists are scarce (Rajpurkar et al., 2022). However, these benefits are undermined when
Al systems perpetuate biases, as seen in dermatology tools that misdiagnose melanoma in darker-

skinned patients or chest X-ray algorithms that underperform for women (Larrazabal et al., 2020).

Addressing bias amplifies AI’s potential by ensuring equitable outcomes across demographics,
fostering trust among clinicians and patients, and preventing harm to marginalized populations.
Bias-free Al systems could reduce diagnostic errors by up to 40% in underrepresented groups,
close healthcare access gaps, and align with ethical mandates for justice in medical innovation
(Gichoya et al., 2022). Furthermore, equitable Al strengthens compliance with emerging
regulations, mitigates legal risks for healthcare institutions, and positions Al as a tool for global
health equity rather than exclusion (Gerke et al., 2020). Kocak et al. (2024) discussed the risks of
bias in Al systems for medical imaging. The study emphasized that biases in training data could
lead to systematic errors in Al predictions, potentially resulting in misdiagnoses, and underscored

the importance of identifying and mitigating these biases to prevent adverse patient outcomes.



This study, therefore, aimed to develop and validate a comprehensive framework specifically

designed to minimize bias in diagnostic imaging Al.

1.2 Statement of the Problem

The increasing adoption of artificial intelligence (Al) in diagnostic imaging has transformed
clinical practice by improving the speed, consistency, and scalability of medical decision-making.
Despite these advancements, concerns have emerged regarding the presence of bias in Al-driven
diagnostic systems. When bias is embedded in training datasets or model development processes,
diagnostic systems may produce unequal outcomes across different patient populations. Such bias
can lead to uneven diagnostic performance, increasing the risk of misdiagnosis or delayed
diagnosis among marginalized groups. These outcomes raise serious concerns about equity in

healthcare delivery and the reliability of Al-assisted clinical decision-making.

The challenge becomes particularly significant in dermatological imaging, where diagnostic
systems must interpret visual patterns that vary across skin tones, lesion characteristics, and
imaging conditions. When the datasets used to train these systems do not adequately represent
diverse patient populations, models may learn patterns that perform well for some groups while
producing less reliable results for others. Evidence from recent studies indicates that many medical
imaging models are developed using datasets that lack sufficient demographic representation or
fail to report important demographic characteristics of the training data (Gaube et al., 2021;
Willemink et al., 2020). As a result, Al systems risk reinforcing existing disparities in healthcare

outcomes rather than helping to reduce them.

Although researchers have proposed various approaches for addressing bias in Al systems, existing
solutions remain fragmented. Many bias mitigation techniques are applied only at specific stages

of the machine learning pipeline or rely on post-hoc evaluation after the model has already been
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developed (Mehrabi et al., 2021). Such approaches do not fully address the need to embed fairness
considerations throughout the entire development process. In addition, many available fairness
frameworks have been designed primarily for structured datasets and therefore provide limited
guidance for handling the complexities associated with unstructured medical image data. These
complexities include annotation variability, differences in imaging devices, and evolving patterns
of disease presentation (Glocker et al., 2023; Zech et al., 2018). Consequently, current approaches

do not adequately support the development of fairness-aware diagnostic imaging systems.

Hence, there is a need for a comprehensive framework that integrates bias detection, mitigation,
and evaluation throughout the Al development lifecycle. Such a framework would guide the
development of diagnostic imaging systems that maintain strong predictive performance while
promoting equitable outcomes across diverse patient populations. This study, therefore, addresses
this gap by developing and validating a fairness-by-design framework tailored for dermatological

diagnostic imaging.

1.3 Research Objectives
The main aim of this study was to develop a fairness-aware framework for bias mitigation in skin

diagnostic imaging using adversarial CNN models.

1.3.1 Specific Objectives

The study was guided by the following specific objectives:

i. To examine adversarial debiasing mechanisms in diagnostic imaging and assess their
applicability within diagnostic skin imaging.
ii.  To analyze existing fairness frameworks to identify gaps that limit their applicability to

medical image datasets.



iii.  Todevelop and validate a fairness-aware framework for diagnostic Skin imaging.

1.4 Research Questions

This study was guided by the following research questions:

1. How effective are adversarial debiasing mechanisms used in diagnostic imaging?
2. What are the existing frameworks used in diagnostic imaging?
3. How will the framework for mitigating bias in diagnostic skin imaging be developed and

evaluated?

1.5 Scope of the Study

This research aimed to develop a fairness-aware framework designed to minimize bias in Al-
driven diagnostic imaging while maintaining clinical reliability. This study introduced a custom-
built fairness framework, integrating adversarial debiasing, data augmentation, and explainability
tools to actively suppress bias during model training and improve transparency in Al decision-
making.

The study utilized the ISIC 2020 skin lesion dataset downloaded from https://www.isic-
archive.com/, which comprised over 33,000 images, including demographic attributes such as
Fitzpatrick skin types. Two distinct models were developed: a baseline Convolutional Neural
Network (CNN) and an experimental CNN incorporating fairness-aware constraints to mitigate
disparities in melanoma detection across demographic subgroups. This was to enable a direct
comparison between standard and fairness-aware approaches, allowing for precise evaluation of
how fairness constraints impact both diagnostic accuracy and bias mitigation across demographic
subgroups.

Both models underwent training on the same preprocessed dataset, employing data augmentation

techniques to enhance the representation of underrepresented skin tones. The use of two models,

8



a base model and a fairness-aware model, ensures a controlled benchmark for evaluating bias
mitigation without introducing unnecessary complexity or conflicting optimization goals. This
approach aligns with standard fairness validation methodologies (Duff et al., 2024; Tu, 2023),
allowing clear quantification of fairness trade-offs while preserving predictive stability.

The study assessed diagnostic accuracy using conventional metrics, such as sensitivity,
specificity, and AUC-ROC. At the same time, fairness was quantitatively evaluated through
Statistical Parity Difference (SPD), Equalized Odds (EO), and Disparate Impact Ratio (DIR) to
determine the effectiveness of bias reduction.

Given prior research findings indicating up to a 34% reduction in melanoma detection accuracy
for Black patients compared to White patients (Groh et al., 2021a), additional validation was
conducted using the Fitzpatrick 17k dataset to confirm that fairness interventions generalized

effectively to new data distributions.

1.6 Significance of the Study

In a world where Al increasingly dictates who receives care and how, this study is a moral and
practical imperative. It advances healthcare equity by ensuring Al-driven diagnostics serve all
patients, regardless of race, gender, or zip code. It empowers clinicians with transparent,
trustworthy tools. It equips policymakers to regulate Al responsibly. And it challenges the Al

industry to prioritize justice as a cornerstone of innovation.

Left unchecked, biased Al will deepen existing healthcare disparities, erode trust in medical
institutions, and undermine the potential of one of history’s most promising technologies. This
research offers a path forward not just to mitigate harm but to reimagine Al as a force for global
health equity. By addressing the intersectional, technical, and ethical dimensions of bias in

diagnostic imaging, this study makes four pivotal contributions to the field.



Framework for Intersectional Bias Analysis: While prior work has focused on single-axis fairness
metrics, for instance, race or gender, this study operationalizes an intersectional lens (Buolamwini
& Gebru, 2018) to quantify how overlapping identities disproportionately bear the risks of
algorithmic misdiagnosis. This advanced methodological rigor in fairness research bridges critical

theory with computational modeling.

Clinical Validation Protocol: Existing bias-mitigation strategies often prioritize technical accuracy
over clinical utility (Ghassemi et al., 2021). By co-developing evaluation metrics with clinicians
and ethicists, this framework embeds population health outcomes such as reduced diagnostic
delays in marginalized groups as success criteria, redefining how Al systems are validated for real-

world impact.

Temporal Adaptability: Unlike static fairness toolkits, the framework introduces dynamic
monitoring mechanisms to detect bias arising from evolving scanner technologies, shifting disease
prevalence, and demographic changes. This addresses a critical gap identified by Chen et al.

(2023), who notes that 72% of imaging Al models degrade within three years of deployment.

Ethical-Technical Synthesis: The study proposes a governance model aimed at integrating
technical interventions, like data augmentation, with ethical considerations. This approach seeks
to contribute to ongoing discussions about translational fairness, which emphasizes linking

algorithmic design to broader systemic reform (Parikh et al., 2019).

By centering the needs of underserved communities in both design and evaluation, this work goes
beyond the limitations of fairness-as-afterthought approaches. It lights the way toward a future
where technology heals rather than divides, not by naively ignoring bias, but by dismantling its

roots in data, design, and deployment.
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1.7 Limitations of the Study

Several limitations defined the scope of this research. First, although the study utilized the I1SIC
dataset, only 1,459 images contained Fitzpatrick skin type annotations, with darker skin tones
underrepresented. This reflects a broader limitation in dermatological datasets. To mitigate this
constraint, the study applied data augmentation and incorporated adversarial debiasing to reduce

demographic bias during model training.

Second, the study focused exclusively on dermatological imaging. This scope allowed for a
detailed investigation of fairness issues in skin lesion classification but did not assess the
applicability of the proposed framework to other medical imaging domains such as X-rays or

MRiIs.

Additionally, the study concentrated on algorithmic fairness and model validation within an
experimental setting. Factors related to real-world deployment, including economic feasibility,
regulatory requirements, and integration into healthcare systems, were beyond the scope of this

research.
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CHAPTER TWO

LITERATURE REVIEW
2.1 Introduction
This section presents a review of scholarly work relating to the area of study. It explores the
mechanisms currently employed to address bias, examines widely used frameworks along with

their strengths and limitations, and highlights areas where further research is needed.

2.2 Artificial Intelligence in Diagnostic Skin Imaging

Within the broader landscape of Al in healthcare, diagnostic imaging represents a cornerstone of
modern medical practice. This field encompasses various modalities, including X-rays, Computed
Tomography (CT), Magnetic Resonance Imaging (MRI), and ultrasound, which enable non-
invasive visualization of internal structures and facilitate early disease detection (Litjens et al.,
2017). These technologies have significantly advanced healthcare by improving diagnostic
accuracy and guiding treatment decisions. However, diagnostic imaging is not without its

challenges.

One of the primary issues in diagnostic imaging is the variability in image quality, which can be
influenced by factors such as patient movement, equipment calibration, and operator expertise
(Marty, 2024). Additionally, the interpretation of imaging results often relies on the subjective
judgment of radiologists, which can lead to inconsistencies and diagnostic errors (Mark, 2025).
The increasing demand for imaging services, driven by an aging population and the growing
prevalence of chronic diseases, has also placed significant strain on radiology departments,
resulting in delays and potential burnout among radiologists (Marty, 2024). Furthermore, access
to advanced imaging technologies remains limited in low-resource settings, exacerbating
healthcare disparities.
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Integrating Al into diagnostic imaging has emerged as a potential solution to address some of these
challenges. Al algorithms, particularly those based on deep learning, have demonstrated
remarkable capabilities in tasks such as image classification, segmentation, and anomaly detection
(Smarter Technology, n.d.). These Al systems, for instance, have been shown to detect conditions
like breast cancer and lung nodules with accuracy comparable to or exceeding that of human
radiologists (Ardila et al., 2019; McKinney et al., 2020; Science X staff, 2025).However,
deploying Al in diagnostic imaging introduces its own set of challenges, particularly concerning

bias.

Studies have revealed that Al models trained on non-representative datasets can exhibit significant
disparities in performance across demographic groups, such as underdiagnosing diseases in
women or minority populations (Larrazabal et al., 2020; Trafton, 2024; Seyyed-Kalantari et al.,
2021). These biases often stem from imbalances in training data, differences in disease
presentation across populations, and the lack of diversity in the development and validation of Al
systems. Additionally, the "black-box" nature of many Al models raises concerns about
interpretability and accountability, making it difficult for clinicians to trust and adopt these tools
(Future of Al in Medical Imaging: Challenges and Opportunities - Quibim, n.d.; Lipton, 2018).
Addressing these issues is critical to ensuring that Al-driven diagnostic tools are equitable, reliable,

and effective for all patients.

By highlighting these challenges, this study underscored the importance of developing governance
models that align technical interventions, such as data augmentation, with ethical imperatives. This
dual focus aimed to bridge the gap between algorithmic design and systemic reform, ensuring that

Al technologies contribute to fair and inclusive healthcare outcomes.
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2.3 Theoretical Framework

This study is guided by theoretical perspectives from fairness-aware machine learning, particularly
adversarial learning approaches used to mitigate bias in predictive models. The theoretical
framework provides the foundation for understanding how machine learning models can be
designed to reduce demographic bias while maintaining predictive performance. In this study, the
concept of adversarial fairness learning informs the development of the fairness-by-design

framework used to improve equity in dermatological diagnostic imaging systems.

2.3.1 Adversarial Fairness Learning

Adversarial Fairness Learning (AFL) is a machine learning approach designed to mitigate bias
through adversarial training mechanisms. The concept originates from adversarial machine
learning principles introduced by (Goodfellow et al., 2014) through Generative Adversarial
Networks (GANS). In fairness-aware Al systems, this approach has been adapted to train predictive
models while simultaneously minimizing the ability of the model to encode sensitive demographic
attributes. As a result, AFL has emerged as an important strategy for addressing bias in automated
decision-making systems, including applications in healthcare diagnostics and fairness-aware

artificial intelligence (Liu & Wong, 2024).

The core mechanism of AFL involves introducing an adversarial component during model
training, which attempts to predict sensitive attributes, such as race, gender, or skin tone, from the
model’s outputs (Hardt et al., 2016). The primary model is then trained to minimize the adversary’s
ability to make such predictions, reducing the risk of biased learned representations (Li et al.,
2021). AFL incorporates several fundamental constructs: fairness constraints such as statistical

parity and equalized odds, a debiasing loss function that neutralizes discriminatory patterns (Liu
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& Wong, 2024), and an adversarial classifier that exposes bias tendencies. These components

collectively ensure that the model remains fairness-aware while preserving predictive accuracy.

AFL is founded on several key assumptions. First, it assumes that bias within Al models can be
mathematically quantified and corrected through adversarial optimization. Second, it recognizes
that models inherently learn false correlations between sensitive attributes and target variables,
necessitating explicit fairness constraints (Zhang et al., 2024). Furthermore, as outlined by Hardt
et al. (2016), AFL assumes that fairness-aware models can maintain high predictive accuracy if
adversarial training is properly optimized. Finally, it posits that data representation plays a crucial
role in fairness outcomes, requiring fairness considerations from dataset preprocessing to final Al

deployment.

While AFL is recognized for its effectiveness in bias mitigation, it is not without limitations. One
of its primary strengths is its ability to directly embed fairness constraints within model training,
unlike post hoc debiasing approaches that adjust predictions after inference. Additionally, AFL
draws upon adversarial machine learning principles that enhance fairness-aware optimization,
making it particularly useful in high-risk applications such as medical imaging. However, AFL
also presents challenges, including high computational demands due to the dual-model
optimization required, decreased interpretability of learned feature representations, and limited
applicability in small-scale datasets where adversarial training may over-regularize the model
(Madras et al., 2019). Researchers have suggested addressing these limitations by integrating AFL

with data augmentation techniques or ensemble fairness strategies (Zhang et al., 2024).

AFL has been successfully applied across multiple domains, particularly in healthcare Al. Zhang
et al. (2024) demonstrated AFL’s ability to improve fairness in medical imaging models, ensuring

that classification performance remained consistent across demographic subgroups. In
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dermatology applications, Liu and Wong (2024) developed GlFair, an AFL-based framework that
balances group and individual fairness in diagnostic predictions, reducing biased decision-making
in skin disease detection. Furthermore, studies presented at CVPR (2024) highlighted AFL’s
effectiveness in mitigating bias in radiology and melanoma detection models, where adversarial

debiasing techniques reduced false negative rates for darker-skinned individuals.

In the context of diagnostic skin imaging, AFL is particularly relevant due to the documented bias
in dermatological Al models. Skin disease classification systems often struggle with fairness due
to the underrepresentation of darker skin tones in medical datasets, leading to disparities in model
performance. Traditional fairness-aware approaches, such as post hoc debiasing, fail to correct
these biases at the model level, making AFL a superior alternative. By embedding fairness
constraints directly into training, AFL prevents models from learning spurious correlations
between skin tone and disease probability. Additionally, AFL ensures that classification
performance remains robust across diverse populations, reducing disparities in diagnostic

outcomes.

Unlike auditing-based fairness frameworks that evaluate biases post-deployment, AFL proactively
integrates bias mitigation into the Al lifecycle, making it particularly suitable for fairness-aware
dermatological Al development. Studies on fairness-driven adversarial training in healthcare
confirm AFL’s ability to produce clinically reliable and ethically fair models, reinforcing its role
as a foundational methodology for mitigating bias in medical Al applications. As Al-driven
healthcare continues to evolve, incorporating AFL into dermatological Al models offers a path
toward equitable, trustworthy, and clinically validated diagnostics (Zhang et al., 2024). By

leveraging AFL within this study, fairness-aware machine learning applications in skin imaging
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can advance, ensuring that bias is addressed systematically through adversarial debiasing

techniques.

In this study, AFL provides the theoretical foundation for the fairness-aware diagnostic framework
proposed for dermatological Al. By integrating an adversarial debiasing component into the model
architecture, the study operationalizes AFL to minimize the influence of sensitive attributes,
particularly skin tone and gender, on predictive outcomes. This approach directly addresses the
disparities commonly observed in dermatological classifiers and aligns with the broader goal of
ensuring equitable diagnostic performance across demographic groups. AFL’s ability to embed
fairness constraints during training makes it particularly suited for this context, offering both

conceptual rigor and practical efficacy in mitigating algorithmic bias in skin disease detection.

2.4 Adversarial Debiasing

In healthcare applications, biased artificial intelligence (Al) systems can lead to serious
consequences, including misdiagnosis, unequal allocation of medical resources, and the
reinforcement of existing disparities among marginalized populations. Machine learning models
trained on imbalanced datasets often learn patterns that are correlated with demographic attributes
such as race, gender, or socioeconomic status. As a result, these models may perform unevenly

across different patient groups, leading to unequal healthcare outcomes.

One approach that has been proposed to address this challenge is adversarial debiasing, a machine
learning technique designed to reduce the influence of sensitive attributes during model training.
Adversarial debiasing typically involves two interacting components: a predictor and an adversary.
The predictor performs the main task, such as identifying or classifying medical conditions from

images. The adversary attempts to infer sensitive attributes from the predictor’s outputs or internal
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representations. During training, the predictor learns to perform the diagnostic task effectively
while minimizing the information available to the adversary about sensitive attributes. This process
encourages the model to focus on medically relevant features rather than demographic correlations

that may introduce bias.

Previous studies have demonstrated the usefulness of adversarial debiasing in several domains.
For example, the technique has been applied in facial recognition systems to reduce racial and
gender bias (Buolamwini & Gebru, 2018), in credit scoring systems to prevent discrimination in
financial decisions (Aggarwal, 2021), and in healthcare diagnostics to improve fairness in disease
detection (Chen et al., 2019; Groh et al., 2021). Similarly, research in natural language processing
has used adversarial learning to reduce gender bias in clinical text analysis (De-Arteaga et al.,

2019).

Despite these advances, several challenges remain. Many existing approaches focus on single-
attribute bias, such as race or gender, while real-world disparities often arise from intersectional
factors involving multiple demographic attributes (Crenshaw, 2021). In addition, adversarial
debiasing often requires access to sensitive attribute labels, which are frequently incomplete or
unavailable in medical datasets due to privacy regulations or inconsistent data collection (Holstein
et al., 2019). Attempts to suppress bias-related features may also affect model accuracy, creating
a trade-off between fairness and predictive performance (Madras et al., 2018). Furthermore, many
debiased models provide limited interpretability, which can reduce clinicians’ confidence in
automated diagnostic systems (Amann et al., 2020). Another challenge is that many studies rely
on curated datasets that do not adequately represent the diversity of real-world patient populations

(Gichoya et al., 2022).
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These limitations highlight an important gap in the application of adversarial debiasing to
dermatological diagnostic imaging, particularly in addressing disparities related to skin tone
representation. Existing diagnostic models have often shown reduced accuracy for darker skin

tones due to dataset imbalance and limited demographic diversity.

To address this gap, this study incorporated adversarial debiasing within a fairness-by-design
framework for dermatological diagnosis. A Convolutional Neural Network (CNN) was trained on
the ISIC dataset to perform skin lesion classification, while an adversarial component was
introduced to identify and suppress correlations associated with sensitive attributes such as

Fitzpatrick skin types.

A custom loss function was developed to balance diagnostic accuracy with fairness objectives by
minimizing the predictability of sensitive attributes while preserving clinically relevant image
features. Additional steps included preprocessing dermatological images, applying feature
disentanglement techniques to separate clinical indicators from demographic characteristics, and
using balanced mini-batch sampling to improve subgroup representation during training. These
methodological choices were intended to address disparities observed in previous dermatological

diagnostic models, particularly the reduced performance for darker skin tones.

Through this approach, adversarial debiasing was integrated as a core component of a fairness-
aware Al framework aimed at improving equity in dermatological diagnostic systems. By
embedding bias mitigation directly within the training process, the framework sought to support

the development of more reliable and equitable Al-assisted diagnostic tools.
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2.5 Frameworks for Mitigating Bias in Al Systems

The review of existing fairness frameworks shows that most tools were designed primarily for
structured datasets and general machine learning tasks. Although these frameworks provide
valuable bias detection and mitigation techniques, they often lack mechanisms tailored to the
complexities of medical image datasets. In dermatological imaging, fairness challenges arise from
factors such as skin tone variation, lesion appearance differences, and dataset imbalance across
demographic groups. These limitations highlight the need for fairness-aware frameworks
specifically designed for medical imaging contexts. Addressing this gap formed the basis for the
second objective of this study, which examined existing fairness frameworks to identify limitations

that informed the design of a fairness-aware framework for diagnostic skin imaging.

2.5.1 IBM Al Fairness 360 (AIF360) Framework

IBM’s Al Fairness 360 (AIF360) framework, introduced by Bellamy et al. (2019), has been widely
used as an open-source toolkit for detecting and mitigating bias in machine learning models. The
framework provides more than 70 fairness metrics together with several bias mitigation
algorithms, making it a valuable tool for evaluating fairness in algorithmic decision-making
systems. AIF360 addresses bias across three stages of the machine learning pipeline: pre-
processing, where datasets are adjusted to reduce bias before training; in-processing, where
learning algorithms incorporate fairness constraints during model training; and post-processing,
where model predictions are modified to reduce discriminatory outcomes. This modular
architecture allows the framework to be applied across a wide range of machine learning

applications.

Despite its usefulness, the applicability of AIF360 to medical imaging tasks such as dermatological

diagnosis remains limited. Most of the framework’s tools were originally designed for structured
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tabular datasets rather than image-based deep learning models (Mehrabi et al., 2022). Diagnostic
skin imaging involves complex visual patterns, including variations in pigmentation, lesion
morphology, and disease presentation. These characteristics require fairness evaluations at the
image and lesion level, which are not directly supported by AIF360’s default fairness metrics.
Furthermore, medical imaging datasets introduce additional challenges such as scanner variability,
annotation inconsistencies, and variations in disease prevalence across populations (Ghassemi et
al., 2021). Such factors can significantly influence model performance across demographic groups,
as demonstrated by studies reporting disparities in dermatological diagnostic accuracy across

different skin tones (Larrazabal et al., 2020).

Another limitation of AIF360 lies in its emphasis on post hoc fairness evaluation. The framework
primarily identifies and corrects bias after models have already been developed. However, recent
research suggests that fairness considerations should be integrated throughout the entire Al
development lifecycle rather than applied as a corrective step after training (Willemink et al.,
2020). In medical imaging applications, biases introduced during dataset collection or annotation
may persist throughout model training and deployment if fairness is not addressed during the

learning process (Gaube et al., 2021).

In addition, AIF360 does not incorporate mechanisms for clinical validation or stakeholder
involvement, which are important considerations in healthcare Al systems. Dermatological
diagnostic models must perform reliably across diverse patient populations characterized by
differences in skin tone, age, and medical history. Studies have shown that Al frameworks that
lack clinical feedback and intersectional fairness analysis may produce models with uneven

diagnostic accuracy across demographic groups (Obermeyer et al., 2019; Parikh et al., 2019). This

21



limitation highlights the importance of fairness frameworks that combine technical bias mitigation

techniques with domain-specific medical knowledge.

Although AIF360 provides valuable tools for fairness assessment, its focus on structured datasets
and post-training bias correction limits its effectiveness for dermatological diagnostic imaging.
These limitations highlight the need for fairness approaches that can operate directly within deep
learning pipelines and account for the unique characteristics of medical image datasets. Identifying
these gaps formed an important step toward achieving the second objective of this study, which
sought to analyze existing fairness frameworks in order to determine their limitations in medical

image applications.

2.5.2 Fairlearn Framework

Fairlearn, introduced by Bird et al. (2020), is an open-source toolkit developed to assess and
mitigate bias in machine learning models. The framework was designed to integrate fairness
evaluation directly into existing machine learning workflows, allowing researchers and
practitioners to measure disparities in model performance across different demographic groups.
Fairlearn uses a modular architecture that enables users to apply fairness metrics, visualize

disparities, and implement mitigation strategies within standard machine learning pipelines.

A key feature of Fairlearn is its reduction-based approach to bias mitigation, which treats fairness
as an optimization problem. In this approach, predictive accuracy is balanced against fairness
constraints across demographic groups. Algorithms such as grid search and exponentiated gradient
reduction allow users to explore trade-offs between model performance and fairness. This enables
developers to adjust models so that predictive outcomes remain accurate while reducing disparities

between population subgroups. Previous studies have highlighted the usefulness of Fairlearn in
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auditing algorithmic decision-making systems and improving transparency in machine learning

models (Mehrabi et al., 2022; Microsoft Research, 2019).

Despite its adaptability, the framework presents several limitations when applied to diagnostic skin
imaging. Similar to Al Fairness 360, many of Fairlearn’s fairness metrics were originally designed
for structured tabular data, making them less suitable for evaluating bias in image-based deep
learning models (Mehrabi et al., 2022). Dermatological imaging models must account for complex
visual characteristics such as variations in skin pigmentation, lesion texture, and disease
manifestation. These factors require fairness assessments at the image and lesion level, yet
Fairlearn does not provide built-in metrics specifically designed to evaluate such image-based

disparities (Fairlearn Documentation, 2024).

In addition, the framework does not explicitly address challenges commonly encountered in
medical imaging datasets, including scanner variability, annotation inconsistencies, and variations
in disease prevalence across different populations (Liu et al., 2025). These factors can influence
how machine learning models interpret dermatological images and may contribute to unequal
diagnostic performance across demographic groups. As a result, general-purpose fairness auditing
tools such as Fairlearn may identify disparities but lack the domain-specific mechanisms needed

to address them effectively.

Another challenge concerns the framework’s post hoc bias mitigation approach. Fairlearn
primarily evaluates and adjusts models after they have already been developed rather than
embedding fairness considerations directly within the model training process (Bird et al., 2020).
Research has shown that biases introduced during dataset collection and model development often
persist throughout deployment if fairness mechanisms are not incorporated during training.

Furthermore, Fairlearn does not integrate clinician-driven validation processes, which are essential

23



for ensuring that fairness evaluations reflect real-world dermatological practice and patient

diversity (Jaiyeoba et al., 2025).

Although Fairlearn provides valuable transparency tools such as fairness dashboards and
visualization features, its structured-data orientation limits its effectiveness in medical image
analysis. Applying the framework to dermatological imaging would require substantial
customization, including the development of lesion-specific fairness metrics, integration of
fairness monitoring during model training, and incorporation of clinical expertise during
evaluation. These limitations highlight the need for fairness approaches specifically designed for
medical imaging systems. Identifying these gaps contributed to the second objective of this study,
which sought to analyze existing fairness frameworks to determine their limitations when applied

to medical image datasets.

2.5.3 TensorFlow Fairness Indicators

TensorFlow Fairness Indicators, developed by Google, is a framework designed to evaluate and
monitor fairness in machine learning models, particularly those built using the TensorFlow
ecosystem. The framework provides scalable fairness metrics that examine model performance
across different subpopulations defined by sensitive attributes such as race, gender, or age
(TensorFlow, 2025). It integrates with TensorFlow tools such as TensorBoard, enabling
practitioners to visualize fairness metrics and identify potential disparities in model predictions

across demographic groups.

Methodologically, TensorFlow Fairness Indicators compute key performance metrics including
accuracy, false positive rates, and false negative rates across user-defined data slices. This slice-
based evaluation approach allows developers to examine how machine learning models perform

across specific subgroups, helping to uncover disparities that may not be visible in aggregated
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performance metrics. By embedding fairness evaluation into the model development workflow,

the framework enables ongoing fairness monitoring during model training and validation.

One of the key strengths of TensorFlow Fairness Indicators lies in its integration with deep learning
pipelines. The framework provides interactive dashboards that allow practitioners to visualize
model performance across multiple demographic slices, facilitating the early detection of bias
during model development. In addition, its compatibility with tools such as TensorFlow Model
Analysis (TFMA) and TensorFlow Data Validation (TFDV) enables large-scale fairness
evaluation across complex datasets. These capabilities make the framework useful for monitoring
fairness in machine learning systems that rely heavily on TensorFlow-based development

environments.

Despite these strengths, several limitations arise when applying TensorFlow Fairness Indicators to
diagnostic skin imaging. The framework was originally designed to evaluate fairness in structured
datasets and classification models rather than in high-dimensional medical imaging tasks.
Dermatological diagnostic systems require fairness assessments that consider complex visual
patterns, including variations in skin pigmentation, lesion morphology, and disease presentation.
These characteristics require fairness metrics capable of capturing disparities at the image and
lesion levels, yet TensorFlow Fairness Indicators does not provide built-in metrics specifically

tailored to these imaging characteristics.

Furthermore, the framework does not directly address challenges commonly encountered in
medical imaging datasets, such as scanner variability, annotation inconsistencies, and variations
in disease prevalence across patient populations. These factors can influence how machine learning
models interpret dermatological images and may contribute to unequal diagnostic performance

across demographic groups. As a result, while TensorFlow Fairness Indicators can help identify
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disparities in model outcomes, it does not inherently provide mechanisms for addressing domain-

specific biases within dermatological diagnostic pipelines.

Adapting TensorFlow Fairness Indicators for dermatological imaging would therefore require
significant customization, including the development of domain-specific fairness metrics capable
of capturing pixel-level and lesion-level disparities. Additional enhancements could include
improved visualization tools for interpreting fairness outcomes in medical images and the
integration of fairness constraints directly into model training processes. These limitations
highlight the need for fairness frameworks specifically designed for medical imaging
environments. ldentifying such gaps contributed to the second objective of this study, which
involved analyzing existing fairness frameworks to determine their limitations when applied to

medical image datasets.

2.5.4 The MONAI Framework

Medical Open Network for Al (MONALI) is an open-source framework specifically developed for
deep learning applications in healthcare, with a strong focus on medical imaging (MONAI
Consortium, 2020). Built on the PyTorch platform, MONAI provides domain-optimized tools,
libraries, and workflows tailored to the unique characteristics of medical data. The framework
supports a range of tasks, including medical image segmentation, classification, and registration,
enabling researchers to build and evaluate deep learning models for clinical applications (Jorge
Cardoso et al., 2022). Its design aims to bridge the gap between Al research and clinical practice
by promoting reproducibility, reliability, and safe deployment of Al models in healthcare

environments.

One of MONAT’s key strengths is its specialized support for medical imaging. The framework

offers advanced image processing capabilities and optimized deep learning architectures, such as
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UNETR, for three-dimensional segmentation tasks (Pinaya et al., 2023). In addition, MONAI
benefits from contributions by leading research institutions, including Stanford University and the
National Institutes of Health (NIH), which have strengthened its credibility and adoption within
the medical Al research community. MONAI also emphasizes reproducibility through
standardized workflows and benchmarking tools that allow researchers to compare model

performance against state-of-the-art implementations.

Despite these strengths, several limitations arise when applying MONAI to diagnostic skin
imaging. The framework was primarily designed to operate with structured medical imaging
formats such as DICOM and NIfTI, which are commonly used in radiology. Dermatological
imaging datasets, however, often consist of unstructured clinical photographs captured under
varying lighting conditions and imaging devices. As a result, adapting dermatological datasets to
MONATI’s workflow may require extensive preprocessing, which introduces additional complexity

to the model development process.

Another limitation is that MONAI focuses primarily on improving model performance and
reproducibility rather than explicitly addressing algorithmic fairness. While the framework
provides powerful tools for medical image analysis, it does not incorporate built-in fairness metrics
or bias mitigation techniques designed to evaluate disparities across demographic groups. In
dermatological diagnostic systems, fairness considerations are particularly important due to
variations in skin tone representation and disease presentation across populations. Without
dedicated mechanisms for detecting and mitigating demographic bias, models developed within

MONAI may still produce unequal diagnostic outcomes.

Additionally, MONAI requires familiarity with deep learning frameworks such as PyTorch, which

may present a steep learning curve for researchers who are new to deep learning environments. Its
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advanced architectures and computational requirements can also limit accessibility for researchers
operating in resource-constrained settings where high-performance computing infrastructure is

unavailable (Hatamizadeh et al., 2021).

Although MONAI provides a strong foundation for developing medical imaging models, its
limited focus on fairness-aware model design highlights an important gap in existing frameworks.
Addressing this gap requires the integration of fairness-aware mechanisms capable of detecting
and mitigating demographic bias within dermatological diagnostic systems. Identifying these
limitations supported the second objective of this study, which sought to analyze existing

frameworks to determine their limitations when applied to medical image datasets.

2.5.5 Summary of Existing Fairness Frameworks

Table 2.1

Comparison of Existing Fairness Frameworks and Their Limitations

Relevance to
Framework Key Strengths Limitations
Dermatological Imaging

Primarily designed for Limited applicability to
Provides over 70 fairness
structured datasets, it dermatological imaging
Al Fairness metrics and multiple bias
lacks support for image- due to a lack of lesion-
360 mitigation techniques across
level fairness analysis level fairness metrics and
(AIF360)  pre-processing, in-processing,
and real-time fairness medical imaging
and post-processing stages.
monitoring. considerations.
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Relevance to

Framework Key Strengths Limitations
Dermatological Imaging
Flexible toolkit for fairness Fairness metrics are
auditing and  mitigation; mainly designed for Requires significant
integrates fairness evaluation structured data; does not customization to evaluate
Fairlearn
within ~ machine  learning account for pixel-level fairness in dermatological
pipelines using reduction- disparities or medical image datasets.
based optimization methods.  imaging complexities.
Focuses mainly on
Provides scalable slice-based Useful for  fairness
performance  auditing
TensorFlow fairness evaluation and monitoring  but  lacks
rather than bias
Fairness interactive  dashboards  for mechanisms for
mitigation; limited
Indicators  monitoring model performance addressing dermatology-
support  for  image-
across demographic groups. specific biases.
specific fairness metrics.
Suitable  for  medical
Specialized framework for Focuses on  model
imaging pipelines  but
medical imaging with strong performance rather than
requires additional
MONAI support for deep learning fairness; lacks built-in

fairness-aware
workflows,  reproducibility, bias  detection  and

components for equitable
and clinical Al development. mitigation mechanisms.

dermatological diagnosis.

As recorded in Table 2.1, the comparison of existing fairness frameworks highlights important

progress in the development of tools for detecting and mitigating bias in machine learning systems.
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Frameworks such as Al Fairness 360, Fairlearn, and TensorFlow Fairness Indicators provide
valuable mechanisms for evaluating fairness across demographic groups, while MONAI offers
specialized support for medical imaging workflows. However, the analysis also reveals several

limitations when these frameworks are applied to dermatological diagnostic systems.

Most existing frameworks were originally developed for structured datasets and general machine
learning applications. Consequently, their fairness metrics and mitigation strategies are not fully
suited for evaluating bias in high-dimensional medical image datasets where model decisions
depend on complex visual features such as skin pigmentation, lesion morphology, and disease
presentation. In addition, several frameworks emphasize post hoc fairness auditing rather than

embedding bias mitigation mechanisms directly within model training pipelines.

Furthermore, many frameworks lack domain-specific considerations required for healthcare
applications, including the integration of clinical expertise and fairness metrics capable of
addressing variations in skin tone and disease manifestation across diverse patient populations.
These limitations highlight the need for fairness-aware frameworks specifically designed to

address the unique challenges of dermatological diagnostic imaging.

Identifying these gaps informed the second objective of this study, which sought to analyze
existing fairness frameworks and determine their limitations in medical image datasets. The
insights obtained from this analysis subsequently guided the development of a fairness-aware

framework for diagnostic skin imaging, as presented in the following sections.

2.6 Case Studies on Successes and Failures in Diagnostic Imaging
To further illustrate the practical implications of bias in medical artificial intelligence systems,

several studies have examined the effectiveness of different approaches to reducing bias in
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diagnostic imaging. These case studies provide valuable insights into both the successes and
limitations of fairness-aware Al techniques in real-world medical contexts. Examining such
examples helps demonstrate how bias mitigation strategies perform in practice and highlights the
challenges that remain in achieving equitable diagnostic outcomes across diverse patient

populations.

2.6.1 Successful Bias Mitigation Approaches

Several studies have demonstrated that bias mitigation techniques can improve equity in diagnostic
imaging systems when properly implemented. For example, Weng et al. (2023) investigated the
impact of gender imbalance in diagnostic imaging datasets and showed that combining gender-
balanced training data with adversarial debiasing significantly improved model performance
across gender groups. By augmenting a male-dominated dataset with synthetic female X-ray
images, the researchers achieved approximately a 15% improvement in diagnostic accuracy for
female patients. Their findings highlight the importance of dataset diversity and fairness-aware

training techniques in reducing gender bias within medical Al systems.

Similarly, Melisande (2020) addressed racial disparities in mammography by applying transfer
learning and domain adaptation techniques. The study revealed that models trained primarily on
images from Caucasian patients performed poorly when tested on images from African-American
patients. By incorporating domain adaptation methods and introducing more diverse training data,
the researchers achieved a 12% improvement in diagnostic accuracy for minority groups. This case
demonstrates how domain adaptation techniques can help reduce racial disparities in diagnostic

imaging models.

In the context of dermatological imaging, Ansari et al. (2024) explored skin lesion classification

using datasets balanced across Fitzpatrick skin types. Their study applied adversarial debiasing
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techniques within convolutional neural networks and achieved a 10% reduction in diagnostic
disparities between lighter and darker skin tones. The results emphasize the importance of fairness-

aware learning strategies when developing Al models for dermatological diagnosis.

Other studies have also addressed bias in different diagnostic imaging contexts. For instance, Guan
et al. (2023) examined age-related bias in brain MRI analysis using multimodal learning
approaches. By incorporating both diagnostic and age-related features into the model, they reduced
the influence of age-related bias and achieved an 8% improvement in fairness across age groups.
Similarly, Gencer & Gencer (2025) demonstrated improvements in fairness within retinal disease
detection models by using diverse retinal imaging datasets and hybrid learning approaches. Their
model reduced diagnostic disparities across ethnic groups by approximately 14%, highlighting the

role of dataset diversity in promoting equitable diagnostic outcomes.

2.6.2 Persistent Failures and Challenges

Despite these successes, several studies have demonstrated that bias in diagnostic imaging systems
remains a significant challenge. For example, Groh et al. (2022) evaluated commercial Al
dermatology tools and found substantial racial disparities in their diagnostic performance. The
study reported that these tools misdiagnosed melanoma 34% more frequently in darker-skinned
patients compared to lighter-skinned patients. This disparity was largely attributed to the lack of
diversity in the training datasets, where less than 5% of images represented darker skin tones.
Attempts to apply post hoc debiasing techniques were insufficient to fully correct these disparities,

illustrating the limitations of fairness interventions that are applied after model development.

Similarly, research conducted by the University of Cambridge and Simon Fraser University
(University of Cambridge, 2020) revealed that certain Al techniques used in medical image

reconstruction can produce false positives and false negatives due to algorithmic instability. In
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these cases, small variations in input data were found to produce significant differences in model
outputs. Such instability raises concerns about the reliability and robustness of Al-based diagnostic
systems, particularly when deployed in clinical environments where consistent performance is

critical.

These cases highlight that while bias mitigation strategies have shown promise in improving
fairness in diagnostic imaging, significant challenges remain. Many current approaches rely
heavily on dataset balancing or post hoc bias correction, which may not adequately address deeper
structural biases within medical datasets and model training processes. These limitations reinforce
the need for fairness-aware frameworks that integrate bias mitigation mechanisms directly into the
Al development lifecycle. Addressing these challenges forms an important motivation for the

fairness-aware framework proposed in this study for diagnostic skin imaging.

2.7 Addressing Intersectional and Systemic Biases

A significant challenge in achieving fairness in healthcare artificial intelligence systems is the
presence of intersectional bias, where individuals belonging to multiple marginalized groups
experience compounded disparities. Intersectionality theory, originally introduced by Crenshaw
(2013), explains how overlapping social identities such as race, gender, and socioeconomic status
can interact to produce unique forms of discrimination. In medical Al systems, these intersecting
factors can influence how diagnostic models perform across different patient populations, often
leading to unequal outcomes for individuals who fall within multiple vulnerable groups (Petsko et

al., 2022; Williams, 2014).

Traditional fairness metrics often evaluate bias along a single demographic dimension, such as
race or gender. However, this approach may fail to capture more complex patterns of

discrimination that emerge when multiple attributes interact. Kearns et al. (2019) addressed this
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limitation by proposing methods for rich subgroup fairness, which aim to ensure equitable
treatment across a large number of demographic subgroups defined by combinations of sensitive
attributes. These approaches recognize that fairness cannot always be achieved through simple

demographic comparisons and require more advanced analytical techniques.

In addition to intersectional bias, systemic biases rooted in historical and structural inequalities
can also influence the performance of Al systems in healthcare. Medical datasets, including
electronic health records, clinical trial data, and medical imaging repositories, often reflect
disparities in healthcare access, treatment availability, and disease reporting across different
populations (Obermeyer et al., 2019). When machine learning models are trained on such data,

they may inadvertently learn and reinforce these underlying inequalities.

Addressing systemic bias requires both technical and institutional interventions. From a technical
perspective, strategies such as dataset diversification, adversarial debiasing, and fairness-aware
model training can help reduce the influence of demographic bias during model development.
From a broader perspective, improvements in data collection practices, transparency in dataset
documentation, and increased representation of underserved populations in medical datasets are
essential for promoting equitable Al systems. These considerations highlight the importance of
developing fairness-aware approaches that can mitigate demographic disparities in medical
imaging datasets. Such insights informed the design of the fairness-aware framework proposed in

this study for dermatological diagnostic imaging.

2.8 Emerging Approaches for Fairness in Al Systems
In addition to established fairness frameworks, several emerging approaches have been explored

to improve equity in artificial intelligence systems. These approaches seek to address bias at
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different stages of the Al development lifecycle, including data collection, model training, and

system deployment.

One promising approach is federated learning, which enables machine learning models to be
trained across multiple decentralized datasets without requiring the sharing of raw data (Li et al.,
2020). In healthcare settings, federated learning allows hospitals and medical institutions to
collaboratively train models while preserving patient privacy. This approach can increase dataset
diversity by incorporating data from multiple sources, thereby reducing biases associated with
limited or homogeneous datasets (Sheller et al., 2020). In medical imaging applications, federated
learning has shown potential for improving model generalizability across different clinical

environments.

Another emerging technique involves the integration of causal inference methods into machine
learning systems. Traditional machine learning models often rely on correlations within data,
which can inadvertently reinforce biased associations. Causal inference approaches attempt to
distinguish correlation from causation, enabling researchers to identify and control for
confounding factors that contribute to biased predictions (Pearl, 2019). By modeling causal
relationships within datasets, Al systems can be designed to reduce reliance on spurious

correlations that may lead to unfair outcomes.

Active learning has also been explored as a strategy for improving dataset quality and reducing
bias. In this approach, models iteratively select the most informative data samples for annotation,
allowing training datasets to be expanded in a targeted manner (Settles, 2012). Although active
learning can improve model performance by focusing on uncertain predictions, it does not

necessarily guarantee diversity within the training dataset. As a result, additional strategies may

35



be required to ensure that underrepresented demographic groups are adequately included during

data collection.

Finally, participatory design and community engagement have been proposed as complementary
strategies for improving fairness in Al systems. These approaches emphasize the involvement of
diverse stakeholders, including clinicians, patients, and representatives from marginalized
communities, in the development and evaluation of Al technologies (Holstein et al., 2019).
Incorporating multiple perspectives into the design process can help ensure that Al systems reflect

the needs and values of diverse patient populations.

While these emerging approaches offer promising directions for improving fairness in Al systems,
many of them function as complementary strategies rather than direct solutions for bias in
diagnostic imaging models. Consequently, integrating fairness-aware mechanisms within model
training remains essential for addressing demographic disparities in medical imaging applications.
This study, therefore, focuses on adversarial debiasing as a practical approach for mitigating bias

in dermatological diagnostic systems.

2.9 Research Gap

Despite the significant progress made in applying artificial intelligence to diagnostic imaging,
several challenges remain in ensuring that these systems operate fairly across diverse patient
populations. Existing studies have demonstrated that machine learning models trained on medical
imaging datasets often inherit biases present in the data, leading to unequal diagnostic performance
across demographic groups. In dermatological imaging, this issue is particularly evident due to the
underrepresentation of darker skin tones in widely used datasets, which can result in reduced

diagnostic accuracy for certain populations.
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Several fairness frameworks, including Al Fairness 360, Fairlearn, TensorFlow Fairness
Indicators, and MONALI, have been developed to detect and mitigate bias in machine learning
systems. While these frameworks provide useful tools for fairness evaluation and model auditing,
most were originally designed for structured datasets and general machine learning tasks. As a
result, their fairness metrics and bias mitigation strategies are not fully suited to address the
complexities of high-dimensional medical image datasets, where diagnostic decisions rely on

subtle visual features such as pigmentation patterns, lesion morphology, and disease presentation.

Furthermore, many existing approaches treat fairness as a post hoc evaluation problem rather than
integrating bias mitigation directly within the model training process. Although techniques such
as dataset balancing and fairness auditing can reveal disparities in model performance, they may
not sufficiently address deeper structural biases embedded in training data and model architectures.
This limitation is particularly critical in dermatological imaging, where variations in skin tone and
disease manifestation require fairness-aware learning strategies capable of reducing demographic

bias during model development.

In addition, current research has not sufficiently explored the integration of adversarial debiasing
techniques within fairness-aware frameworks specifically tailored to dermatological diagnostic
systems. While adversarial learning has been successfully applied in other domains to mitigate
demographic bias, its potential for improving fairness in dermatological image classification

remains underexplored.

Therefore, there is a need for a fairness-aware framework that integrates bias mitigation
mechanisms directly into the model training pipeline while accounting for the unique

characteristics of dermatological imaging datasets. Addressing this gap formed the foundation of
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the study, which developed and validated a fairness-aware framework for diagnostic skin imaging

using adversarial debiasing techniques.
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CHAPTER THREE

RESEARCH METHODOLOGY
3.1 Introduction
This chapter presents the research methodology adopted in this study. It describes the research
design, study area, datasets, model development procedures, and analytical techniques used to
achieve the research objectives. In addition, the chapter outlines the tools and technologies used
for developing and evaluating the fairness-aware framework for bias mitigation in dermatological

diagnostic imaging.

3.2 Research Design

This study employed an experimental research design to systematically assess the impact of
fairness-aware interventions in mitigating bias within Al-driven diagnostic imaging models. The
experimental approach was chosen due to its strength in establishing causal relationships by
directly manipulating model architecture through fairness-enhancing techniques, specifically,
adversarial debiasing via gradient reversal layers. The primary objective was to determine whether
fairness constraints could effectively reduce biases associated with skin tone, gender, or other
demographic attributes in dermatological diagnostics while maintaining clinical reliability. To
achieve this, two distinct model architectures were developed and evaluated using the International
Skin Imaging Collaboration (ISIC 2020) dataset: a baseline Convolutional Neural Network (CNN)
trained with conventional optimization strategies, and an experimental CNN integrating
adversarial debiasing and data augmentation to actively suppress demographic biases during model

training.
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3.2.1 Selection of CNNs as the Core Model Architecture

The choice of Convolutional Neural Networks (CNNs) as the primary model for Al-driven
dermatological diagnostics followed a systematic evaluation of various machine learning
approaches. Initially, traditional models such as Support Vector Machines (SVMs) and Random
Forest classifiers were considered due to their well-established performance in tabular
classification tasks. These models excelled at learning structured data representations, making
them valuable for predictive modeling in many fields. However, their inability to capture spatial
dependencies within medical images made them unsuitable for dermatological applications,
leading to their exclusion from consideration. Spatial dependencies are crucial in dermatological
imaging because skin lesions often exhibit subtle variations in texture, shape, and color that are
distributed across neighboring pixels. Capturing these relationships allows a model to understand
the structural patterns and contextual cues necessary for distinguishing between conditions, such
as the irregular borders or asymmetry of melanoma versus benign lesions. Without accounting for
spatial dependencies, models may miss clinically relevant features embedded in the image’s

layout, leading to inaccurate or unreliable diagnoses.

After SVMs, Fully Connected Neural Networks (Multi-Layer Perceptron, or MLPs) were explored
as potential alternatives, given their strong feature representation capabilities. Unlike SVMs and
Random Forest models, MLPs could process high-dimensional image inputs and extract complex
patterns. Despite this advantage, MLPs failed to preserve spatial hierarchies, flattening the image
structure and making it difficult to retain localized medical features. This limitation significantly
impacted their ability to distinguish intricate dermatological characteristics, rendering them

ineffective for bias-sensitive skin lesion classification.
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CNNs emerged as the most suitable model architecture due to their ability to retain spatial
dependencies within dermatological images, ensuring that critical medical features were
effectively captured and leveraged for diagnostic accuracy. Their inherent ability to process
localized patterns, textures, and structures made them superior in detecting bias trends in lesion
classification, while also supporting fairness-aware optimization strategies. As a result, CNNs
were selected as the optimal approach, providing the necessary balance between predictive
reliability and fairness constraints in the development of Al-driven dermatological diagnostics.
Figure 3.1 illustrates the decision-making process for selecting machine learning models based on

whether image datasets are being processed and whether spatial data needs to be preserved.

Figure 3.1

Model Selection Flowchart for Medical Imaging Bias Mitigation (Researcher, 2025)
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In Figure 3.1, Convolutional Neural Networks (CNNs) are chosen when spatial hierarchies are to

be preserved.
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The experimental setup was designed to measure the impact of debiasing interventions on both
diagnostic accuracy and fairness across demographic subgroups. To ensure a controlled evaluation,
both models underwent identical preprocessing procedures and training strategies, preventing
external dataset variations from influencing fairness assessments. This approach allowed biases to

be directly attributed to architectural modifications rather than dataset composition alone.

Fairness evaluations were conducted using multiple subgroup analyses, assessing model
performance across Fitzpatrick skin types, gender subgroups, and lesion categories. Bias
mitigation was quantified using fairness metrics such as statistical parity, equalized odds, and
disparate impact ratio, which served as benchmarks to evaluate the effectiveness of adversarial

debiasing.

By employing a controlled experimental design, this study supported causal inference, ensuring
high internal validity in fairness evaluations. The integration of adversarial debiasing within the
model development pipeline contributed to the advancement of fairness-aware Al methodologies,
offering practical solutions for equitable dermatological diagnostics and reducing disparities in

medical imaging applications.

3.3 Data Extraction and Selection

This study utilized the ISIC 2020 dataset, a widely recognized repository of dermatological
images. The dataset was acquired directly from the ISIC archive (https://www.isic-archive.com/),
ensuring access to high-resolution skin lesion images annotated with histopathological diagnoses.
The validation, Fitzpatrick 17k dataset, was downloaded from (GitHub — mattgroh/fitzpatrick17k),
where it is publicly available under a Creative Commons license. This dataset comprises 16,577

clinical images sourced from two dermatology atlases, DermaAmin and Atlas Dermatologico, and

42


https://github.com/mattgroh/fitzpatrick17k

annotated with Fitzpatrick skin type labels by expert and crowd annotators. It was chosen for
validation due to its rich demographic diversity and explicit skin tone annotations, which are
critical for assessing fairness in dermatological Al. Unlike many other datasets, Fitzpatrick 17k
enables subgroup analysis across skin types 1-V1, making it ideal for evaluating bias mitigation

strategies and ensuring equitable diagnostic performance.

The selection process of the primary dataset, ISIC 2020, was guided by strict inclusion criteria to
ensure demographic diversity and clinical relevance in fairness assessments. The ISIC 2020 dataset
contained 33,126 images labeled with skin disease categories such as melanoma, benign nevi, and
actinic keratosis. Each image was accompanied by metadata, including details on patient
demographics (age, gender), lesion characteristics (diameter, asymmetry), and diagnostic labels
validated through histopathology reports. Given the dataset's original skew toward lighter skin
tones (Fitzpatrick I-111), efforts were made to enhance the representation of Fitzpatrick I'V—V1 skin
types through synthetic augmentation. Figure 3.2 presents a decision-making flowchart for
selecting dermatological datasets based on demographic diversity and coverage of skin conditions.
The diagram visually outlines the inclusion criteria applied to four datasets, HAM10000, PermNet,
PAD-UFES-20, and ISIC 2020, highlighting the selection process for models requiring population
diversity, for example, gender, skin type, and comprehensive disease representation. This
structured approach ensures that dataset choices align with fairness-aware Al methodologies,

optimizing model performance for equitable dermatological diagnostics.
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Figure 3.2

Dataset Selection Flow for Dermatological Image Analysis (Researcher, 2025)
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Figure 3.2 above illustrates the systematic evaluation and selection of dermatology image datasets
based on demographic diversity and lesion coverage. ISIC 2020 is selected as the final dataset due

to its global representation and broad diagnostic categories.

A key assumption was that histopathologically confirmed diagnoses served as reliable ground truth
labels. Additionally, it was assumed that imaging conditions across different clinical settings
introduced minor variations in lighting and resolution, which could be mitigated through
preprocessing. The dataset was stratified to ensure balanced representation across demographic

groups, preventing biased model training.

To develop and evaluate the Al models, the dataset was divided into training, validation, and test
sets using an 80-10-10 split. This ensured that the model was trained on a sufficiently large portion,

validated for hyperparameter tuning, and tested on unseen data for performance assessment. The
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stratified split preserved demographic proportions to maintain fairness in evaluating skin type and

gender-based disparities.

3.4 Data Preprocessing
Data preprocessing played a crucial role in ensuring model accuracy and fairness. A multi-step

pipeline was implemented to standardize, clean, and optimize data for Al model training.

3.4.1 Data Cleaning and Purification

To ensure image consistency, all images were resized to 224x224 pixels, aligning with standard
deep learning architectures for medical imaging. The resizing process applied an affine
transformation, mathematically represented as: [ I' = T(I) ] where (1) represents the original image,
( T) denotes the transformation matrix, and ( I') is the resized output. This transformation ensured
uniform scaling across the dataset, preventing discrepancies due to varying resolutions. The

transformation matrix used for resizing was:
x| _[a byrx e )
=1 albl+[7]

Where, [;] are the original coordinates, [;,]are the transformed (resized) coordinates, [CCL Z] is

. . . . : . el . .
the linear transformation matrix (handles scaling, rotation, shearing) and [f] is the translation

vector (shifts the image position). Equation 1 presents the transformation matrix formulation used
in this study, adapted from standard principles in image coordinate mapping. The scaling and

translation parameters adjusted each image to the required dimensions.

Histogram equalization was applied to normalize brightness and contrast levels to enhance image

quality and reduce discrepancies caused by lighting variations. This was formulated as:
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where ( sk ) represents the equalized pixel intensity, ( L) is the number of intensity levels, (N ) is
the total number of pixels, and ( h;j ) is the histogram count at intensity ( j ). The affine
transformation matrix (Equation 2) follows the standard geometric formulation for image

coordinate mapping, as described by Gonzalez (2009).

Additionally, Contrast Limited Adaptive Histogram Equalization (CLAHE) was employed to
enhance local contrast by operating on small contextual regions and limiting noise amplification.

A simplified representation of its local contrast adjustment can be expressed as:
r=1+ (X(I‘Iavg) (3)

where (I”) is the enhanced pixel intensity, (I) represents the original pixel, (I_avg) is the local mean
intensity, and («) is the contrast scaling factor. While this formulation abstracts the full CLAHE
process, it captures the principle of contrast amplification relative to local luminance (Pizer et al.,

1987).

Metadata cleaning addressed missing demographic attributes, particularly skin type labels, which
were absent in approximately 95.6% of ISIC images. To infer Fitzpatrick skin types, a pre-trained
skin tone classifier was utilized, using a softmax activation function to generate probabilities for

each skin type:

Py =5—=

e’ (4)
e’

where (P(yi) ) is the probability of skin type (i), ( zi ) represents the logit (raw score) output from

a model for class I, and the denominator ensures probability normalization. To validate these

46



inferred skin classifications, predictions were compared against a subset of known labeled

samples, ensuring consistency in subgroup representation.

For missing age and lesion location data, the k-nearest neighbors (k-NN) algorithm was used to
impute values based on the closest matching instances in the dataset. The similarity between

instances was determined using Euclidean distance, defined as:

(5)

Where (d(x,y)) represents Euclidean distance between two feature vectors x and y, and (x;_ y;)
denote feature values of neighbouring data points, while n is the total number of features. Once
the nearest neighbors were identified, missing values were estimated using the mean of k-nearest

samples:

(6)

Where x is the imputed (estimated) value for a missing feature, xi represents Feature values from
the k-nearest neighbors, and k represents the Number of neighbors considered. This imputation
ensured demographic consistency and enhanced fairness-aware model training by reducing bias in

missing data handling.

These preprocessing steps established a standardized input pipeline, ensuring that bias mitigation
techniques within the adversarial debiasing framework operated on uniformly processed images

and structured metadata. By addressing disparities in image quality and demographic
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representation, the dataset was optimized for fairness-aware Al modeling, reducing systemic

biases linked to varying imaging conditions and incomplete metadata attributes.

3.4.2 Feature Engineering and Selection

To optimize model learning, key features were extracted and engineered:

Lesion shape and texture characteristics played a crucial role in assessing malignancy. Asymmetry
was calculated by analyzing differences between the two halves of a lesion, as malignant tumors
often exhibit irregular growth patterns compared to benign nevi. Edge irregularity was evaluated
by mapping lesion borders, identifying jagged or blurred outlines, which are typical indicators of
malignant transformations. Additionally, lesion diameter was measured since larger lesions tend
to carry a higher risk of malignancy. These shape and texture metrics provided essential predictive

signals, allowing the model to learn clinically relevant patterns for melanoma detection.

To further refine feature selection, pigmentation patterns were examined using color histograms.
Skin lesions often display varying pigmentation densities, with malignant melanomas showing
uneven coloration and darker, irregular spots. By computing color distribution histograms, the
model was able to quantify pigmentation variability, identifying tonal differences that distinguish
benign from malignant lesions. This approach minimized reliance on subjective visual assessments
by dermatologists, ensuring objective and reproducible pattern recognition in Al-driven

diagnostics.

In addition to lesion-specific attributes, demographic encodings were incorporated to enhance
model interpretability and fairness. Gender and Fitzpatrick skin type, originally stored as
categorical metadata, were encoded into numerical formats to facilitate machine learning

processing, gender as binary values, for instance, O for male, 1 for female, and Fitzpatrick skin
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types as discrete integer categories ranging from Type | to Type V1. This standardization allowed
the model to identify potential biases in diagnostic accuracy across demographic groups, laying
the groundwork for fairness-aware adjustments during adversarial debiasing. Recognizing that
class imbalance was a significant concern, with benign cases making up 98.2% of the dataset
versus only 1.8% of malignant cases, and that Fitzpatrick IV—V1 images were underrepresented,
balanced sampling techniques were implemented during training. In addition to traditional
augmentations such as rotation, flipping, and controlled color adjustments, we specifically
leveraged advanced augmentation techniques like GAN-based synthesis, color normalization, and
geometric transformations to rebalance the dataset. These methods expanded the diversity of lesion
appearances, prevented overfitting by exposing the model to a broader range of realistic scenarios,
and ensured that the Al developed robust and equitable diagnostic capabilities across all

demographic groups while preserving clinical relevance.

3.4.3 Hyperparameter Tuning

To achieve optimal model performance, Bayesian optimization and grid search were used to fine-
tune key hyperparameters; these key hyperparameters were carefully fine-tuned to ensure stable
convergence, efficiency, and generalization while preventing overfitting. The learning rate,
ranging from .001 to .0001, governed how quickly the model updated its weights after each training
iteration. A higher learning rate initially allowed the model to make faster progress toward optimal
performance, but as training progressed, a lower rate ensured smooth refinements, preventing
unstable fluctuations or overshooting optimal values. This gradual reduction in learning rate

stabilized convergence, allowing the Al to improve predictability without erratic behavior.

The batch size, set at 16, 32, or 64, controlled the number of training samples processed before

updating model weights. Smaller batch sizes helped the model capture fine-grained details, but
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they introduced greater variability in weight adjustments due to the limited sample scope.
Conversely, larger batch sizes improved computational efficiency and provided smoother updates,
but they reduced the model’s adaptability to subtle variations in lesion characteristics. By
balancing batch size selection, the training process-maintained efficiency while ensuring that the

model preserved its ability to generalize across different dermatological presentations.

To prevent overfitting, a dropout rate between .2 and .5 was applied during training. This technique
randomly disabled a portion of neurons in the network, forcing the model to rely on a broader set
of features rather than over-emphasizing specific patterns. A dropout rate of .2 retained most
neurons, allowing the model to focus on distinct lesion characteristics while minimizing
redundancy. In contrast, a dropout rate of .5 introduced a stronger regularization effect, enhancing
generalization by discouraging the model from relying excessively on specific pixel-based

correlations that might not be clinically meaningful.

Additionally, weight decay (L2 regularization) was implemented to enhance model generalization.
By penalizing excessively large weight values, this technique discouraged the model from
assigning disproportionate importance to specific features, thus promoting fairness and robustness
in predictions. The regularization prevented the model from becoming overly sensitive to dataset
biases, ensuring that Al-driven dermatological diagnostics remained stable across both the ISIC
training dataset and the Fitzpatrick 17k validation dataset. Together, these hyperparameters played
a crucial role in refining the model, balancing diagnostic accuracy with fairness considerations,

and ensuring that adversarial debiasing efforts yielded equitable results.

Preprocessing validation procedures confirmed that standardization did not introduce new biases
or remove clinically significant features. This ensured that fairness-aware Al models effectively

addressed demographic disparities without compromising diagnostic accuracy.
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3.5 Model Development and Training

In this study, a fairness-aware deep learning model was developed to classify dermatological
lesions from dermoscopic images. The model was designed to detect subtle visual patterns
associated with skin lesions while minimizing the influence of demographic characteristics that
could introduce bias. A convolutional neural network architecture based on ResNet-50 was
adopted for its demonstrated effectiveness in medical image classification and its ability to learn

deep, hierarchical feature representations from complex image data.

The ResNet-50 architecture was employed as the backbone of the classification system. The
network consisted of multiple convolutional layers that extracted spatial features from
dermoscopic images, followed by pooling layers that reduced dimensionality while preserving
critical lesion characteristics. The extracted features were then passed to fully connected layers
responsible for performing the final lesion classification. The use of residual connections within
the ResNet architecture enabled efficient training of deep networks by mitigating the vanishing

gradient problem, thereby improving model stability and performance.

The model development process followed a structured pipeline consisting of dataset preparation,

feature learning, adversarial bias mitigation, and model optimization.

First, dermoscopic images from the ISIC 2020 dataset were preprocessed to ensure uniform input
dimensions and consistent image quality. All images were resized to a fixed resolution suitable for
the ResNet-50 architecture and normalized to standardize pixel intensity values. The dataset was
then divided into training, validation, and testing subsets using an 80-10-10 split. The training set
was used for model learning, the validation set was used for hyperparameter tuning and monitoring

model performance during training, and the testing set was reserved for final model evaluation.
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Second, the CNN model was initialized using the ResNet-50 architecture and trained to learn
discriminative visual features associated with dermatological lesions. Feature extraction occurred
through successive convolutional layers that captured lesion boundaries, color patterns, and
structural irregularities commonly associated with skin conditions. These learned features were

subsequently used by the fully connected classification layer to produce diagnostic predictions.

Third, fairness considerations were incorporated through the integration of an adversarial
debiasing mechanism. The adversarial framework consisted of two components: a primary
predictor network and an adversary network. The predictor network was responsible for classifying
skin lesions, while the adversary network attempted to predict sensitive attributes such as
Fitzpatrick skin type from the features learned by the predictor. During training, the predictor was
optimized to improve lesion classification accuracy while simultaneously minimizing the
adversary’s ability to infer sensitive attributes. This adversarial training process encouraged the

model to learn diagnostic features that were independent of demographic characteristics.

Fourth, model optimization was conducted using the Adam optimizer with a learning rate of 0.001.
Training was performed for 50 epochs with a batch size of 32, allowing the model to iteratively
update its parameters based on mini-batch gradient descent. Hyperparameters were refined using
validation experiments, and early stopping was implemented to prevent overfitting when

validation performance stopped improving.

By jointly optimizing classification accuracy and fairness objectives, the resulting model achieved
reliable dermatological lesion classification while reducing the influence of demographic bias.
This fairness-aware training process ensured that the model maintained consistent diagnostic

performance across diverse patient populations.
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3.6 Experiment Procedure
This section describes the experimental implementation of adversarial debiasing used to mitigate

demographic bias in dermatological lesion classification.

The experiment was conducted using dermoscopic images obtained from the ISIC 2020 dataset,
which served as the primary dataset for model training and evaluation. The objective of the
experiment was to train a fairness-aware convolutional neural network capable of performing
accurate lesion classification while minimizing the influence of demographic attributes such as

Fitzpatrick skin type.

The experimental architecture consisted of two interacting components: a primary predictor
network and an adversarial debiasing module. The predictor network was implemented using a
ResNet-50 convolutional neural network, which was responsible for classifying skin lesions as
benign or malignant based on dermoscopic image features. The adversarial module functioned as
a secondary network trained to predict sensitive demographic attributes, including Fitzpatrick skin

type and gender, from the internal feature representations learned by the predictor network.

During the experiment, the two networks were trained simultaneously through an adversarial
learning process. The predictor network aimed to improve diagnostic classification accuracy, while
the adversarial network attempted to infer demographic attributes from the predictor’s learned
features. A custom loss function was implemented to balance these competing objectives. The
predictor minimized lesion classification error while simultaneously minimizing the adversary’s

ability to accurately predict sensitive attributes.

To implement this adversarial interaction, gradient reversal layers (GRL) were incorporated into

the model architecture. During forward propagation, the gradient reversal layer passes feature
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representations normally to the adversary network. However, during backpropagation, the
gradients were reversed, forcing the predictor network to learn feature representations that were
less informative about demographic attributes. This mechanism allowed the model to retain

clinically relevant lesion features while suppressing bias-correlated information.

Hyperparameter tuning was conducted to optimize the adversarial training process. Parameters
such as adversarial loss weight, regularization strength, and adversary network complexity were
adjusted using validation experiments to ensure that fairness constraints did not significantly

reduce classification accuracy.

Following model training, experimental evaluation was conducted using fairness and performance
metrics. Model performance was assessed using traditional classification metrics such as accuracy
and recall, while fairness was evaluated using Statistical Parity Difference (SPD), Equalized Odds
(EO), and Disparate Impact Ratio (DIR). These metrics were used to measure disparities in

diagnostic performance across different Fitzpatrick skin types and demographic groups.

Through this experimental procedure, adversarial debiasing was integrated directly into the model
training process, enabling the development of a dermatological diagnostic model that maintained

strong classification performance while reducing demographic bias.

3.7 Data Analysis and Presentation

This study evaluated the effectiveness of the fairness-aware Al framework in reducing bias within
dermatological diagnostics while maintaining clinical reliability. The analysis was structured into
three key stages: detecting bias before fairness interventions, improving fairness using adversarial

debiasing and synthetic data augmentation, and comparing results before and after fairness-aware
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adjustments to ensure measurable improvements in both fairness and diagnostic accuracy, as

outlined below.

3.7.1 Detecting Bias Before Fairness Adjustments
The first stage involved quantifying bias trends within the model’s predictions, particularly with
Fitzpatrick skin types, gender subgroups, and lesion categories. To assess bias, several key

evaluations were conducted.

Error rate disparities were examined, with a focus on whether darker skin tones, specifically
Fitzpatrick IV-VI, exhibited higher false negative rates, suggesting that melanoma cases in these
subgroups were missed more frequently. Intersectional bias analysis was also performed,
measuring model accuracy across combined demographic attributes, such as skin type and gender,
to determine if the Al was less effective for certain subpopulations, such as women with darker

skin tones.

Additionally, feature representation analysis was used to investigate whether the model learned
biased patterns, analyzing how learned features clustered across demographic groups to detect
representation disparities. To further validate these findings, the Coefficient of Determination (R?)
was used to assess how effectively the model explained variation in melanoma detection across

different skin types, ensuring that fairness interventions did not distort diagnostic accuracy.

3.7.2 Improving Fairness with Adversarial Debiasing and Data Augmentation

Once bias was quantified, fairness constraints were embedded directly into the model training
process to proactively mitigate disparities rather than applying corrections post-hoc. The fairness-
aware framework integrated several optimization strategies to ensure that bias reduction was

inherent to the AI’s learning process.

55



Fairness-constrained training involved adjustments that ensured demographic attributes such as
skin type or gender did not disproportionately influence model predictions, preventing biases from
being reinforced during classification. Additionally, fine-tuning optimization balanced accuracy
with fairness constraints, ensuring that bias mitigation measures did not come at the cost of

predictive stability.

To further compensate for demographic imbalances, advanced synthetic data augmentation
techniques were employed. This included SMOTE, contrast normalization, and GAN-based image
synthesis, which enhanced the representation of underrepresented Fitzpatrick skin types, ensuring

a more equitable distribution of learning samples.

3.7.3 Comparing Model Performance Before and After Fairness Adjustments

The final stage of analysis focused on measuring the impact of fairness-aware interventions by
comparing model performance before and after bias mitigation strategies were applied. This
evaluation ensured that the improvements in fairness did not come at the expense of diagnostic

accuracy.

The F2 Score was prioritized to enhance recall, ensuring that melanoma cases in underrepresented
subgroups were detected with high reliability while reducing false negatives. This was critical in
addressing disparities where certain demographic groups, particularly those with darker skin tones,
experienced lower sensitivity rates in diagnosis. The Root Mean Square Error of Approximation
(RMSEA) was applied to evaluate how well fairness constraints were integrated within the model,
ensuring that adjustments did not introduce distortions in the learning process. Similarly, Root
Mean Square Error (RMSE) quantified differences between actual and predicted diagnoses,

validating that fairness modifications did not result in additional classification errors.
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By systematically comparing pre- and post-intervention results, this study confirmed that fairness-
aware Al models could mitigate biases in dermatological diagnostics while maintaining clinical
reliability. These findings reinforced the feasibility of implementing fairness-aware optimizations

in Al-driven healthcare applications, improving equity without compromising medical accuracy.

3.7.4 Visualizing Results
To enhance clarity in fairness improvements, the results were presented through multiple

visualization techniques:

Subgroup-specific ROC Curves demonstrated improvements in diagnostic accuracy across

different Fitzpatrick skin types, providing a clear view of enhanced sensitivity and specificity.

Bias Correction Trend Graphs tracked fairness improvements over multiple training iterations,
showcasing progressive reductions in subgroup disparities. These visualizations provided
comprehensive insights into the fairness-aware modifications, enabling a clear understanding of

how bias mitigation strategies affected Al-driven dermatological diagnostics.

3.8 Model Validation and Clinical Relevance

Ensuring that the fairness-aware Al model remained reliable in real-world dermatological
diagnostics required a structured validation process. The validation phase assessed the model’s
ability to generalize beyond controlled training conditions, reinforcing its effectiveness for broader

clinical applications.

3.8.1 Model Validation

Model validation is a systematic process for assessing whether a machine learning model meets
predefined criteria for accuracy, fairness, robustness, and generalizability before deployment. This

study employed a multi-layered validation approach to ensure that fairness-aware interventions
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maintained predictive reliability while effectively reducing bias. The technical evaluation of the
model relied on standardized performance metrics, including the F2 Score, which prioritized recall
to minimize false negatives and ensure accurate melanoma detection in underrepresented
subgroups. Additionally, the Coefficient of Determination (R?) measured the model’s ability to
explain diagnostic variance, confirming that fairness-aware modifications did not compromise
predictive stability. To assess the alignment of fairness constraints within the model, the Root
Mean Square Error of Approximation (RMSEA) was applied, ensuring adjustments were
appropriately balanced without excessive correction, while the Root Mean Square Error (RMSE)
validated the consistency between actual and predicted diagnoses, reinforcing the model’s

reliability in clinical applications.

Beyond technical performance, fairness metrics were rigorously evaluated, including Statistical
Parity Difference (SPD), Equalized Odds (EO), and Disparate Impact Ratio (DIR). These metrics
quantified bias reduction, ensuring that fairness-aware modifications achieved measurable
improvements across demographic subgroups. Interpretability validation was also conducted using
Shapley values and LIME, confirming that fairness-aware interventions did not obscure model
transparency and that predictions remained clinically interpretable. To verify the model’s
generalizability beyond controlled training environments, an external dataset (Fitzpatrick 17k) was
used for validation, demonstrating the framework’s effectiveness across diverse patient
populations. Additionally, stakeholder validation was integrated into the process, engaging
dermatologists, Al ethics specialists, and healthcare policymakers to evaluate the practical

implications of bias mitigation strategies within real-world clinical workflows.
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This structured validation approach ensured that bias mitigation strategies effectively balanced
equity with predictive accuracy, reinforcing confidence in the application of fairness-aware Al
methodologies in dermatological diagnostics. By demonstrating statistically significant
improvements in fairness and maintaining clinical reliability, the study advances efforts toward
ethical Al-driven healthcare, making fairness optimization both effective and implementable in

real-world medical settings.

3.8.2 Clinical Relevance

For Al-driven dermatological diagnostics to be impactful, fairness optimization must align with
clinical needs, medical decision-making, and expert validation. To ensure the reliability of
fairness-aware interventions, stakeholder validation was conducted, incorporating insights from
dermatologists, Al ethics specialists, and healthcare policymakers. Their feedback confirmed the
practicality of fairness adjustments while reinforcing the necessity of maintaining diagnostic

integrity and interpretability in clinical workflows.

This study ensured clinical relevance by incorporating the following principles:

Alignment with Medical Standards — The AI model’s fairness constraints were designed to
preserve diagnostic accuracy, ensuring medical practitioners could trust its outputs without

concerns over bias-induced performance degradation.

Minimizing Health Risks for Underrepresented Groups — Fairness optimization directly improved
diagnostic accuracy for groups historically overlooked in skin lesion classification, such as
individuals with darker skin tones, who often experience delayed melanoma diagnoses due to

biased Al models.
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Expert Validation of Bias Mitigation — Through structured stakeholder engagement, clinical
experts confirmed that bias mitigation strategies did not disrupt established diagnostic workflows

but rather enhanced model transparency and fairness in skin lesion classification.

This fairness-aware Al framework was designed to bridge the gap between technical fairness
optimization and clinical applicability, ensuring equity-driven Al advancements remain practical,

ethical, and implementable in real-world dermatological diagnostics.

3.9 Logistical and Ethical Considerations

As the model architecture was developed and its training methodology refined, ethical
considerations played a central role in ensuring fairness in dermatological diagnostics.
Recognizing that Al-driven healthcare systems could inadvertently reinforce disparities, this study
was grounded in the principle that equitable treatment is essential for clinical reliability. In
particular, biased predictions, such as higher false-negative rates for darker-skinned individuals,
were evaluated to determine their potential impact on delayed diagnoses and poorer health
outcomes. This ethical imperative guided the research approach, ensuring that the Al model was
not only technically robust but also aligned with fairness principles that support equitable patient

care.

Before the research commenced, the necessary institutional approvals were obtained to ensure
compliance with ethical research standards. Once the study proposal was accepted at the school
level, the Dean of the faculty submitted a request to the School of Postgraduate Studies for
clearance to apply for a research license. Upon approval, the postgraduate office forwarded the

request to the Registrar for Research and Extension, initiating the formal process with the National
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Commission for Science, Technology, and Innovation (NACOSTI). Ethical clearance from the
Scientific and Ethics Committee was required before NACOSTI granted the official research
permit. This structured process ensured that the study adhered to regulatory standards and ethical

research principles from the outset.

Bias mitigation in the Al model involved a multi-layered approach, proactively addressing fairness
at various stages of development. The dataset was examined for imbalances, particularly the
underrepresentation of Fitzpatrick 1V-V1 skin types, which could lead to skewed diagnostic
accuracy across demographic groups. To correct these disparities, data augmentation techniques,
including color adjustments, rotations, and GAN-based synthesis, were integrated to improve the
diversity of training samples. These strategies ensured a richer, more representative dataset,

reducing the likelihood of biased model predictions.

Additionally, fairness-aware mechanisms were embedded directly into model training through
adversarial debiasing techniques. During this process, the model actively minimized reliance on
demographic markers when making diagnostic predictions, ensuring alignment between technical
optimization and ethical accountability. While no Al system is entirely free from bias, this
approach contributed to the development of a more equitable and clinically trustworthy diagnostic
tool. This study delivered Al-driven dermatological diagnostics that were not only accurate but

also ethically sound and fair, supporting equitable healthcare outcomes for diverse populations.
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CHAPTER FOUR

DATA PRESENTATION, ANALYSIS, INTERPRETATIONS, AND DISCUSSIONS

4.1 Introduction

This chapter presents the experimental results of the study, focusing on how the fairness-aware Al
framework performs in mitigating bias and maintaining diagnostic reliability in dermatological
imaging. It highlights comparisons between models, key fairness and accuracy metrics, and

validation techniques used to assess the impact of fairness interventions.

4.2 Data Cleaning and Preprocessing

Data preprocessing played a critical role in ensuring both accuracy and fairness in Al-driven
dermatological diagnostics. The dataset underwent a multi-step refinement process to mitigate
biases, handle missing values, and standardize imaging inputs for optimal model training. The first
stage, data cleaning, involved the removal of duplicate images, ensuring that redundant samples
did not disproportionately influence model learning. Outliers, including images with excessive
artifacts or poor resolution, were filtered out to maintain diagnostic reliability, ensuring that the

Al model received only clinically relevant data.

To address missing demographic attributes, particularly skin type labels, a pre-trained skin tone
classifier was employed. Predictions were validated against a subset of known labeled samples to
ensure consistency in subgroup representation, thereby reinforcing demographic fairness. For
missing age and lesion location data, the k-nearest neighbors (k-NN) algorithm was applied,

imputing values based on the closest matching instances in the dataset. Euclidean distance
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calculations guided this imputation process, enabling accurate estimations of missing attributes

while preserving demographic consistency.

Standardization techniques were applied to normalize imaging conditions across the dataset,
reducing the impact of varying lighting and contrast. Histogram equalization and Contrast Limited
Adaptive Histogram Equalization (CLAHE) enhanced image quality by ensuring consistent
brightness and contrast levels. These methods minimized disparities caused by different imaging
conditions and ensured equitable feature extraction across diverse skin tones. To further enhance
fairness, synthetic data augmentation techniques, particularly the Synthetic Minority
Oversampling Technique (SMOTE), were employed. SMOTE-generated synthetic samples
balanced the representation of underrepresented Fitzpatrick skin types IV-VI, addressing

demographic imbalances and improving fairness-aware training.

Additional augmentation techniques, including GAN-based synthesis, color normalization, and
geometric transformations, were leveraged to expand lesion appearance diversity, reducing model
overfitting and enhancing diagnostic generalization. These strategies ensured that Al-driven
predictions remained stable across various dermatological presentations while reinforcing
fairness-aware modeling. Furthermore, structured feature engineering was implemented to refine
predictive signals, incorporating lesion shape, texture, and pigmentation patterns, essential for

malignancy assessment.

The preprocessing validation process confirmed that standardization techniques did not introduce
new biases or compromise clinically significant features. The resulting dataset was optimized for
fairness-aware Al modeling, ensuring that systemic biases linked to imaging inconsistencies and

missing demographic attributes were effectively mitigated. Full methodological details regarding
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preprocessing procedures can be referenced in Section 3.4, where individual techniques are

comprehensively described.

4.3 Analysis of Specific Objectives of the Study

The following subsections provide an analysis, interpretation, and discussion of the three specific

objectives that drove this study.

4.4 Findings on Adversarial Debiasing

The first objective of this study was to evaluate the effectiveness of adversarial debiasing
mechanisms used in diagnostic imaging. The review of adversarial debiasing in healthcare Al
systems revealed its effectiveness in mitigating biases within diagnostic imaging applications. By
utilizing a predictor-adversary framework, adversarial debiasing ensures that Al models suppress
correlations with sensitive attributes such as race, gender, and socioeconomic status, thereby
enhancing fairness in disease detection and medical decision-making. The technique has
demonstrated measurable improvements in fairness indicators, including reduced disparities in
classification outcomes across demographic groups, particularly in dermatological diagnosis,

where biases linked to skin type have historically impacted Al performance.

Studies reviewed in Section 2.4 confirm that adversarial debiasing has been successfully applied
in various healthcare domains. The method has shown promising results in radiology,
dermatology, cardiovascular risk prediction, and clinical decision-support systems, improving
fairness metrics while maintaining diagnostic accuracy (Groh et al., 2021a). Within Al-driven
dermatological frameworks, adversarial debiasing has effectively minimized biases associated

with Fitzpatrick skin type classifications, ensuring equitable performance across different skin
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tones. These applications highlight the potential of fairness-aware Al models in addressing

healthcare disparities.

In this study, adversarial debiasing was integrated into a fairness-aware Al framework for
dermatological diagnostics. By employing custom loss functions, feature disentanglement
techniques, and balanced sampling strategies, the framework successfully reduced disparities
while maintaining diagnostic stability. These methodological refinements addressed performance
variations observed in previous analyses, reinforcing the role of adversarial debiasing in advancing
equitable Al applications in healthcare. For further details on the technical aspects and
foundational principles of adversarial debiasing (section 2.4), which provides a comprehensive

review of the method and its broader implications in healthcare Al.

4.4.1 Discussion on the Effectiveness of Adversarial Debiasing in Diagnostic Imaging

The findings of the first objective reaffirm that adversarial debiasing is an effective strategy for
mitigating bias in Al-driven diagnostic imaging. Grounded in the principles of Adversarial
Fairness Learning (AFL), this study operationalized fairness as a core optimization goal rather
than a post-hoc adjustment. By embedding a gradient reversal layer into the model architecture,
the framework actively suppressed bias-associated features during training, aligning with AFL’s

central tenet: fairness through representational neutrality (Zhang et al., 2018).

Supportive literature has consistently demonstrated the utility of adversarial debiasing in reducing
disparities across demographic groups. In dermatology, bias mitigation targeting Fitzpatrick skin
types has improved melanoma detection rates among darker skin tones, addressing long-standing

diagnostic inequities (Groh et al., 2021b). Similar gains have been observed in cardiovascular risk
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prediction, where adversarial suppression of race-correlated features led to more equitable
assessments (Obermeyer et al., 2019). These findings affirm the technical feasibility of AFL-based

interventions in clinical Al.

However, some studies caution against overreliance on adversarial methods. Madras et al. (2018)
and Schoeffer et al. (2024) highlight that suppressing bias-correlated features can inadvertently
reduce model sensitivity, particularly in high-stakes domains where recall and specificity are
critical. This trade-off between fairness and accuracy is echoed in Ghassemi et al. (2021), who
argue that fairness interventions must be clinically contextualized to avoid unintended harm.
Moreover, adversarial training often obscures feature attribution, complicating interpretability and

clinician trust (Amann et al., 2020; Ribeiro et al., 2016).

To address these limitations, hybrid debiasing strategies have emerged as promising alternatives.
Combining adversarial learning with data augmentation and representation balancing can enhance
fairness while preserving diagnostic integrity (Shorten & Khoshgoftaar, 2019). Additionally,
multi-objective optimization frameworks offer a principled way to balance fairness constraints
against performance thresholds, enabling more nuanced trade-offs (Yu et al.,, 2022).
Interpretability remains a critical frontier. While AFL improves fairness at the representation level,
it risks creating opaque decision boundaries. Tools such as SHAP, Grad-CAM, and clinician-
validated heatmaps can help restore transparency, ensuring that fairness-aware models remain

clinically actionable (Holzinger et al., 2017; Ghosh, 2023).

In summary, this study contributes to the evolving discourse by demonstrating that AFL-based
debiasing can achieve substantial fairness gains without compromising diagnostic viability,

provided that trade-offs are carefully managed. By integrating fairness into the model’s learning

66



objective and validating across diverse skin types, the framework advances both technical rigor

and ethical deployment in dermatological Al.

4.5 Findings on Existing Frameworks in Diagnostic Imaging

The second objective of this study sought to analyze existing fairness frameworks used in
diagnostic imaging and identify limitations that restrict their applicability to medical image
datasets. A review of major frameworks commonly used in fairness-aware machine learning
revealed that although several tools exist for bias detection and mitigation, most were designed
primarily for structured datasets and therefore face challenges when applied to unstructured
medical imaging data. Table 4.1 summarizes the key characteristics, strengths, and limitations of

the reviewed frameworks.

Table 4.1:

Summary of Existing Fairness Frameworks in Diagnostic Imaging

Limitations in Diagnostic

Framework  Key Features Strengths
Imaging
Provides fairness metrics and Designed  primarily  for
Wide range of
IBM Al bias mitigation algorithms structured tabular  data;
fairness metrics and
Fairness 360 across pre-processing, in- requires extensive
mitigation
(AIF360) processing, and post- customization for image-
techniques
processing stages based bias detection
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Limitations in Diagnostic

Framework  Key Features Strengths
Imaging
Limited support for high-
Optimization-based fairness Flexible integration
dimensional medical
Fairlearn auditing and bias mitigation into machine
imaging; fairness assessment
using reduction techniques  learning pipelines
mainly performed post-hoc
TensorFlow  Slice-based fairness Real-time  fairness Lacks lesion-level fairness
Fairness evaluation integrated with monitoring and metrics required for
Indicators TensorFlow and TensorBoard visualization dermatological imaging
Supports  medical Focuses mainly on
Deep learning framework
MONAI imaging workflows performance  optimization
tailored for medical imaging
Framework and domain-specific rather than explicit fairness

applications
pipelines constraints

4.5.1 Discussion on Existing Frameworks in Diagnostic Imaging

The findings presented in Table 4.1 reveal several important insights regarding the applicability of

existing fairness frameworks in diagnostic imaging. Although numerous frameworks have been

developed to detect and mitigate bias in machine learning systems, their effectiveness varies

considerably depending on the nature of the data and the specific clinical context in which they

are applied.
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First, the results indicate that many widely used fairness toolkits, including IBM Al Fairness 360
(AIF360) and Fairlearn, were originally designed to operate on structured tabular datasets. These
frameworks provide robust mechanisms for evaluating fairness across demographic groups using
metrics such as Statistical Parity Difference and Equalized Odds. However, their applicability to
diagnostic imaging remains limited because dermatological images represent high-dimensional,
unstructured data where fairness may arise from subtle visual features such as pigmentation
patterns, lesion morphology, and variations in skin tone. As a result, these frameworks often

require extensive customization to evaluate fairness at the image or lesion level.

Second, the findings highlight that tools such as TensorFlow Fairness Indicators are useful for
monitoring disparities across predefined subgroups during model development. Their integration
with machine learning workflows allows developers to track fairness metrics in real time.
Nevertheless, the analysis suggests that these tools primarily focus on auditing model performance
rather than directly mitigating bias during model training. Consequently, they may identify
disparities without necessarily providing mechanisms to prevent them from emerging in the first

place.

Third, domain-specific frameworks such as MONAI offer stronger support for medical imaging
applications because they provide specialized pipelines for handling medical datasets. However,
the findings reveal that even these frameworks largely emphasize model performance and
reproducibility rather than explicitly embedding fairness constraints within the learning process.
This limitation suggests that although medical imaging frameworks are capable of handling
complex image data, they still require additional mechanisms to address demographic bias

effectively.
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Another key observation from the findings is the limited consideration of intersectional bias within
most existing frameworks. Many fairness approaches evaluate bias across single attributes such as
race or gender. However, in healthcare settings, disparities often arise from the interaction of
multiple demographic factors, including race, gender, age, and socioeconomic status. As a result,
single-attribute fairness metrics may fail to capture the full extent of bias present in diagnostic

systems.

Overall, the discussion of these findings suggests that current fairness frameworks provide
valuable tools for bias detection and monitoring but are not fully equipped to address the
complexities of dermatological diagnostic imaging. The limitations identified in this study
highlight the need for fairness-aware Al models that integrate bias mitigation mechanisms directly
into the model training process. These insights informed the development of the fairness-aware
adversarial framework proposed in this research, which aims to address bias in dermatological

diagnostic systems by embedding fairness constraints within deep learning pipelines.

4.6 Model Development and Training

The third objective of this study was to develop and evaluate a fairness-aware framework capable
of mitigating bias in dermatological diagnostic imaging. To achieve this objective, a series of
experiments were conducted to compare the performance of a baseline convolutional neural

network with a fairness-aware model incorporating adversarial debiasing mechanisms.

The experiments were conducted using dermoscopic images obtained from the International Skin
Imaging Collaboration (ISIC) archive. Prior to training, all images were resized to 224 x 224
pixels, which is the standard input size for the ResNet-50 architecture. Image preprocessing
techniques, including histogram equalization and adaptive contrast enhancement, were applied to

reduce variations in illumination and pigmentation that could influence model predictions. These
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preprocessing steps helped ensure consistent feature extraction across images with different

lighting conditions and skin tones.

The dataset also required preprocessing of associated metadata to ensure demographic attributes
could be used in fairness evaluation. In the original dataset, Fitzpatrick skin type labels were
missing for approximately 95.6% of the images. To address this limitation, a pre-trained skin tone
classifier was used to infer Fitzpatrick skin types for unlabeled samples. The inferred labels were
validated against a subset of images with known skin type annotations to ensure reasonable
classification accuracy. In addition, missing demographic variables such as age and lesion location
were imputed using a k-nearest neighbors (k-NN) algorithm to maintain demographic consistency

within the dataset.

To evaluate the effectiveness of adversarial debiasing, two model configurations were developed
and compared. The first model served as a baseline classifier, implemented using a ResNet-50
convolutional neural network. This model was trained using the Adam optimizer with a learning
rate of 0.001, a batch size of 32, and a total of 50 training epochs. Early stopping was implemented

during training to prevent overfitting and ensure model generalization.

The second model extended the baseline architecture by incorporating an adversarial debiasing
component designed to suppress the influence of demographic attributes during feature learning.
In this configuration, an adversarial network was trained alongside the primary classifier to predict
sensitive attributes such as Fitzpatrick skin type and gender from the learned feature
representations. During training, the primary model optimized classification accuracy while
simultaneously minimizing the adversary’s ability to infer demographic attributes. This adversarial
learning strategy encouraged the model to learn diagnostic features that were independent of

demographic characteristics.
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Through this experimental design, the study evaluated whether embedding fairness constraints
directly into the model training process could reduce demographic disparities in lesion
classification while maintaining strong diagnostic performance. The results of these experiments

are presented and analyzed in the subsequent sections.

4.7 Performance Evaluation of the Baseline and Fairness-Aware Models

Following model development and training, the performance of the two models was evaluated
using both traditional classification metrics and fairness-specific metrics. The purpose of this
evaluation was to determine whether the fairness-aware interventions improved demographic
equity while maintaining clinically relevant predictive performance. The analysis compared the
baseline Convolutional Neural Network (CNN) with the fairness-aware model that incorporated

adversarial debiasing. Table 4.1 presents the comparative performance results for the two models.

Table 4.1

Comparative Performance Metrics for the Baseline CNN and Fairness-Aware Model

Metric Baseline CNN Fairness-aware Model
Accuracy 91.7% 91.3%
High (consistent across
Precision High (qualitatively robust)
subgroups)
Recall Balanced Balanced
F1-Score Robust Comparable

Statistical Parity Difference
35 .05
(SPD)
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Metric Baseline CNN Fairness-aware Model

Equalized Odds (EO) 42 A2
Disparate Impact Ratio (DIR) .65 .95
Paired t-test (p-value) -- <.05

As illustrated in Table 4.1, while the baseline CNN achieved an accuracy of 91.7%, the fairness-
aware model achieved a comparable accuracy of 91.3%. This negligible difference confirms that
incorporating fairness constraints did not compromise the model's clinical performance. However,
the impact on fairness metrics is dramatic. The Statistical Parity Difference (SPD) improved from
.35, indicating a significant disparity in positive predictions among subgroups, to .05,
demonstrating an almost equitable distribution. Similarly, the Equalized Odds (EO) metric, which
highlights inconsistencies in false positive and false negative rates, was reduced from .42 to .12.
Finally, the Disparate Impact Ratio (DIR) improved from .65 to .95, indicating a near-level playing

field across demographic groups.

To further validate that these improvements were not due to random chance, paired samples t-tests
were conducted to determine whether there was a statistically significant difference between the
baseline CNN and fairness-aware model, which yielded a p-value below .05. This statistical
validation confirms that the enhancements in fairness metrics are significant, ensuring that the
fairness-aware model reliably reduces subgroup bias while delivering robust predictive

performance. Below is a comprehensive, in-depth explanation of each fairness metric used.
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4.7.1 Statistical Parity Difference (SPD)

Statistical Parity Difference (SPD) is a fairness metric used to evaluate whether different
demographic groups receive similar proportions of positive outcomes from a predictive model. It
compares the probability of a favorable prediction, for instance, a positive diagnosis, across
sensitive attribute groups, such as race or gender. Ideally, a model should produce similar outcome
rates for all groups, indicating parity. A non-zero SPD signals that one group is being favored or

disadvantaged relative to another, with larger deviations reflecting greater disparity.

This metric is particularly important in healthcare Al, where unequal prediction rates can heighten
existing health disparities. In this study, SPD was used to quantify fairness improvements, with

observed reductions indicating enhanced equity without compromising predictive performance.

Mathematically, SPD is defined as:

SPD =P(Y' =1|D=d,) —P(Y' =1|D = d,) (6)

Here, Y is the predicted outcome, D is the sensitive attribute or protected group variable, d; and
d2 are two different groups or values of the sensitive attribute for instance, d: for male, and d> for
female and P(Y' = 1|D = d,) represents the probability that the model predicts a positive
outcome for group di (for example, a black male). This idea grew out of classical studies in
disparate impact, the concept rooted in anti-discrimination and fairness in decision making, and
has been widely embraced in machine learning research (Feldman et al., 2015). To put it simply,
if we want any sharing to be fair, the “SPD” should be as close to zero as possible. A high SPD

indicates an imbalance, meaning one party is getting far more than another.
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In this study, the researcher first observed that the baseline model had an SPD of .35. This meant
that one subgroup, say, individuals with lighter skin tones, received positive predictions 35% more
frequently than another subgroup, those with darker skin tones. When the researcher applied
adversarial debiasing, this difference dropped dramatically to .05, which shows that the model’s
predictions became almost equally distributed among the groups. Figure 4.1 provides a summary

of the comparison between demographic groups for baseline and fairness-aware models.

Figure 4.1

Comparison of Positive Outcome Probabilities Between Demographic Groups for Baseline and

Fairness-aware Models
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Figure 4.1 illustrates the improvement in fairness achieved through the integration of a fairness-
aware model. In the baseline model (red), Group A (Fair Skin) receives a significantly higher
probability of positive prediction (.60) compared to Group B (Dark Skin) at .25, yielding a high
SPD of .35. After applying fairness-aware training (blue), prediction probabilities are more
balanced, (.52 for Group A and .47 for Group B) resulting in a reduced SPD of 0.05, indicating

improved fairness across demographic groups.

The Statistical Parity Difference (SPD) highlights the disparity in prediction rates before and after
debiasing, with reductions from .35 to .05 demonstrating improved fairness in classification. This
reduction is crucial because even in a complex field like dermatological diagnostics, ensuring that
every group is treated equitably is of paramount importance. Recent studies continue to support
the importance of reducing Statistical Parity Difference (SPD) as a pathway to fairer Al systems.
For instance, Yang et al. (2024) conducted a large-scale empirical study comparing 13 fairness-
improving techniques across multiple image classification datasets. Their findings showed that
pre-processing and in-processing methods consistently reduced SPD more effectively than post-
processing approaches, reinforcing the value of architectural and data-level interventions for

equitable outcomes.

Similarly, Kabir et al. (2024) explored SMOTE-driven oversampling techniques and found that
reducing SPD through synthetic data balancing significantly improved both fairness and
classification performance, especially in scenarios where sensitive attributes like gender and
ethnicity were underrepresented. Their work emphasizes that fairness-aware preprocessing can
yield measurable equity gains without compromising accuracy. Together with Kamiran and

Calders (2012), these studies affirm that targeted fairness interventions, whether through
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adversarial debiasing, data augmentation, or sampling, can meaningfully reduce disparities and

enhance trust in Al-driven diagnostics.

SPD is important not only because it provides a simple numeric value that represents fairness, but
also because it is easy to interpret. Think of it like a thermometer for fairness: just as everyone's
temperature is expected to be around a normal range, you want the positive outcome rates across
groups to be similar. In summary, the SPD metric’s simplicity and clarity make it an excellent
choice to gauge fairness. In this work, it served as a foundational indicator that the fairness-aware

approach was successful in reducing bias, all while preserving robust diagnostic performance.

4.7.2 Equalized Odds

Equalized Odds (EO) is a fairness metric that assesses whether a machine learning model makes
errors uniformly across demographic groups. It ensures that the rates of false positives and false
negatives are similar for each group, meaning that individuals with the same true outcome have an
equal chance of receiving a correct prediction, regardless of their group membership. This helps
prevent systematic bias in misclassifications and supports equitable model behavior across

different populations.

Equalized Odds is defined by comparing the True Positive Rates (TPR) and False Positive Rates

(FPR) across groups. A common formulation is:

EO=|P(Y' =1Y=1,D=d,) —P(Y'=1|Y =1,D =d,)| (7)

Here, Y’ is the predicted label, Y is the true label, D is the sensitive attribute for example gender,

race, (di, d2) represents two values of the sensitive attribute for instance d: for male and d. for
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female,and P(Y' = 1|Y = 1,D = d,) represents the probability that the model correctly predicts
a positive outcome for group (di) when it is truly positive for instance the probability that the
model correctly predicts a positive outcome given that the actual label is positive. Originally
proposed by Hardt et al. (2016), Equalized Odds was designed to ensure that classification errors
(both false negatives and false positives) are not disproportionately concentrated in any one group.
This is especially critical in high-stakes fields like healthcare, criminal justice, and finance, where

unequal error distribution can lead to harmful outcomes.

In this study, the researcher observed that the baseline model had an Equalized Odds disparity of
42, indicating that one demographic group was being disproportionately misclassified. After
applying adversarial debiasing, the EO dropped to .12, showing a significant improvement. This
reduction implies that the model's errors became more evenly distributed, promoting fairer
outcomes across groups. Figure 4.2 shows the comparison of the true positives and false positives

among demographic Groups for baseline and fairness area models.

In Figure 4.2, the left panel compares True Positive Rates (TPR) for Group A (Fair Skin) and
Group B (Dark Skin), showing that the baseline model exhibits a large disparity (A =.42), favoring
Group A. The fairness-aware model significantly reduces this gap, improving Group B’s TPR. The
right panel presents False Positive Rates (FPR), where the baseline model again shows a disparity
(A = .25) between groups. The fairness-aware model mitigates this difference, leading to more
equitable classification outcomes across demographic groups, contributing to improved Equalized

Odds.

78



Figure 4.2

Comparison of True Positive and False Positive Rates Among Demographic Groups for Baseline

and Fairness-Aware Models
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The Equalized Odds (EO) metric highlights the discrepancy in error rates before and after
debiasing, with the EO value dropping from .42 to .12. This demonstrates improved fairness by
reducing disparity in model misclassifications across demographic groups. Equalized Odds is
especially valuable when the cost of errors is high. If one group consistently receives fewer false
negatives than another, members of that group are effectively being treated better by the model.
By enforcing EO, we ensure that each group experiences comparable error rates, reinforcing

fairness and ethical responsibility in Al deployments.

4.7.3 Disparate Impact Ratio

The Disparate Impact Ratio (DIR) is a key fairness metric used to evaluate whether different

demographic groups receive equitable outcomes from a predictive model. In the context of this
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study, DIR serves as a quantitative measure for assessing whether a diagnostic model produces

biased results based on sensitive attributes such as race or gender.

DIR is calculated as:

P(Y' =1|D =d,) (8)

DIR =
P(Y' = 1|D = dp)

Where Y’ represents the predicted label, D is the sensitive attribute, for example, gender or race,
(d1, do) are the two groups, for instance, d: for male and d, for female and P(Y' = 1|D = d;)

represents the probability that group dz receives a favorable outcome.

A DIR value of 1.0 indicates perfect parity; both groups are equally likely to receive a favorable
prediction. Conversely, a value significantly above or below 1 suggests potential algorithmic bias,
with one group being systematically favored over the other. Similarly, in algorithmic predictions,
if one group consistently receives more favorable outcomes than another, the DIR will move away

from 1.0, reflecting a disparity in the model’s behavior.

In the initial baseline model evaluated in this study, the DIR was found to be .65. This value
indicates that individuals belonging to one group, say, those with darker skin tones, were 35% less
likely to receive a positive diagnosis compared to individuals in the reference group. Following
the implementation of fairness-aware interventions, which may include techniques such as data
reweighting, debiasing regularization, or post-processing of predictions, the DIR improved
substantially to .95. This new value is much closer to the ideal of 1.0, suggesting that the model
now distributes favorable outcomes almost equally between the two groups. The intervention

appears to have effectively mitigated the earlier disparity, moving the model closer to equitable

80



performance. Figure 4.3 shows the comparison of positive outcome probability ratios between
demographic groups for baseline and fairness-aware models.
Figure 4.3

Comparison of Positive Outcome Probability Ratios Between Demographic Groups for Baseline

and Fairness-Aware Models
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In Figure 4.3, the baseline model exhibits a DIR of .65, indicating a substantial disparity in positive
prediction rates between Group A and Group B. In contrast, the fairness-aware model significantly
reduces this disparity, achieving a near-parity DIR of .95, thereby promoting more equitable

outcomes across demographic groups.

The Disparate Impact Ratio (DIR) illustrates subgroup equity in classification probabilities, with

improvements from .65 to .95 demonstrating enhanced fairness in prediction distributions. The
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importance of DIR in this context cannot be overstated. In high-stakes domains such as healthcare,
even small disparities in classification outcomes can result in significant real-world consequences.
For example, if a diagnostic model underestimates the risk of illness in a particular group, it could
delay critical treatment, contributing to existing health inequalities. DIR, by offering a clear and
interpretable numeric indicator, allows researchers to systematically evaluate and address such

issues.

Historically, the concept of disparate impact emerged from U.S. employment law, particularly
from the standards enforced by the Equal Employment Opportunity Commission (EEOC). Over
time, this legal principle has been adapted to machine learning and algorithmic decision-making
systems, especially as concerns over bias and fairness have grown in fields such as finance,

criminal justice, and healthcare (Angwin et al., 2022; Larson et al., 2016).

Therefore, the DIR provides a transparent and effective means of evaluating fairness in predictive
models. By moving from an initial DIR of .65 to .95, this study demonstrates meaningful progress
toward equitable outcomes. The use of analogies, like the apple baskets, supports broader
understanding and accessibility, while the formal metric itself ensures academic rigor. This dual
approach reinforces the ethical imperative to develop and deploy Al systems that are both

technically sound and socially responsible.

4.7.4 Precision, Recall, and F1-score

Precision, recall, and F1-score were evaluated in this research to measure the impact of fairness-
aware adjustments on model performance. These metrics are crucial for assessing how fairness

interventions, such as adversarial debiasing and subgroup reweighting, affect predictive reliability.
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While fairness metrics like Statistical Parity Difference (SPD), Equalized Odds (EO), and
Disparate Impact Ratio (DIR) quantify bias reduction, precision, recall, and F1-score provide
insight into whether the model maintains effective detection across Fitzpatrick skin types after bias

mitigation.

The results indicate that precision, which measures the proportion of correctly predicted positive
cases, varied across different fairness-aware configurations. A decrease in precision observed in
certain adjustments suggests that debiasing strategies may have increased sensitivity at the expense
of more false positives. This aligns with previous fairness-aware Al studies, such as fraud detection
models, where recall improvements sometimes led to a decline in precision due to increased
misclassifications (Chawla et al., 2002; Koziarski, 2020). Conversely, recall, which evaluates the
model’s ability to correctly identify actual positive cases, improved for underrepresented
Fitzpatrick skin types. This finding supports prior research in fairness-aware dermatology Al,
where recall was initially lower for darker skin tones due to dataset imbalances, but fairness

interventions helped reduce this disparity (Buolamwini & Gebru, 2018).

F1-score, the harmonic mean of precision and recall, helps consolidate the effects of fairness-aware
modifications. The results show that while recall improved under fairness adjustments, precision
fluctuated, influencing the overall F1-score. This trend is consistent with previous medical Al
studies, where fine-tuning fairness constraints required balancing sensitivity and specificity. The
findings reinforce the necessity of monitoring subgroup classification performance to ensure that

bias mitigation does not degrade predictive reliability.

Comparing these results to existing fairness-aware Al research highlights the importance of

precision, recall, and F1-score in assessing subgroup performance. Prior studies in medical
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imaging have demonstrated that debiasing techniques can enhance recall without significantly
affecting precision, leading to stronger F1-scores and improved fairness outcomes (Adamson &
Smith, 2018). The results of this research align with these observations, confirming that fairness-
aware adjustments can improve subgroup detection while maintaining model effectiveness. By
integrating precision-recall analysis into fairness evaluations, this study contributes to the broader
effort to develop equitable Al systems that uphold both fairness and predictive stability. Figure 4.4

shows the comparison of model performance metrics before and after fairness intervention.

Figure 4.4

Comparison of Model Performance Metrics Before and After Fairness Intervention
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Figure 4.4 shows the differences in precision, recall, and F1-score between the baseline model and
the fairness-aware model. While precision slightly decreased in the fairness-aware version, recall
significantly improved, resulting in a modest overall gain in F1-score. These results highlight the

trade-offs and benefits of incorporating fairness constraints during model training.
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4.8 Evaluation of Predictive Reliability Within Fairness-Aware Adjustments

This research assessed the impact of fairness-aware modifications on model performance using
precision, recall, and F1-score, alongside the Receiver Operating Characteristic (ROC) curve to
evaluate classification reliability across demographic subgroups. Previous sections discussed
Statistical Parity Difference (SPD), Equalized Odds (EO), and Disparate Impact Ratio (DIR),
which quantified bias reduction. Additionally, precision, recall, and F1-score provided insights

into how fairness-aware interventions influenced predictive accuracy.

4.8.1 Impact of Fairness-Aware Modifications on Predictive Metrics

The results indicated that precision, which measured the proportion of correctly predicted positive
cases, varied across different fairness-aware configurations. A decrease in precision observed in
some adjustments suggested that debiasing strategies had increased sensitivity at the expense of
more false positives. This aligned with prior fairness-aware Al studies, such as fraud detection
models, where recall improvements occasionally led to precision trade-offs due to increased

misclassifications (Ganganwar, 2012).

Conversely, recall, which evaluated the model’s ability to correctly identify actual positive cases,
improved for underrepresented Fitzpatrick skin types. This finding supported previous research in
fairness-aware dermatology Al, where recall had been disproportionately low for darker skin tones
due to dataset imbalances, but fairness interventions helped reduce this disparity (Buolamwini &

Gebru, 2018).

The F1-score, which balanced precision and recall, consolidated the effects of fairness-aware

modifications. The results showed that while recall improved under fairness adjustments, precision
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fluctuated, influencing the overall F1-score. Previous medical Al studies demonstrated that fine-
tuning fairness constraints required careful sensitivity-specificity trade-offs (Adamson & Smith,
2018), reinforcing the necessity of monitoring subgroup classification performance to ensure that

bias mitigation did not degrade predictive reliability.

4.8.2 Significance of the ROC Curve in Fairness-Aware Al

To further evaluate the trade-offs between sensitivity (recall) and specificity, this research
incorporated ROC curve analysis. The ROC curve served as a crucial tool in visualizing how well

the model distinguished between classes under fairness-aware interventions.

The Area Under the Curve (AUC) provided a quantitative measure of classification effectiveness
across different fairness configurations. Higher AUC values indicated improved predictive
performance, demonstrating that fairness-aware adjustments enhanced subgroup detection while
maintaining classification stability. This aligned with broader fairness-aware Al applications,
where ROC curves had been used to assess bias mitigation in clustering models (FACROC
approach), general Al performance, and fairness-aware medical diagnostics. Figure 4.5 shows the

ROC curve comparison between baseline and fairness-aware models.

The results in Figure 4.5 confirmed that both models attained an AUC of 1.00, signifying perfect
classification performance. The fairness-aware model preserved its discriminative power,

affirming that fairness constraints did not compromise classification accuracy.
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Figure 4.5

ROC Curve Comparison Between Baseline and Fairness-Aware Models
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The results in Figure 4.5 confirmed that both models attained an AUC of 1.00, signifying perfect

classification performance. The fairness-aware model preserved its discriminative power,

affirming that fairness constraints did not compromise classification accuracy.

By integrating ROC curve analysis, this study contributed to ongoing efforts to develop equitable

Al systems that upheld fairness principles while ensuring reliable model predictions.
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4.9 Global Evaluation of Diagnostic Accuracy and Model Robustness

To complement the subgroup-focused classification analysis, this section evaluates the global
diagnostic performance of the fairness-aware model using statistical metrics: R2 (Coefficient of
Determination), RMSEA (Root Mean Square Error of Approximation), RMS (Root Mean Square

Error), and, overall, ROC curve analysis.

4.9.1 Coefficient of Determination (R?)

The Coefficient of Determination (R?) has become a staple for evaluating regression-based models
in Al-driven healthcare. In machine learning workflows, R? quantifies the proportion of outcome
variance explained by model features, helping practitioners compare model variants and tune
hyperparameters (Onose, 2023). It ranges from 0 (no explanatory power) to 1 (perfect fit). PeerJ
Computer Science demonstrated R?’s value over other fit measures in biomedical regression tasks,
showing it yields clearer insights into how well models capture the true signal in noisy clinical

data (Chicco et al., 2021).

In this study, R? was used to gauge how much of the variation in diagnostic risk scores for skin
lesions could be captured by the models’ outputs. By comparing R? values for the baseline CNN
and the fairness-aware CNN, it became possible to determine whether adversarial debiasing

impacted not only equity metrics but also the model’s ability to generalize clinical patterns.

The fairness-aware model attained an R? of .87, up from .83 for the baseline, indicating that it
explained 87 percent of the variance in diagnostic outcomes. This improvement demonstrates that
the fairness-aware enhancements preserved and slightly elevated the model’s predictive

explanatory power.
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4.9.2 Root Mean Square Error of Approximation (RMSEA)

The Root Mean Square Error of Approximation (RMSEA) is a global fit index originally proposed
by Steiger and Lind (1980) and popularized by Browne and Cudeck (1993) in structural equation
modeling. It assesses how well a hypothesized model, with optimally chosen parameters,
reproduces the population covariance matrix while penalizing for model complexity. RMSEA
values range from 0 (perfect fit) to 1 (poor fit), with values below .05 indicating a close fit, values
up to .08 representing reasonable approximation, and values above .10 suggesting poor fit (Xia &

Yang, 2019).

In this study, RMSEA was used to evaluate whether embedding adversarial debiasing via a
gradient reversal layer altered the overall fit of the dermatological risk-prediction model. By fitting
both the baseline CNN and the fairness-aware CNN within a confirmatory framework, RMSEA
quantified the degree to which each model’s implied covariance structure matched observed
diagnostic outcomes. The RMSEA dropped from .045 for the baseline model to .038 for the
fairness-aware model, remaining well below the .05 threshold for close fit. This decline confirms

that fairness constraints were integrated without disrupting the model’s structural integrity.

4.9.3 Root Mean Square Error (RMSE)

The Root Mean Square Error (RMSE) quantifies the typical magnitude of prediction errors by
computing the square root of the mean of the squared residuals. RMSE values range from 0 (perfect
agreement) to infinity, with lower values indicating closer alignment between predicted and

observed outcomes. In clinical predictive modeling, RMSE is a standard measure of calibration
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and reliability, penalizing larger errors more heavily than simpler averages and helping to ensure

that continuous risk scores faithfully reflect true outcome probabilities (Zach, 2021).

In this study, RMSE was applied to the diagnostic risk scores generated by both the baseline and
the fairness-aware CNNs on the hold-out ISIC test set. The fairness-aware model reduced RMSE
from .130 to .115, indicating improved predictive calibration and closer agreement with actual
lesion diagnoses. Figure 4.6 shows the comparison of validation metrics between baseline and

fairness-aware models.

Figure 4.6

Comparison of Validation Metrics for Baseline and Fairness-Aware Models

Validation Metrics: Baseline vs. Fairmess-Aware Maodel

. RIREA A2

0870 0.045 0130

0.8r

06r

value
Value

0.2r

0.0

cliné war® geliné pwar®

i\ "
e ¥ caime®

e\\ne’ o are

S .
g faine*”

e

Figure 4.6 illustrates the performance comparison of three validation metrics (R?, RMSEA, and
RMS) for a baseline model versus a fairness-aware model. The fairness-aware model showed
improved R? (+4.8%), lower RMSEA (-15.6%), and reduced RMS (-11.5%) compared to the

baseline, indicating better fit and reduced prediction error following fairness adjustments. This
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highlights the effectiveness of fairness-aware Al methodologies in refining diagnostic accuracy

while mitigating bias.

Together, the increase in R2, decrease in RMSEA and RMS, and sustained AUC validate the success
of fairness-aware strategies in improving or maintaining diagnostic accuracy. The model achieved
a balance between ethical fairness and statistical rigor, supporting its suitability for equitable

clinical deployment.

4.10 Development of the Framework

In developing the fairness-aware Al framework, this study acknowledges that existing
dermatological Al frameworks have laid the foundation for automated skin cancer diagnostics. As
discussed in Chapter Two, conventional Al systems, including deep learning architectures such as
Convolutional Neural Networks (CNNs), have demonstrated significant diagnostic accuracy,
particularly in classifying melanoma from large-scale datasets like ISIC and Fitzpatrick 17k (Groh
et al., 2021). However, despite their effectiveness, these systems exhibit bias-related challenges,
often disadvantaging underrepresented demographic groups due to imbalanced training data and

non-inclusive algorithm design.

Standard bias mitigation techniques, such as reweighting strategies, equalized odds adjustments,
and fairness toolkits like Al Fairness 360 (AIF360), offer post-hoc corrections to address
disparities in Al predictions (Bellamy et al., 2019). However, as discussed in Chapter Two, these
approaches do not inherently embed fairness constraints within the model training pipeline, leading
to potential fairness-accuracy trade-offs. While models like AIF360 provide essential fairness

evaluation tools, their applicability remains limited in medical imaging contexts, where spatial
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hierarchies and feature dependencies require specialized fairness-aware optimizations (Adamson

& Smith, 2018).

Building upon these existing frameworks, this study developed an enhanced Al architecture that
explicitly integrates fairness-aware mechanisms within the entire model development process,
ensuring equity without sacrificing predictive stability. The framework employed adversarial
debiasing, data augmentation, and fairness-aware optimization constraints to mitigate bias
proactively during model training, rather than applying adjustments retroactively. This structured
approach ensured dermatological Al systems achieve both fairness and clinical reliability,

addressing the limitations of conventional fairness frameworks outlined in Chapter Two.

4.10.1 Stages in Existing Al Frameworks for Dermatological Skin Diagnosis

Existing Al frameworks for dermatological diagnostics follow a structured pipeline, beginning
with data acquisition and preprocessing. In this initial stage, models rely on large-scale datasets
such as ISIC, Fitzpatrick 17k, and DermNet, among other datasets, which contain annotated skin
lesion images. Preprocessing is essential to ensure data consistency, involving techniques such as
image normalization to standardize pixel intensities, noise reduction to enhance image clarity, and
segmentation to isolate lesion regions for focused analysis. Although some frameworks
incorporate data balancing through oversampling underrepresented groups, many conventional
approaches do not explicitly account for demographic bias, leading to disparities in model learning

and diagnostic outcomes.

Following data preparation, feature extraction and representation learning take place, enabling

models to identify patterns in dermatological images. Convolutional Neural Networks (CNNs) are
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commonly used in these frameworks due to their ability to detect textures, shapes, and medical
indicators across multiple layers. CNNs generate feature embeddings that represent lesion patterns
in a structured format, facilitating accurate classification. Dimensionality reduction methods
further optimize the data, ensuring that only clinically relevant indicators are prioritized. However,
while CNNs are effective at learning dermatological features, they may inadvertently encode
biases if certain skin types are underrepresented in the training dataset. This can result in lower
diagnostic accuracy for specific demographic groups, reinforcing disparities rather than addressing

them.

Once features are extracted, the next stage involves model training and optimization, where
frameworks fine-tune parameters to maximize classification performance. Conventional Al
models use standard loss functions such as Cross-Entropy and Focal Loss to refine prediction
probabilities. Backpropagation and gradient-based optimization techniques enhance learning,
while regularization methods, such as dropout layers, prevent overfitting. Despite these
improvements, traditional frameworks do not incorporate fairness constraints during training,
meaning models learn patterns based solely on available data. This approach risks perpetuating
biases if the dataset is imbalanced, leading to disparities in predictive reliability across

demographic subgroups.

After training, models undergo validation and performance assessment to ensure their accuracy in
dermatological diagnostics. Evaluation is typically conducted using conventional metrics such as
accuracy, sensitivity, and specificity, providing insight into the model’s predictive reliability.
Receiver Operating Characteristic - Area Under Curve (ROC-AUC) analysis measures

classification robustness, while confusion matrices help identify false positive and false negative
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rates. While these metrics validate clinical performance, they do not explicitly measure fairness,
leaving bias-related disparities undetected and unaddressed. This limitation underscores the need

for additional fairness-aware evaluations to complement standard validation procedures.

The final stage in existing Al frameworks is deployment and clinical integration, where trained
models are incorporated into real-world diagnostic workflows. Al-driven dermatology systems are
often embedded in cloud-based platforms, allowing clinicians to upload and analyze images
remotely. In many cases, these models are integrated into electronic health records (EHRS),
providing automated diagnostic support for patient management. Some frameworks include
confidence scores to guide clinical decision-making, aiding healthcare professionals in assessing
lesion malignancy. However, bias remains unmonitored after deployment, as existing frameworks
lack dedicated fairness evaluation protocols beyond initial testing. Without fairness-aware
monitoring mechanisms, Al systems risk reinforcing disparities rather than mitigating them,

emphasizing the need for a structured fairness-aware approach in dermatological diagnostics.

While existing frameworks have significantly advanced Al-driven dermatological diagnosis, their
focus remains on optimizing accuracy rather than ensuring fairness. The absence of integrated bias
mitigation strategies within model development and deployment highlights the need for
enhancements that prioritize equitable healthcare outcomes. By addressing these gaps, the fairness-
aware Al framework introduces bias detection, adversarial debiasing, and fairness-aware
optimization strategies to refine dermatological diagnostic models. This ensures that predictive
performance remains robust while actively mitigating disparities, reinforcing the necessity of
fairness-aware interventions within Al-assisted medical applications. Figure 4.7 shows a visual

representation of a standard Al model architecture without adversarial debiasing.
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Figure 4.7

Standard Al Model Architecture Without Adversarial Debiasing (Researcher, 2025)
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Figure 4.7 illustrates a conventional machine learning pipeline without fairness-aware
interventions. The model follows a single prediction head architecture with standard gradient
optimization, lacking mechanisms to suppress biases inherent in sensitive attributes. Unlike
adversarial debiasing, this approach does not actively mitigate bias, potentially encoding

demographic disparities into learned feature representations.
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4.10.2 The Framework

The fairness-aware Al framework addresses the limitations of conventional dermatological
diagnostic models by integrating adversarial debiasing mechanisms directly into the learning
pipeline. Traditional Al-driven dermatology systems, while highly accurate, often exhibit biases
due to imbalanced training datasets and non-inclusive algorithmic design. These biases
disproportionately affect underrepresented demographic groups, particularly individuals with
darker skin tones, leading to disparities in diagnostic reliability. To mitigate these issues, the
fairness-aware framework embeds bias correction techniques at multiple stages of model

development, ensuring equity without compromising predictive accuracy.

Fairness-aware modifications begin at the data preprocessing stage, where data augmentation
techniques such as Synthetic Minority Over-sampling Technique (SMOTE) and Generative
Adversarial Network (GAN)-based image synthesis are employed to correct demographic
underrepresentation. SMOTE generates synthetic samples for minority groups by interpolating
feature values between existing data points, effectively balancing the dataset and reducing bias in
model learning (Tom, 2023). GAN-based image synthesis further enhances representation by
creating artificial but medically realistic dermatological samples, ensuring that underrepresented
skin types are adequately represented in training data (Scott et al., 2019). These preprocessing

techniques improve fairness by addressing data imbalances before model training begins.

Once the dataset is balanced, adversarial debiasing is embedded within model training, ensuring
fairness constraints are integrated into optimization rather than applied post-hoc. This process
involves training a secondary bias discriminator alongside the primary classifier, which detects

and suppresses patterns that reinforce demographic biases (Zheng et al., 2025). Additionally,
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fairness-aware loss functions are incorporated to penalize predictions that rely excessively on
sensitive attributes such as skin type or gender, ensuring that classification decisions are based
solely on medically relevant features (Yang et al., 2023). Gradient-based fairness constraints
further refine model learning by adjusting optimization updates to minimize bias amplification
during training. These adversarial techniques ensure that fairness-aware modifications are inherent

to the model’s learning process rather than retroactively applied.

Following training, validation expands beyond conventional performance metrics to include
fairness evaluations such as Equalized Odds (EO) and Statistical Parity Difference (SPD)
(Zartashea, 2023). Equalized Odds ensures that the model maintains similar sensitivity and
specificity rates across demographic subgroups, preventing disparities in false-positive and false-
negative rates. Statistical Parity Difference quantifies the extent to which predictions are
independent of demographic attributes, verifying that fairness-aware interventions effectively
mitigate bias. Additionally, subgroup-specific ROC curves are generated to assess fairness
improvements across different Fitzpatrick skin types, ensuring that diagnostic reliability remains

consistent across diverse patient populations.

Beyond validation, bias monitoring extends into the deployment phase, incorporating adaptive
fairness correction pipelines that dynamically adjust bias constraints in response to real-world
patient data. These pipelines periodically reassess subgroup disparities, ensuring that fairness-
aware modifications remain effective in clinical applications (Zartashea, 2023). Audit logs and
fairness dashboards provide transparency, allowing healthcare institutions to track fairness trends
in Al-assisted dermatological diagnostics. Furthermore, policy integration ensures compliance

with regulatory fairness standards, reinforcing ethical Al implementation in medical settings.
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By embedding fairness-aware mechanisms directly into model development rather than applying
corrections post-hoc, this framework ensures dermatological Al systems achieve both equity and
reliability in medical diagnostics. Adversarial debiasing and structured fairness-aware
optimizations provide a proactive solution to bias mitigation, setting a new standard for ethical Al
implementation in healthcare. This approach not only enhances fairness but also strengthens trust
in Al-assisted medical decision-making, ensuring equitable healthcare outcomes for all patients.
Figure 4.8 represents a visual representation of the architecture of the fairness-aware Al framework

integrating adversarial debiasing.
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Figure 4.8
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In Figure 4.8, the adversarial debiasing pipeline begins with raw input data X, which undergoes

preprocessing and feature extraction to produce representations:

h = fo(X) ©9)

where fy represents the shared base model parameterized by 6 (theta), these features are then used

in two parallel branches: the primary task and the adversarial task.

In the primary task branch, the base features, h, are passed to a task-specific head g, (phi), which
predicts the target label y’ = g, (h). The corresponding task loss, typically a cross-entropy loss, is

computed as:

Legsk = L_CE(y,y") (10)

where Ltask is the loss function for the primary task (what we want to predict), L_CE is the Cross-
entropy loss function, y is the true/actual labels from the training data, and y' is the predicted labels

from the model (y' = ge(h)).

This loss is used to update both the base model 0 and the task head parameters ¢.

In parallel, an adversarial branch is employed to promote fairness. The features h are passed
through a Gradient Reversal Layer (GRL), which behaves as an identity function during the
forward pass but multiplies gradients by a negative scalar —A during backpropagation. The GRL
transformed features are then passed to an adversary head a,(psi), which attempts to predict a

sensitive attribute s” = a,(GRL(h)). The adversarial loss, also typically cross-entropy, is given by:

Lggy = L_CE(s,s") (12)

100



Where Laav is the adversarial loss function (for fairness/bias mitigation), L_CE is the Cross-entropy
loss function (same as equation 12), s is the true/actual sensitive attributes from the training data

and s' is the predicted sensitive attributes from the adversary head (s’ = a,(GRL(h))).

Training Dynamics:

The training process involves a minimax game between two components:

Adversary y: Trained to minimize L _adv (maximize its ability to predict sensitive attributes from

the base representations).

Base Model 0: Trained to minimize L_task while simultaneously maximizing L_adv (making its

representations less predictive of sensitive attributes) through the GRL mechanism.

The combined objective used to train the base model is then:

Liotat = Ltask + ALqaay (12)

Here, A is a hyperparameter that controls the trade-off between task performance and fairness. Note

that:

e The base model 0 is updated using Ltotal.
e The adversary vy is updated using only Lagv.
e The parameter A (lambda) often requires a gradual increase during training (gradient

reversal schedule) to ensure stable convergence.

After training, outputs can undergo post-processing adjustments, such as threshold tuning or

reweighting, to further enhance fairness. Evaluation includes both accuracy and fairness metrics,
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such as Equalized Odds, which assesses whether prediction errors are equally distributed across

groups defined by the sensitive attribute.

During deployment, only the base model fo and task head g, are used to make predictions. The
adversary head a, is discarded, as it was only needed during training to enforce fairness constraints

on the learned representations.

4.10.3 Comparative Analysis of Standard Training vs. Adversarial Debiasing in Fairness-
Aware Al Models

In fairness-aware Al models, standard training follows conventional machine learning approaches,
optimizing predictive accuracy without explicit bias mitigation strategies. While this method
ensures high overall performance, it often amplifies existing biases due to false correlations
between sensitive attributes and target variables. In contrast, adversarial debiasing introduces an
auxiliary adversary network trained to identify and suppress bias patterns, ensuring predictions
remain independent of sensitive attributes. While adversarial debiasing promotes fairness-aware
predictions, its joint optimization process introduces computational complexity and necessitates
careful hyperparameter tuning. Table 4.2 summarizes the key distinctions between these

approaches, comparing their architecture, bias mitigation strategies, and impact on representations.
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Table 4.2

Structural and Methodological Differences Between Standard Al Training and Adversarial

Debiasing for Fairness Optimization

Component Standard Training Adversarial Debiasing
Architecture Single prediction head Dual heads (task + adversary)
Loss Function Single task loss Joint loss: Ltask - ALadv

Gradient Reversal Layer (GRL) for

Gradient Flow Standard backpropagation
adversary

Sensitive Attributes  Not utilized Required as adversary targets

Bias Mitigation None (may amplify biases)  Actively suppresses bias patterns
May encode  sensitive

Representations Debiased latent representations
attributes
Potentially biased

Deployment Output Fairness-constrained predictions
predictions

Runtime Overhead None Adversary discarded post-training

Table 4.2 provides a comparative analysis of the standard training approach versus the adversarial

debiasing method used in fairness-aware Al modeling. While conventional training relies on a
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single prediction head with standard optimization techniques, adversarial debiasing introduces a
dual-head architecture, where a secondary adversary network actively mitigates bias patterns by
learning demographically invariant representations. The introduction of a Gradient Reversal Layer
(GRL) enables controlled suppression of sensitive attribute dependencies, ensuring that fairness
constraints are embedded into model optimization. Furthermore, while standard training lacks
explicit bias mitigation mechanisms, adversarial debiasing incorporates fairness-aware loss
functions, such as Lisk - ALadv, Which regulate the influence of demographic attributes on
predictions. This approach ensures that the deployed model produces fairness-constrained
predictions, preventing biased outcomes that could disproportionately affect underrepresented
demographic groups. The comparative insights presented here highlight the structural and
methodological distinctions between the two approaches, reinforcing the necessity of fairness-

aware interventions in Al-driven dermatological diagnostics.

4.11 Model Validation

Model validation is the systematic process in which a trained model is evaluated on a separate
testing dataset to assess its generalization ability (Wang & Zheng, 2013). This evaluation
determines whether a machine learning model meets predefined criteria for accuracy, fairness,
robustness, and generalizability before deployment. It involves assessing performance across
diverse datasets to ensure that predictions remain reliable and unbiased, often incorporating
statistical significance tests; fairness-metric evaluations such as Statistical Parity Difference,
Equalized Odds, and Disparate Impact Ratio; and interpretability assessments using techniques

like Shapley values and LIME. By conducting such rigorous validation, researchers and
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practitioners mitigate risks of bias, overfitting, and unpredictable behavior, thereby reinforcing

confidence in the model’s applicability across real-world settings.

Building on these principles, the fairness-aware Al framework employed a multi-dimensional,
five-step validation protocol grounded in canonical fairness literature (Barocas et al., 2023; Hardt
et al.,, 2016). First, quantitative fairness evaluation computes Statistical Parity Difference,
Equalized Odds, and Disparate Impact Ratio on hold-out test splits stratified by Fitzpatrick skin
type. Second, paired t-tests and bootstrap confidence intervals are applied to per-image metric
differences to confirm that observed reductions in group-wise disparity are statistically significant.
Third, robustness and generalizability are assessed by comparing diagnostic performance metrics,
accuracy, AUC-ROC, and root mean square error between the internal ISIC test set and the
independent Fitzpatrick-17k dataset. Fourth, interpretability analyses leverage SHAP explanations
and LIME surrogate models on a stratified case sample to verify the stability of feature attributions
across demographic groups. Finally, stakeholder validation was conducted with a panel of seven
domain specialists, two Al researchers, three senior software developers, and two dermatologists,
who reviewed the frameworks. This approach ensured that fairness improvements are statistically

sound, clinically meaningful, and ethically robust for deployment in precision dermatology.

4.11.1 Fairness Metrics and Statistical Significance Testing

Bias quantification in this study was conducted using three widely recognized fairness metrics:

Statistical Parity Difference (SPD): Measures the difference in the rate of favorable outcomes

across demographic groups.

Equalized Odds (EO): Assesses disparities in true positive and false positive rates across groups.
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Disparate Impact Ratio (DIR): Represents the ratio of favorable outcomes between groups,

typically protected vs. unprotected.

A comparative analysis of the model before and after adversarial debiasing (Table 4.1)
demonstrated substantial improvements in fairness performance. To ensure that the observed
improvements in fairness metrics were not due to random variation or sample-specific
idiosyncrasies, a statistical significance analysis was performed using paired t-tests on the
distributions of Statistical Parity Difference (SPD), Equalized Odds (EO), and Disparate Impact
Ratio (DIR) before and after the application of adversarial debiasing. These tests were chosen due
to their sensitivity to paired differences in matched samples, aligning with the experimental setup

where the same test instances were evaluated across both model versions.

The resulting p-values for all three metrics were below .05, indicating that the improvements were
statistically significant and unlikely to have occurred by chance. This statistical validation
confirms that the adversarial component contributed to a systematic reduction in bias, rather than

benefiting from dataset-specific noise or overfitting to fairness constraints.

Moreover, these findings are consistent with prior empirical work, such as Zhang et al. (2018),
who demonstrated that adversarial debiasing, when applied with proper gradient reversal and
sensitivity balancing, can achieve significant and replicable fairness improvements across
sensitive attributes like gender and race in classification tasks. Similarly, the comparative fairness
intervention study by Friedler et al. (2019) confirms that adversarial approaches consistently
outperform preprocessing and post-processing techniques in scenarios where fairness must be

balanced against predictive accuracy.
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To further strengthen the reliability of these outcomes, non-parametric alternatives such as the
Wilcoxon signed-rank test were also considered, especially for metrics like DIR, which can be
non-normally distributed. These corroborated the significance findings, demonstrating that the
fairness improvements are robust to statistical assumptions. Additionally, bootstrap resampling (n
= 1000 iterations) was employed to compute confidence intervals for the change in fairness
metrics. The 95% confidence intervals for the differences in SPD, EO, and DIR did not cross zero,
further reinforcing the conclusion that the adversarial debiasing framework achieves meaningful

and reproducible fairness gains.

This statistical validation aligns with the broader literature on fairness-aware machine learning
(Barocas et al., 2023; Mehrabi et al., 2021), which emphasizes the necessity of pairing fairness
improvements with formal significance testing to guard against superficial gains. By integrating
multiple statistical checks, including parametric and non-parametric tests, bootstrapping, and
alignment with literature benchmarks, this study provides compelling evidence that the fairness-

aware modifications in the framework are both effective and statistically credible.

4.11.2 Predictive Stability Analysis

Predictive stability refers to the consistency of a model’s diagnostic performance when subjected
to fairness interventions, ensuring that sensitivity, specificity, and classification integrity remain
intact under equitable design constraints (Rajkomar et al., 2018b). This property is especially
critical in medical Al, where even minor degradations in predictive reliability can affect clinical
decision-making and patient outcomes. To evaluate the predictive stability of the fairness-aware
model developed in this study, a multi-tiered performance assessment encompassing both global

and subgroup-specific metrics was conducted.
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At the global level, the Area Under the Receiver Operating Characteristic Curve (AUC-ROC) was
computed for both the baseline and fairness-aware models. Both models yielded an AUC of 1.00,
confirming that the introduction of adversarial debiasing did not degrade classification
performance. This finding is particularly significant in the context of clinical decision support,
where even marginal reductions in sensitivity or specificity can lead to disproportionate impacts

on patient care outcomes.

Beyond global metrics, subgroup-specific evaluations were performed to assess the robustness of
predictive performance across demographic groups, especially across Fitzpatrick skin types, which
represent varying levels of melanin and are often subject to differential treatment by vision-based
Al models. Results revealed that recall (sensitivity) improved notably for underrepresented skin
types such as Types IV-VI, highlighting the fairness-aware model’s enhanced ability to correctly
identify positive cases in previously disadvantaged groups. At the same time, precision showed
only minor, non-significant fluctuations across subgroups, indicating that fairness interventions

did not increase false positives.

To quantify overall classification balance, F1-scores were computed across subgroups. These
scores remained consistent with medical Al benchmarks (Esteva et al., 2017b) confirming that the
trade-off between sensitivity and precision was maintained post-debiasing. This outcome is
aligned with the broader literature on fairness-aware learning, which emphasizes the importance
of preserving predictive validity while addressing group-based disparities (Holstein et al., 2019;

Friedler et al., 2019).

Furthermore, we performed statistical significance testing on subgroup-specific performance

metrics (precision, recall, and F1-score) using paired t-tests and bootstrapped confidence intervals.
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The observed improvements in recall were statistically significant (p < .05) for underrepresented
groups, while differences in precision remained statistically neutral, reinforcing the claim that
adversarial debiasing enhances sensitivity without introducing systematic bias in prediction

precision.

These results underscore the importance of a dual-objective validation strategy, where fairness is
enhanced without sacrificing clinical reliability. In the context of dermatological diagnostics,
where underrepresentation of darker skin tones is a known challenge, this stability ensures that the
fairness-aware model maintains diagnostic applicability across diverse patient populations. The
consistency of AUC-ROC and F1 performance post-debiasing confirms that fairness interventions
were surgically targeted, modifying group-level disparities without corrupting the model’s overall

inferential integrity.

4.12 Interpretability Validation

Interpretability validation refers to the process of assessing whether a model’s decision-making
logic remains transparent and understandable, especially after fairness-aware modifications have
been applied. In clinical Al, this validation ensures that predictive outputs can be meaningfully
explained to clinicians and stakeholders, preserving trust and accountability in high-stakes
environments (Frasca et al., 2024). In this study, interpretability validation was conducted using
Shapley values and Local Interpretable Model-agnostic Explanations (LIME), which provided
both global and local insights into model behavior. These techniques have become standard in
clinical Al research, offering structured explanations of feature contributions and enabling
clinicians to verify that fairness interventions do not obscure the rationale behind diagnostic

predictions.
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4.12.1 Shapley Values for Global Interpretability

Shapley values, derived from cooperative game theory, quantify the contribution of each feature
to a model’s predictions by computing the average marginal effect across all possible feature
subsets (Roy, 2023). This method ensures that fairness-aware interventions do not
disproportionately alter feature importance rankings, thereby maintaining predictive stability. In
previous studies, Shapley values have been successfully applied to biomedical Al models, such as
myocardial infarction classification, to assess whether fairness-aware modifications preserve
clinically relevant feature dependencies. In this study, Shapley analysis confirmed that adversarial
debiasing did not distort the relative importance of dermatological features, ensuring that lesion

classification remained clinically interpretable despite fairness constraints.

4.12.2 LIME for Local Interpretability

LIME operates by generating perturbed samples around a given instance and fitting a simplified
interpretable model to approximate local decision boundaries (Keita, 2023). This technique is
particularly effective in validating whether fairness-aware modifications maintain consistency in
individual case predictions. In fairness-aware Al applications, LIME has been used to assess bias
mitigation in medical imaging models, ensuring that subgroup-specific fairness constraints do not
obscure clinician-understandable decision pathways (Salih et al., 2024). In this study, LIME
confirmed that fairness-aware adjustments did not introduce erratic prediction shifts, reinforcing

the model’s usability in dermatological diagnostics.

By integrating Shapley values and LIME, this study validated that fairness-aware interventions did

not compromise model transparency or clinical trust. The results demonstrated that adversarial
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debiasing effectively mitigated bias while preserving interpretability, ensuring that dermatologists
can trace and justify Al-assisted diagnostic decisions. These findings align with broader research
in explainable Al (XAl), where interpretability validation is essential for regulatory compliance

and ethical Al deployment.

4.12.4 Adaptive Fairness Correction Pipelines

While this study did not implement dynamic fairness correction mechanisms, its framework aligns
with the core principles of adaptive fairness pipelines. Through adversarial debiasing and synthetic
augmentation, the model proactively reduced bias during training, reflecting the goal of adaptive
systems to self-correct inequities. Fairness was evaluated using metrics such as SPD, EO, and DIR
before and after intervention, enabling subgroup performance assessments similar to longitudinal
fairness checks. Although the correction was applied statically rather than continuously, the study
demonstrated that targeted architectural adjustments can promote fairness and stability. These
findings support the broader vision of adaptive frameworks, such as those proposed by Yadav and
Kale (2024), which emphasize real-time bias detection and correction in federated learning to

reinforce equity across diverse populations.

4.12.5 Real-Time Bias Dashboards for Continuous Monitoring

Bias dashboards provide transparent fairness tracking, allowing clinicians and Al researchers to
visualize subgroup disparities in real time. This study’s emphasis on metric-based fairness
evaluation aligns with their core purpose of interactive bias dashboards. By tracking subgroup
disparities using SPD, EO, and DIR before and after fairness interventions, the framework ensured

that bias mitigation remained transparent and interpretable. This approach reflects the broader
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utility of bias dashboards in fairness-aware Al auditing, as highlighted by Seth (2025), who
emphasized their role in detecting fairness drift and guiding proactive corrections in clinical

settings.

4.13 Expert Validation

Expert validation refers to the process of soliciting structured feedback from domain specialists to
assess the clinical relevance, usability, and deployment feasibility of Al systems beyond what
guantitative metrics alone can capture. In clinical Al, this validation ensures that models not only
meet technical benchmarks but also align with real-world workflows, safety standards, and
stakeholder expectations (Gebara et al., 2025). In this study, the experts involved in the validation
process were selected using purposive sampling, targeting individuals with demonstrated expertise
in artificial intelligence development and dermatological clinical practice. Selection criteria

included:

1. Professional experience of at least five years in Al development, machine learning systems, or

dermatological clinical practice.

2. Relevant domain expertise in medical imaging, healthcare Al systems, or dermatological

diagnostics.

3. Familiarity with Al system evaluation or clinical decision-support technologies.

Based on these criteria, a panel of seven experts was assembled, comprising two Al researchers,
three senior software developers with experience in machine learning systems, and two practicing
dermatologists. This multidisciplinary composition ensured that both the technical robustness and

clinical applicability of the framework could be evaluated from different professional perspectives.
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This process strengthened the system’s clinical relevance and stakeholder confidence, laying the
groundwork for an ethical and effective adoption in diverse healthcare settings. The responses

were as follows:

Table 4.3

Summary of Expert Validation Feedback

Years of
Expert Key Comments
Experience

The reviewer praised the framework as a well-crafted response to a
pressing healthcare equity challenge. The expert singled out your
adversarial debiasing via a gradient-reversal layer and the rigorous
statistical validation (SPD, EO, DIR) as major strengths, noting how
effectively you’ve highlighted the real-world implications for darker
skin tones. To strengthen reproducibility and scope, the expert
recommended detailing dataset provenance and image counts by
1. Researcher 9
demographic subgroup, broadening demographic attributes to
include age, ethnicity, geography, and condition types, and
performing cross-dataset validations. The addition of clinical
accuracy metrics (sensitivity, specificity, AUC), a rationale for your
chosen fairness metrics, more dermatologist input on clinical utility,

transparency around failure modes and resource requirements,

expansion to other medical imaging domains, and practical
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Expert

Years of

Experience

Key Comments

2. Researcher

deployment details, particularly the integration of explainability
techniques like SHAP and deployment feasibility plans was also

recommended.

Strengths: Thorough fairness-metric tracking across training; clear
integration of data-augmentation pipeline; comprehensive literature
grounding.

Areas for improvement: Augment underrepresented subgroups with
real-world samples beyond synthetic data; perform longitudinal
fairness drift analysis; evaluate alternative base architectures for
efficiency trade-offs; detail model calibration procedure; add
statistical tests to compare subgroup performance; discuss privacy-
preserving data practices; propose roadmap for domain adaptation

to other specialties.

3. Senior

Developer

Strengths:  Well-structured, modular codebase; clear data
preprocessing and pipeline orchestration; effective use of open-
source fairness libraries.

Areas for improvement: Introduce CI/CD and containerization
(Docker/Kubernetes) for reproducibility; add unit and integration
tests for fairness hooks; implement performance benchmarks

(GPU/CPU utilization, memory footprint); automate monitoring of
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Expert

Years of

Experience

Key Comments

model drift and data quality; enhance logging for audit trails;
improve code documentation with example notebooks and API

references.

4. Senior

Developer

Strengths: Good use of TensorFlow Fairness Indicators and AIF360
modules; clear separation of bias mitigation stages. Areas for
improvement: Update to latest fairness tool versions; refactor for
batch and streaming inference modes; optimize GPU utilization and
parallelism; integrate real-time fairness dashboard (e.g.,
Grafana/Prometheus); ensure backward compatibility; add error
handling for missing or corrupted inputs; streamline model-serving

architecture for clinical environments.

5. Senior

Developer

Strengths: Adversarial debiasing with GRL is commendable; SPD
drop from 0.35 to 0.05 is impressive while maintaining accuracy.
Areas for improvement: Specify fairness-monitoring cadence post-
deployment; design continuous feedback loops for recalibration;
integrate user-feedback API for clinicians; document rollback
procedures if fairness metrics degrade; consider federated learning

to broaden data sources securely.

6.

Dermatologist

Strengths: Thoughtful emphasis on skin-tone equity; awareness of

underdiagnosis in darker skin.
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Expert

Years of

Experience

Key Comments

Areas for improvement: Validate on a wider spectrum of lesion
types (e.g., inflammatory vs. neoplastic); standardize imaging
capture protocols; assess performance on rare conditions; pilot the
model in live clinic settings to capture workflow impact; collect
clinician usability feedback; clarify guidelines for interpreting

fairness dashboards alongside clinical findings.

7.

Dermatologist

Strengths: Clear vision for reducing misdiagnosis disparities;
transparent feature-attribution plans (SHAP) are promising.

Areas for improvement: Provide clinician-friendly documentation
and training materials; define actionable thresholds for decision
support; evaluate potential over- or under-treatment risks from
fairness adjustments; ensure integration with existing EMR systems;
discuss regulatory and ethical oversight for Al-driven diagnoses;

propose patient-education materials on Al-augmented care.

As recorded in Table 4.3, a structured expert validation exercise, seven domain specialists,

including two practicing dermatologists, two Al researchers, and three senior software developers,

were invited to critically assess the fairness-aware dermatological imaging framework. The

multidisciplinary nature of this review ensured that the system was evaluated from clinical,

technical, and methodological perspectives. Collectively, the experts endorsed the framework’s

design, emphasizing its technical depth, equity-oriented objectives, and its potential to support safe

and ethical Al deployment in dermatology. The feedback is discussed below;
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Expert one, a researcher, commended the framework’s use of adversarial debiasing and fairness
metrics (SPD, EO, DIR) in addressing healthcare disparities, especially for darker skin tones. They
recommended enhancing transparency by detailing dataset composition, extending demographic
coverage, and conducting cross-dataset validation. These suggestions align with findings from
Chinta et al. (2025), who highlight demographic granularity and validation breadth as essential for

model generalizability and ethical deployment.

The researcher found the validation encouraging, confirming the relevance of design choices while
prompting reflection on deployment feasibility, particularly the need for interpretability tools like
SHAP and clarity around computational requirements. The feedback reinforces the importance of
expanding demographic variables, documenting failure modes, and embedding explainability to

ensure broader and responsible clinical integration.

The second expert praised the framework’s fairness-metric tracking, integration of synthetic data
augmentation, and strong literature grounding. However, they recommended complementing
synthetic data with real-world samples, a concern echoed by Ibrahim et al. (2025), who found that
synthetic data alone may not capture clinical variability across subgroups. The call for longitudinal
fairness drift analysis aligns with Davis et al. (2025), who demonstrated that fairness gaps can
emerge post-deployment, requiring sustained monitoring. Suggestions to explore alternative
architectures and detail calibration procedures reflect findings by Liu and Zhao (2023), who
showed that model design and calibration directly affect subgroup performance and
interpretability. The need for statistical tests to compare subgroup outcomes and privacy-
preserving practices, such as differential privacy or federated learning, is consistent with concerns

raised by Murdoch (2021) about re-identification risks in healthcare Al. Finally, the
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recommendation to develop a roadmap for domain adaptation supports broader applicability,
reinforcing the framework’s potential beyond dermatology. Overall, the feedback validates the
current approach while offering clear directions for enhancing fairness, robustness, and ethical

deployment.

The third expert acknowledged the framework’s strong technical foundation, highlighting its
modular codebase, clear pipeline orchestration, and integration of open-source fairness libraries.
However, several engineering enhancements were proposed, including the adoption of CI/CD
workflows, containerization, and automated monitoring. In terms of reproducibility and
deployment, these suggestions are strongly supported in recent literature. Naayini (2025), for
example, demonstrated that containerized healthcare models using Kubernetes and Docker
achieved consistent inference across diverse clinical infrastructures. Similarly, Ferrara et al. (2024)
emphasized the utility of fairness-aware testing suites, noting that without targeted tests, fairness
hooks risk degradation during code updates. The recommendation to incorporate model drift
monitoring and data quality checks aligns with findings from Han (2025), who found that fairness
drift often emerges after model deployment, especially in domains with shifting patient
demographics. Their research underscores the importance of automated surveillance tools for
sustaining equity. Likewise, Towles (2025) called for enriched logging and audit trails in

healthcare Al as a core aspect of compliance, interpretability, and ethical transparency.

While the researcher’s focus had been on fairness methodologies, this feedback broadened the
view, highlighting the importance of operational integrity and long-term ethical accountability.
The call for example notebooks, benchmark reporting, and better documentation is something the

researcher resonates with, as these elements support not only reproducibility but also community

118



trust and collaboration. If fairness is to persist beyond development, it must be embedded in both

the algorithm and its engineering architecture.

While the fourth validator’s recommendations reflect widely accepted engineering advancements,
including real-time inference and fairness dashboards, emerging literature cautions against
viewing these solutions as universally optimal. Studies like Wang and Yang (2025) argue that
aggressive Graphics Processing Unit (GPU) optimization can inadvertently distort fairness
gradients, especially when speed and equity objectives conflict. Similarly, while Grafana and
Prometheus offer transparency through visual metric tracking, Vorst et al. (2025) and independent
audits warn that dashboards may oversimplify fairness by focusing on aggregate parity metrics,
potentially masking deeper subgroup harms. Automated drift detection and error handling, though
vital, require careful governance, as Vorst et al. (2025) found that technical safeguards alone
cannot prevent model degradation without retraining and human oversight. The researcher
interprets this tension as a reminder that fairness-aware deployment demands more than technical
instrumentation; it requires a principled balance between operational agility, ethical transparency,
and stakeholder engagement. This feedback, while valuable, must be integrated thoughtfully

within a broader accountability framework.

The fifth expert praised the framework’s adversarial debiasing via gradient-reversal layers and its
ability to reduce Statistical Parity Difference from .35 to .05 while maintaining accuracy, a
significant fairness gain. However, they emphasized the need for post-deployment governance,
including fairness-monitoring cadence, feedback loops, clinician-facing APIs, rollback protocols,
and federated learning. These recommendations align with Dolin et al. (2025), who demonstrated

that fairness drift can emerge after deployment and advocated for label-efficient monitoring
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strategies to sustain equity. The call for clinician feedback interfaces is supported by Corti (2024),
whose study showed that real-time feedback tools improved diagnostic trust and reduced error
rates in clinical Al. Additionally, Dhade and Shirke (2023) emphasized federated learning as a
privacy-preserving method for expanding data diversity across institutions without compromising
security. The researcher interprets this feedback as a call to extend fairness beyond training,
reinforcing my belief that equitable Al requires not just statistical rigor but sustained clinical

accountability and inclusive feedback mechanisms.

The sixth expert, a dermatologist, recognized the framework’s thoughtful emphasis on skin-tone
equity and its awareness of underdiagnosis in darker skin, a vital affirmation of its clinical
relevance. However, they advised extending validation to encompass a broader range of lesion
types, such as inflammatory versus neoplastic conditions, which aligns with studies like Groh et
al. (2022) that stress diagnostic variability across lesion categories. The need to standardize
imaging protocols also echoes literature that warns against the bias introduced by inconsistent
lighting, angles, and resolution, suggesting that reproducibility hinges on controlled image
acquisition environments. Additionally, the expert’s call to assess performance on rare conditions
underscores the equity imperative, as underserved populations often present with atypical or less-
studied skin disorders; this view is supported by Precedence Research (2025), which argued that
neglecting rare diagnoses undermines the inclusivity goals of clinical Al. The suggestion to pilot
the model in live settings and gather clinician usability feedback reflects the increasing consensus
that workflow integration and end-user trust are as critical as model precision. Finally, the
recommendation to clarify how fairness dashboards should be interpreted alongside clinical
findings touches on a recurring challenge: translating abstract metrics into actionable, context-

aware insights. The researcher interprets this feedback as a necessary invitation to deepen the
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framework’s clinical integration, not only through quantitative expansion but also through human-

centered validation that ensures fairness resonates within real-world dermatological practice.

The final dermatologist validator affirmed the framework’s clear vision for reducing misdiagnosis
disparities and welcomed its transparent SHAP-based feature attribution plans, which offer
promise for clinical interpretability. However, they emphasized the need to support clinicians
through tailored documentation and training, define actionable decision-support thresholds, and
evaluate risks of over- or under-treatment stemming from fairness adjustments. These concerns
resonate with findings from Sohail (2024), whose human-centered Al workflows improved
clinician trust and reduced diagnostic ambiguity, and Farah et al. (2023), who highlighted that
interpretability alone is insufficient without usability guidance. The call to integrate with
Electronic Medical Record (EMR) systems and provide patient-facing education aligns with the
broader push toward responsible, inclusive Al in clinical settings. | interpret this feedback as a
necessary evolution, from fairness as a model property to fairness as a lived clinical experience,
requiring not only algorithmic transparency but also stakeholder-specific support and

communication.
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CHAPTER FIVE

SUMMARY OF THE FINDINGS, CONCLUSIONS, AND RECOMMENDATIONS

5.1 Introduction

This chapter presents a reflective analysis of the study’s outcomes, drawing connections between
the research objectives, key findings, and their broader implications in fairness-aware Atrtificial
Intelligence (Al) for dermatological diagnostics. It begins with a summary of the main results
framed around the original objectives, then proceeds to draw conclusions informed by empirical
evidence and expert input. The chapter also discusses the clinical, ethical, and practical
implications of the framework, outlines study limitations, and offers concrete recommendations
for future research and implementation. In doing so, it seeks to position the study not only as a

technical contribution but also as a meaningful step toward equitable healthcare innovation.

5.2 Summary of the Findings of the Study

This study set out to critically examine the integration of fairness-aware mechanisms into Al
systems for dermatological skin imaging, with the ultimate goal of developing and validating a
bias-mitigating diagnostic framework. Guided by three specific objectives, the research explored
both the theoretical underpinnings and practical applications of fairness in medical imaging. The
following section provides a structured summary of the findings aligned with each objective,

highlighting key insights and contributions drawn from empirical analysis and expert feedback.

5.2.1 Effectiveness of Adversarial Debiasing Mechanisms Used in Diagnostic Imaging
The first objective evaluated adversarial debiasing in Al-driven diagnostic imaging. The findings

of this study show that adversarial debiasing can significantly reduce demographic bias in
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dermatological diagnostic models. By integrating a predictor—adversary architecture during model
training, the system was able to suppress bias-related features associated with sensitive attributes
such as skin tone and gender. The experimental results demonstrated that Statistical Parity
Difference improved from 0.35 to 0.05, indicating a substantial reduction in disparities across

demographic groups, while the overall classification accuracy remained stable.

From the researcher’s perspective, these results confirm that fairness-aware optimization
techniques can be incorporated into diagnostic Al systems without sacrificing clinical
performance. However, the study also observed that adversarial debiasing alone does not
completely solve fairness challenges. Issues related to interpretability and the potential impact on
certain diagnostic metrics suggest that adversarial methods should be combined with
complementary strategies such as balanced datasets and transparency tools. Therefore, adversarial
debiasing should be viewed as a key component of a broader fairness-aware framework rather than

a standalone solution.

5.2.2 Frameworks Used in Diagnostic Imaging

The analysis of existing fairness frameworks revealed that most current tools provide useful
mechanisms for detecting and mitigating bias in machine learning systems, but remain limited
when applied to dermatological imaging. Frameworks such as IBM Al Fairness 360, Fairlearn,
and TensorFlow Fairness Indicators offer standardized approaches for fairness evaluation and bias
mitigation. However, the study found that these frameworks were primarily designed for structured

datasets and therefore struggle to address the complexities of medical imaging data.

In the assessment, the main limitation of these frameworks lies in their inability to handle pixel-
level bias and intersectional disparities present in dermatological datasets. Even domain-specific

platforms such as MONAI focus largely on improving model performance rather than embedding
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fairness constraints within the model training process. These findings highlight the need for
fairness-aware frameworks that integrate bias mitigation directly within the Al development

lifecycle rather than relying solely on post-hoc corrections.

5.2.3 The Framework for Mitigating Bias in Diagnostic SKkin Imaging

The third objective centered on the design and validation of a comprehensive fairness-aware
framework for dermatological diagnostic imaging. Based on the limitations identified in existing
approaches, this study developed and validated a fairness-aware framework specifically designed
for dermatological diagnostic imaging. The framework integrates adversarial debiasing, data
augmentation strategies, and fairness monitoring mechanisms to address both algorithmic and

data-related sources of bias.

The evaluation results indicate that the framework successfully improved fairness while
maintaining strong diagnostic performance. Statistical Parity Difference was reduced from 0.35 to
0.05, while classification metrics such as precision, recall, and F1-score remained stable. From the
researcher’s standpoint, these findings demonstrate that fairness-aware interventions can be

effectively embedded within deep learning pipelines without compromising clinical reliability.

In addition, expert validation confirmed that the framework is both technically feasible and
practically relevant for clinical environments. Experts highlighted its modular architecture,
fairness monitoring capabilities, and compatibility with existing Al development workflows.
These findings suggest that the framework offers a practical approach for improving fairness in

Al-assisted dermatological diagnostics.
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5.3 Conclusions of the Study

Building on the findings associated with each objective, this study demonstrated that adversarial
debiasing can serve as an effective mechanism for mitigating demographic bias in Al-driven
dermatological diagnostic systems. By implementing a predictor—adversary architecture with a
gradient reversal mechanism, fairness constraints were embedded directly within the model
training process rather than applied as post-hoc corrections. The results showed a substantial
improvement in fairness metrics, with Statistical Parity Difference decreasing from 0.35 to 0.05,
while overall diagnostic performance remained stable. The model maintained strong classification
accuracy and consistent sensitivity across different Fitzpatrick skin types and gender groups,
confirming that fairness interventions can be integrated into clinical Al systems without

compromising diagnostic reliability.

The study also examined existing fairness toolkits, including IBM’s Al Fairness 360, Microsoft’s
Fairlearn, and TensorFlow Fairness Indicators, and found that while these frameworks provide
valuable tools for fairness auditing and bias mitigation, they are primarily designed for structured
tabular datasets. As a result, they lack built-in mechanisms to address the complexities of medical
image analysis, such as pixel-level bias, annotation variability, and intersectional disparities in
dermatological datasets. Although domain-specific platforms such as MONAI provide stronger
support for medical imaging pipelines, their emphasis on performance optimization rather than
explicit fairness constraints highlights the need for frameworks that integrate bias mitigation

directly within the learning process.

To address these limitations, this study developed and validated a fairness-aware diagnostic
framework that integrates adversarial debiasing, synthetic data augmentation, subgroup-sensitive

performance monitoring, and expert-informed interpretability mechanisms. By embedding
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fairness considerations across multiple stages of the Al development lifecycle, including data
preparation, model training, validation, and deployment monitoring, the framework demonstrated
the ability to reduce demographic disparities while maintaining clinically relevant predictive

performance.

Overall, the findings of this research highlight the importance of incorporating fairness-aware
design principles into the development of medical Al systems. Ensuring equitable performance
across diverse patient populations requires fairness interventions that operate throughout the entire
model lifecycle, from dataset construction to deployment monitoring. By integrating adversarial
debiasing and fairness-aware evaluation within dermatological diagnostic systems, this study
contributes to the advancement of responsible and equitable Al in healthcare and provides a

practical framework for reducing bias in Al-assisted medical decision-making.

5.4 Implications of the Study

The findings of this study have several important implications for the development and deployment
of artificial intelligence systems in healthcare, particularly in dermatological diagnostic imaging.
First, the results demonstrate that fairness-aware modeling can be successfully integrated into deep
learning pipelines without compromising diagnostic performance. The developed framework
shows that adversarial debiasing, combined with data balancing techniques and fairness
monitoring mechanisms, can significantly reduce demographic disparities in Al predictions. From
the researcher’s perspective, this finding reinforces the importance of incorporating fairness

constraints during model training rather than relying solely on post-hoc bias corrections.

Second, the study has practical implications for clinical applications of Al in dermatology. By
improving fairness metrics across different Fitzpatrick skin types while maintaining strong

classification performance, the framework provides a pathway for developing diagnostic tools that
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perform more consistently across diverse patient populations. This has the potential to reduce
disparities in dermatological diagnosis, particularly for individuals with darker skin tones who
have historically been underrepresented in dermatological datasets. Integrating fairness-aware Al
systems into clinical workflows may therefore enhance both diagnostic reliability and patient trust

in Al-assisted medical decision-making.

Third, the research highlights important implications for Al governance and regulatory oversight
in healthcare. The framework developed in this study demonstrates the value of embedding
fairness monitoring mechanisms, interpretability tools, and subgroup performance evaluations
within Al systems used for clinical decision support. These features align with emerging ethical
guidelines and regulatory expectations that emphasize transparency, accountability, and equitable
performance in medical Al systems. Healthcare institutions and regulatory bodies may therefore
consider incorporating fairness evaluations as part of Al system approval and monitoring

processes.

Finally, this study underscores the importance of interdisciplinary collaboration in the
development of fairness-aware Al systems. The expert validation process conducted in this
research revealed that input from clinicians, Al researchers, and software developers plays a
critical role in ensuring that Al frameworks are not only technically robust but also clinically
relevant and deployable. The researcher, therefore, argues that future healthcare Al systems should
be developed through collaborative, stakeholder-driven processes that balance technical

innovation with ethical and clinical considerations.

5.5 Limitations of the Study
Despite the contributions made in developing a fairness-aware framework for dermatological

diagnostic imaging, several limitations should be acknowledged. First, the effectiveness of the
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framework was influenced by the limitations of the available datasets. The dermatological imaging
dataset contained limited demographic annotations and imbalanced representation across
Fitzpatrick skin types. Although demographic attributes were inferred and data augmentation
techniques were applied to improve representation, these constraints may affect the

generalizability of the framework across broader and more diverse patient populations.

Second, the validation of the developed framework relied on feedback from a relatively small
number of domain experts. While the participating experts provided valuable insights regarding
the technical feasibility and clinical relevance of the framework, a larger and more diverse group
of clinicians and Al practitioners would have enabled a more comprehensive evaluation of its

usability and deployment readiness in real-world healthcare settings.

Finally, the implementation of the framework was limited by computational and resource
constraints. Although the framework successfully incorporated adversarial debiasing and fairness
monitoring mechanisms, more advanced techniques such as multi-adversarial learning or federated
learning architectures were not explored within the scope of this study. Future work may extend
the framework by incorporating these approaches and evaluating its performance using larger

multi-institutional datasets.

5.6 Recommendations
Based on the findings of this study, several recommendations are proposed to support the
development and responsible deployment of fairness-aware artificial intelligence systems in

dermatological diagnostic imaging.

First, developers of medical Al systems should incorporate fairness-aware mechanisms directly

within model development pipelines rather than relying solely on post-hoc bias mitigation
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techniques. The framework developed in this study demonstrates that adversarial debiasing and
fairness monitoring mechanisms can be integrated into deep learning architectures without
compromising diagnostic accuracy. Future Al development efforts should therefore prioritize

fairness-by-design approaches to ensure equitable performance across diverse patient populations.

Second, healthcare institutions and clinicians adopting Al-assisted diagnostic systems should
include fairness evaluation as part of the model validation and deployment process. In addition to
conventional performance metrics such as accuracy and sensitivity, fairness metrics including
Statistical Parity Difference and Equalized Odds should be regularly monitored to detect potential
disparities in model predictions across demographic subgroups. Integrating fairness audits into
clinical evaluation procedures can help ensure that Al systems support equitable healthcare

delivery.

Third, there is a need to improve the availability of diverse and well-annotated dermatological
imaging datasets. The findings of this study highlight the challenges associated with limited
demographic representation in existing datasets. Future data collection initiatives should prioritize
balanced representation across different skin tones, genders, and age groups to support the

development of more inclusive Al diagnostic systems.

Finally, further research should extend the fairness-aware framework by exploring more advanced
bias mitigation strategies and validating the framework in larger, multi-institutional clinical
datasets. Techniques such as federated learning, multi-adversarial architectures, and real-time
fairness monitoring systems may further enhance the robustness and scalability of fairness-aware

Al models in healthcare environments.
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Commission for Science, Technology and Innovation (NACOSTI) https://research-portal.nacosti.go.ke
and also obtain other clearances ngeded

Kisi UNIV!RBITY

Yours sincerely, 'Wnl;‘l;!gl: AL Sc coNr:(rgK AND
* J0 MAY 2025 -

Prof. Samson Maobe

Chairman CHAIRMAN
Institutional Scientific and EthipB ReBunvi0thi1diZitfe Kisli (Kenya)
KISII UNIVERSITY
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Appendix C: Research Permit

REPUBLIC OF KENYA NATIONAL COMMISSION FOR
SCIENCE,TECHNOLOGY & INNOVATION

Ref No: 779664 Date of Issue: 20/June/2025

RESEARCH LICENSE

g

This.is. to Certify ll.m( Mr.: Joshua Mwaura Waithira of Kisii University, has been licensed to conduct research as per the
provision of the Science, Technology and Innovation Act, 2013 (Rev.2014) in Kisii on the topic: A FRAMEWORK FOR
MITIGATING BIAS IN ARTIFICIAL INTELLIGENCE SYSTEMS USED IN DIAGNOSTIC SKIN IMAGING for the period

ending : 20/June/2026. '
License No: NACOSTI/P/25/4175012 i

779664 ez . ¢
Deputy Director
NATIONAL COMMISSION FOR
SCIENCE,TECHNOLOGY &
INNOVATION

Applicant Identification Number

Verification QR Code

NOTE: This is a computer generated License. To verify the authenticity of this document,
Scan the QR Code using QR scanner application.

See overleaf for conditions
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Appendix D: Expert Validation Tool

A FRAMEWORK FOR MITIGATING BIAS IN ARTIFICIAL INTELLIGENCE
SYSTEMS USED IN DIAGNOSTIC SKIN IMAGING

Researcher: JOSHUA WAITHIRA

Contact: 0703834453

Problem Statement

Al models used in medical diagnostics, particularly in dermatological imaging, have been shown
to exhibit biases that disproportionately affect certain demographic groups. This issue arises
because training datasets often lack diversity, meaning the Al learns patterns that may not be
equally accurate for all populations. In dermatology, this has led to higher misclassification rates
for individuals with darker skin tones, making Al-assisted diagnosis unreliable for equitable
healthcare. This study aims to address bias in diagnostic imaging by integrating adversarial
debiasing mechanisms, a method designed to actively reduce bias in Al predictions without

compromising diagnostic accuracy.

Study Objectives

This research is structured around three key objectives:

To evaluate the effectiveness of adversarial debiasing mechanisms used in diagnostic imaging

(determining how well these methods reduce bias while maintaining predictive accuracy).

To analyze existing frameworks used in diagnostic imaging (reviewing current Al models to

identify their limitations in fairness and interpretability).

156



To develop and evaluate an enhanced framework for minimizing bias in diagnostic imaging

(proposing a fairness-aware Al framework optimized for equitable diagnosis).

Solution Approach

To resolve the fairness challenges in Al-assisted dermatological diagnostics, this study develops a

two-model approach:

Base Model - a standard deep learning model trained using conventional techniques, likely to

reflect existing biases.

Fairness-Aware Model - an improved version using adversarial debiasing, which ensures that

predictions remain independent of sensitive attributes like skin tone and gender.

The fairness-aware model introduces an adversary network, trained alongside the primary
diagnostic model, which actively suppresses bias patterns by preventing the Al from
unintentionally encoding demographic disparities. The effectiveness of this approach is confirmed

through statistical validation.

Statistical Validation Results

The fairness-aware model was assessed using key fairness metrics, which quantify bias reduction

across demographic subgroups:

Metric Pre-Debiasing (Standard Post-Debiasing (Fairness-
Model) Aware Model)

Statistical Parity Difference
.35 .05

(SPD)

Equalized Odds (EO) 42 12
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Disparate Impact Ratio (DIR) .65 .95

What These Results Mean:

Statistical Parity Difference (SPD) measures whether predictions are equally distributed across
subgroups. A high SPD (.35) before debiasing shows unequal prediction rates across demographic
groups, while a lower value (.05) after debiasing confirms that the fairness-aware model

significantly improved equity.

Equalized Odds (EO) evaluates whether the model performs equally for different subgroups,
specifically in terms of sensitivity and false positive rates. Before debiasing (EO = .42), the model
showed substantial disparities in classification accuracy across groups. After debiasing (EO =.12),
bias in false-positive and false-negative rates was significantly reduced, ensuring consistent

diagnostic reliability across demographic subgroups.

Disparate Impact Ratio (DIR) assesses whether predictions remain proportional across
populations. A low DIR (.65) suggests that certain subgroups received systematically different
treatment in predictions, whereas a higher DIR (.95) after debiasing confirms that fairness-aware

modifications helped restore balance.

Paired t-tests conducted across fairness metric distributions confirm statistically significant bias
reduction (p-value < .05), ensuring that fairness-aware modifications are not random fluctuations,

but true improvements in model fairness.

The Framework

The attached diagram visually presents a fairness-aware Al framework
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This framework illustrates an adversarial debiasing pipeline designed to mitigate bias during
model training in clinical machine learning tasks. It begins with input data undergoing
preprocessing and feature extraction before entering the main training block. The base model
outputs are split into two branches: a task-specific head that focuses on the primary prediction task
and an adversarial head connected via a Gradient Reversal Layer (GRL). The adversarial head
learns to predict sensitive attributes (e.g., race, gender), and its gradients are reversed to penalize
the base model for encoding demographic cues, thereby reducing bias. Losses from both the task
and adversarial branches are used to iteratively update the model and the adversary. After training,
predictions are post-processed and evaluated using fairness metrics like Equalized Odds, alongside
traditional accuracy metrics. During deployment, only the base model and task-specific head are

retained to generate fair predictions without including the adversarial components.
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Validation Goals for Experts

Validation

Domain

Core Questions

Clinical

Applicability

Fairness

Transparency

Model

Interpretability

Deployment

Feasibility

Does the model maintain diagnostic accuracy expected in real-world clinical
settings? Is its performance consistent across diverse patient populations (e.g.,

skin tones, demographics)?

Avre fairness interventions (e.g., Equalized Odds, SPD) statistically sound and
ethically grounded? Are disparities across sensitive groups minimized and

measurable?

Can both developers and clinicians understand how the model arrives at its
predictions? Do explainability methods (e.g., SHAP, heatmaps) align with

medical reasoning?

Can the system be deployed with safeguards to monitor fairness over time?
Are post-deployment updates feasible under changing data or population

shifts?

Response Form.

Kindly fill in your responses in the table below.

Occupation Years  of | Comments
.e. Senior | experience
developer
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