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[bookmark: _Toc214325276]1.Abstract 
Recent advancements in machine learning (ML) have transformed healthcare diagnostics by enabling scalable, data-driven decision support systems that achieve expert-level performance across a range of clinical tasks. However, an expanding body of evidence demonstrates that ML models can embed and amplify structural biases, disproportionately affecting marginalised demographic groups and undermining the reliability, safety, and ethical acceptability of AI-assisted diagnostic tools. These biases—whether arising from non-representative datasets, labelling inconsistencies, measurement disparities, or algorithmic design—carry profound consequences, including misdiagnosis, unequal treatment pathways, and erosion of trust in digital healthcare infrastructures.
This study proposes a mixed-methods framework for critically evaluating bias in machine learning diagnostic systems by combining quantitative experiments on two large-scale healthcare datasets—MIMIC-III (clinical data) and the NIH ChestX-ray14 dataset (medical imaging)—with qualitative inquiry via semi-structured interviews with data scientists, healthcare practitioners, and ethics educators. The quantitative component uses cutting-edge fairness metrics to analyse performance discrepancies across demographic groups and compares the efficacy of bias-mitigation tactics used before, during, and after processing. The qualitative component investigates the influence of ethical reasoning, professional awareness, and training on practitioners' ability to recognise and reduce algorithmic bias.
This project intends to create a fresh scientific and ethical framework that promotes responsible AI practices in healthcare settings by combining empirical evaluation and socio-technical analysis. The predicted findings will help to create fairness-aware ML models, improve policy and instructional strategies for data science courses, and promote global efforts for transparent, equitable, and responsible AI governance in healthcare.


[bookmark: _Toc214325277]2. Introduction
[bookmark: _Toc214325278]2.1. Context and Background
Artificial intelligence (AI) and machine learning (ML) have become essential components of modern healthcare systems, providing highly accurate diagnostic tools to aid decision-making in radiology, dermatology, cardiology, ophthalmology, and intensive care. Deep learning architectures, particularly convolutional neural networks (CNNs), can currently perform at the human level in tasks like skin cancer detection [5], pneumonia classification from chest X-rays [6], and cardiovascular risk prediction [9]. These innovations promise greater efficiency, quicker disease identification, and customised treatment approaches.
	
However, despite their effectiveness, machine learning systems are not neutral. Their performance is strongly reliant on the accuracy, representativeness, and integrity of the data used to train them. Numerous research studies have demonstrated that ML models can transmit demographic differences found in historical clinical data. Obermeyer et al. [1] discovered that a widely used healthcare risk-prediction algorithm consistently overestimated the demands of Black patients due to training labels based on unequal healthcare expenditure trends. Similarly, Buolamwini and Gebru [2] found that commercial facial-analysis tools had up to 34% greater mistake rates for darker-skinned women than for lighter-skinned men.

In healthcare, such discrepancies are more than just technological flaws; they have life-altering and potentially fatal consequences. Diagnostic algorithms based on non-representative datasets have the potential to misdiagnose illnesses in minority communities, exacerbating existing healthcare disparities. Larrazabal et al. [7] discovered that CNN models trained on gender-imbalanced medical imaging datasets consistently misclassified female patients. Similar tendencies have been seen in dermatological AI systems that favour lighter skin tones [8] and cardiology prediction algorithms that underperform for women and ethnic minorities [9].

Along with technical obstacles, the ethical environment of AI in healthcare has shifted dramatically. AI4People [14], WHO guidelines on AI ethics [15], and the EU AI Act all promote fairness, openness, and accountability. However, at the practitioner level, ethical competence is inconsistent. According to Binns et al. [16], many data-science programs do not give adequate training in ethical reasoning, resulting in "ethical blind spots" that limit practitioners' capacity to detect and counteract prejudice.

This study's context is the junction of technological bias, ethical uncertainty, and poor professional training.

[bookmark: _Toc214325279]2.2 Current Developments
Recent breakthroughs in healthcare AI highlight the need of eliminating algorithmic bias. Large-scale clinical datasets, such as MIMIC-IV and expanding medical imaging archives, have enhanced model building potential, yet many still lack balanced demographic coverage. At the same time, fairness-focused ML toolkits, such as IBM's AIF360 and Microsoft FairLearn, have emerged to aid with automated bias detection and reduction. Regulatory organisations have also increased their focus on responsible AI, with the EU AI Act, WHO guidelines, and FDA recommendations laying out requirements for transparency, risk management, and clinical safety. Furthermore, the incorporation of explainable AI (XAI) techniques into diagnostic procedures underscores the growing need for interpretable and reliable decision-support systems.

[bookmark: _Toc214325280]2.3 Problem Statement	
Machine-learning models used in healthcare diagnostics can exhibit unequal performance across demographic groups due to biases embedded throughout the data-science pipeline. These biases may stem from uneven datasets, incorrect labels, measurement inconsistencies, or computational constraints, ultimately leading to reduced diagnostic reliability for under-represented populations.
At the same time, many practitioners responsible for developing and deploying these systems often lack structured ethical training, awareness of fairness metrics, and hands-on experience with mitigation strategies. Consequently, even when technical solutions are available, they may not be effectively integrated into real-world development workflows, resulting in persistent disparities in model performance.


Consequence of this, there are two issues:

1. Diagnostic ML algorithms display demographic bias with limited empirical evaluation across large-scale clinical datasets.

2. Data scientists and doctors frequently lack ethical literacy, which reduces their capacity to recognise, analyse, and mitigate algorithmic bias.

These issues collectively threaten the fairness, reliability, and accountability of healthcare AI systems.
[bookmark: _Toc214325281]2.4 Research Aim
To critically examine the relationship between algorithmic bias and equitable healthcare outcomes by integrating empirical evaluation of fairness-aware diagnostic models with qualitative analysis of practitioner ethical reasoning, ultimately developing a socio-technical framework for responsible AI in healthcare diagnostics.
[bookmark: _Toc214325282]2.5 Research Objectives	
RO1: To quantify diagnostic performance disparities across demographic subgroups using the MIMIC-III and NIH ChestX-ray14 datasets.
RO2: To analyse fairness-related performance patterns using appropriate statistical and machine-learning evaluation metrics.
RO3: To benchmark the effectiveness of pre-processing, in-processing, and post-processing bias-mitigation techniques.
RO4: To explore data scientists’ and clinicians’ ethical awareness, professional challenges, and experiences with algorithmic bias through semi-structured interviews.
RO5: To synthesise quantitative and qualitative findings into a socio-technical framework that informs responsible AI deployment and data-science education.
[bookmark: _Toc214325283]2.6 Significance of the Study
Addressing algorithmic bias in healthcare is essential for ensuring clinical safety and promoting equity. This research contributes by:
· Providing empirical evidence of demographic disparities in ML diagnostic performance.
· Evaluating fairness interventions across two major healthcare datasets, filling a gap in current literature.
· Examining the ethical awareness of practitioners—an area with limited empirical investigation.
· Offering recommendations for data-science curriculum development and responsible AI governance.
By bridging technical and ethical perspectives, the study supports the development of transparent, equitable, and trustworthy AI systems.
[bookmark: _Toc214325284]3. Literature Review
[bookmark: _Toc214325285]3.1 Overview and Purpose
The purpose of this literature review is to look at current research on algorithmic bias in machine learning, fairness evaluation methodologies, ML applications in healthcare diagnostics, ethical and regulatory frameworks, and professional development in data science. The review seeks to highlight significant arguments, methodological restrictions, and research gaps that influence the development of competent diagnostic AI systems. To ensure clarity and coherence, the literature is grouped thematically into five primary categories pertinent to the research objectives.

[bookmark: _Toc214325286]3.2 Algorithmic Bias in Machine Learning
Bias in machine learning refers to systematic deviations that result in unequal outcomes across demographics. Obermeyer et al. [1] demonstrated that a population-health algorithm incorporated racial differences due to biassed proxy labelling. Buolamwini and Gebru [2] found demographic discrepancies in facial-analysis datasets that resulted in significant error differences. These seminal investigations demonstrate that algorithmic bias can arise from ostensibly objective computing processes.

Biassed diagnostic models in healthcare pose ethical and clinical dangers in addition to technical problems. Research increasingly reveals that diagnostic algorithms trained on skewed datasets perform poorly in minority populations. Dermatology AI issues with darker skin tones [8], radiology AI underdiagnoses female patients [7], and cardiology AI performs inconsistently across ethnic groups [9].
The consensus across the literature is clear: high predictive accuracy does not equate to algorithmic fairness.
[bookmark: _Toc214325287]3.3 Sources and Types of Bias
Mehrabi et al. [3] classify bias into four primary categories:
· Data bias: Underrepresentation of demographic groups.
· Label bias: Labels based on flawed or biased clinical judgements.
· Measurement bias: Variations in equipment, imaging quality, or clinical documentation.
· Algorithmic bias: Model decisions that disproportionately disadvantage certain groups.
Zhang & Holstein [4] argue that transfer learning may exacerbate these biases if pre-trained models inherit distortions from unrelated domains.
Despite extensive conceptual work on bias types, few studies test mitigation strategies across large clinical datasets-highlighting a gap this research addresses.
[bookmark: _Toc214325288]3.4 ML in Healthcare Diagnostics
Machine learning has made significant progress in diagnostic fields. Esteva et al. [5] achieved dermatologist-level accuracy in skin lesion categorisation, while Rajpurkar et al. [6] developed a CNN that surpassed radiologists in detecting pneumonia from chest X-rays. These examples demonstrate how machine learning can transform clinical operations.

However, the representativeness of the training data determines the reliability of these systems. Larrazabal et al. [7] found gender imbalance in medical imaging datasets as a source of systematic misclassification. Similar differences have been documented in dermatology models that favour lighter skin tones [8] and in cardiology tools that perform inconsistently for women and ethnic minority patients [9].
[bookmark: _Toc214325289]3.5 Fairness Metrics and Mitigation Techniques
Fairness measures quantify differences in model performance between demographic subgroups. Common measurements include Statistical Parity Difference (SPD), Equal Opportunity Difference (EOD), Disparate Impact Ratio (DIR), and subgroup-specific AUC scores [10]. According to Barocas et al. [11], no single metric can capture all characteristics of fairness; multiple metrics may even contradict, emphasising the importance of multi-metric evaluation.
Bias-mitigation approaches are usually divided into three categories:
  Pre-processing methods: such as reweighting and oversampling adjust training data distributions.
  In-processing methods: including adversarial debiasing [12], introduce fairness constraints during model training.
  Post-processing methods: adjust decision thresholds or classification outputs to improve fairness metrics.
[bookmark: _Toc214325290]3.6 Ethical and Regulatory Frameworks
Ethical AI requires adherence to principles of beneficence, non-maleficence, autonomy, and justice [13]. Floridi et al. [14] argue that explainable AI (XAI) is vital for maintaining transparency and patient trust. Current frameworks such as the EU AI Act and the WHO’s guidance on ethics [15] stress accountability, but implementation guidelines for data scientists remain vague-creating a methodological-ethical gap this research aims to address.
[bookmark: _Toc214325291]3.7 Professional Development in Data Science
Binns et al. [16] point out that the majority of data-science courses place little attention on ethics, resulting in "ethical blind spots." Although there is little empirical data to support the efficacy of recent programs, they propose integrating fairness and human-centered design into technical training [17]. Assessing how experts view and use ethical reasoning in ML development will yield useful information for curriculum design.
[bookmark: _Toc214325292]3.8 Identified Gaps and Research Positioning
Across the literature, several notable gaps emerge:
1. Technical gap: Few studies systematically evaluate fairness-mitigation techniques across large-scale clinical datasets such as MIMIC-III and ChestX-ray14.
2. Ethical gap: There is limited empirical research examining practitioners’ ethical literacy or real-world reasoning regarding algorithmic bias.
3. Socio-technical gap: No existing studies combine quantitative fairness evaluation with qualitative analysis of practitioner perspectives to understand how ethical awareness influences model development.
This research is therefore positioned to address these interconnected gaps by integrating computational and qualitative methods to develop a socio-technical framework for responsible diagnostic AI.
[bookmark: _Toc214325293]3.9 Literature Summary
The literature shows that algorithmic bias in healthcare ML systems is a well-known and clinically significant problem. Key research show that biases stem from data restrictions, labelling discrepancies, and algorithmic procedures, and that great diagnostic accuracy does not guarantee equitable performance. Although fairness criteria and mitigation strategies exist, their use with real-world clinical datasets is restricted. Ethical and regulatory frameworks promote fairness and accountability, but practitioner training is varied and poorly researched. 
These findings support the necessity for a mixed-methods study that empirically assesses bias in healthcare ML models while simultaneously investigating practitioners' perceptions of fairness. This integrative strategy is required to bridge the technical and ethical limitations found in previous research.
[bookmark: _Toc214325294]4.Research Design and Methodology
This study uses a mixed-methods research methodology that combines quantitative experiments and qualitative inquiry. This method allows for the analysis of both the technical causes of algorithmic bias and the ethical reasoning of practitioners who design or utilise ML diagnostic tools.

The combination of methodologies provides methodological triangulation, which improves the reliability and validity of findings by looking at the problem from computational, clinical, and socio-technical angles.
[bookmark: _Toc214325295]4.1 Overall Research Approach
The methodological framework is structured around two complementary phases:
 1: Quantitative Analysis
This phase focuses on the empirical evaluation of ML models using two large clinical datasets—MIMIC-III for structured clinical data and NIH ChestX-ray14 for medical imaging. The aim is to measure demographic performance disparities, apply fairness-mitigation strategies and assess their impact using established fairness metrics. This allows for objective, data-driven assessment of bias
2: Qualitative Analysis 
Semi-structured interviews with data scientists, doctors, and ethics educators are carried out to investigate practitioners' ethical awareness, problems, and viewpoints on algorithmic bias. This builds on the quantitative work by showing attitudes, reasoning processes, and potential gaps in professional practice.

These phases work together to provide a socio-technical viewpoint on prejudice, acknowledging that fairness difficulties stem not only from computing limits, but also from organisational and pedagogical factors.

[bookmark: _Toc214325296]4.2 Quantitative Methodology
[bookmark: _Toc214325297] Dataset Selection
Two datasets are selected due to their scale, clinical relevance and inclusion of demographic information:
· MIMIC-III contains over 40,000 ICU admissions and provides detailed demographic attributes (age, ethnicity, gender) and high-resolution time-series clinical data. It is widely used for research on mortality prediction, sepsis detection and other clinical tasks. Access requires completion of PhysioNet’s ethics certification.
· NIH ChestX-ray14 includes 112,000 frontal chest X-ray images with labels for 14 thoracic diseases and accompanying metadata for age and gender. Its size, accessibility and diagnostic diversity make it suitable for training deep learning models.
Using two distinct modalities—tabular clinical data and medical imaging—enables a comparison of fairness across different diagnostic contexts.
[bookmark: _Toc214325298] Data Pre-processing
MIMIC-III
· Handle missing values using mean imputation and KNN imputation.
· Normalise continuous features (min-max or z-score).
· Generate clinical labels (e.g., mortality, disease indicators).
· Stratify data by demographic subgroup to support fairness evaluation.
ChestX-ray14
· Perform pixel normalisation and image resizing (224×224).
· Split data into training, validation and test sets.
· Address class imbalance through SMOTE and undersampling.
· Document preprocessing steps to ensure reproducibility.

[bookmark: _Toc214325299]Model Development
Two representative ML model types are used:
1. Logistic Regression for MIMIC-III
· Chosen due to interpretability and suitability for structured clinical data.
· Provides baseline fairness and performance comparisons.
2. Convolutional Neural Network (CNN) for ChestX-ray14
· Based on a fine-tuned ResNet-50 architecture.
· Achieves high performance on medical imaging tasks.
· Allows fairness assessment in deep learning environments.
Using multiple models supports a multi-modal evaluation of algorithmic fairness.

 Fairness Metrics
Multiple fairness metrics ensure robust evaluation across different fairness definitions:
· Statistical Parity Difference (SPD)
· Equal Opportunity Difference (EOD)
· Disparate Impact Ratio (DIR)
· False Negative Rate Parity
· AUC by demographic subgroup
Research shows that no single fairness metric is sufficient [11], so a multi-metric evaluation strategy is required.
[bookmark: _Toc214325300] Bias-Mitigation Techniques
Bias mitigation is evaluated at three levels of the modelling pipeline: pre-processing, in-processing, and post-processing.
A. Pre-processing
Pre-processing aims to correct data imbalances before model training.
· Reweighting: Assigns higher weights to under-represented groups.
· SMOTE Oversampling: Synthesises new minority-class samples.
· Feature Suppression: Removes sensitive attributes (e.g., gender, ethnicity) when appropriate.
These techniques adjust the dataset to reduce sources of data-driven bias.
B. In-processing
In-processing integrates fairness constraints directly into the model-training process.
· Adversarial Debiasing:
Uses a dual-network system where the adversary attempts to predict sensitive attributes while the primary model learns to minimise both prediction error and demographic identifiability.
· Fairness-Constrained Optimisation:
Introduces fairness penalties into the loss function to enforce constraints such as equal opportunity.
These techniques often achieve strong fairness–accuracy trade-offs [12].
C. Post-processing
Post-processing methods adjust the model’s output probabilities after training to improve fairness without modifying the underlying model. The two techniques applied in this study are:
· Equalised Odds Post-processing: Adjusts prediction thresholds for each demographic group so that true positive and false positive rates are equal across groups.
· Calibrated Equalised Odds: Extends Equalised Odds by ensuring fairness while maintaining probabilistic calibration, thereby balancing fairness enhancement with predictive utility.

[bookmark: _Toc214325301] Evaluation Strategy
· Performance metrics: accuracy, precision, recall, F1-score and AUC-ROC.
· Statistical testing: ANOVA, paired t-tests and chi-square tests to evaluate significance of observed differences.
· Tools: Python, scikit-learn, TensorFlow/PyTorch, AIF360 and FairLearn.
This structured evaluation ensures that fairness interventions are assessed rigorously and transparently.
[bookmark: _Toc214325302] 4.3 Qualitative Methodology
[bookmark: _Toc214325303] Research Strategy
Semi-structured interviews are used to gather insights into practitioners’ understanding of algorithmic bias, their ethical reasoning and their experiences with fairness-aware ML development. This approach allows flexibility to explore diverse perspectives while maintaining consistency across interviews.
[bookmark: _Toc214325304] Participant Recruitment
Participants include:
· Data scientists (industry and academic)
· Healthcare practitioners using ML tools
· Ethics educators or AI governance specialists
Recruitment uses a combination of university networks, professional associations, LinkedIn outreach and snowball sampling. A target of 10–15 participants is expected to achieve thematic saturation.

Data Collection
· Interviews conducted via Zoom/Teams
· Duration: 30–45 minutes
· Participants provide informed consent
· Audio recordings transcribed using a secure transcription tool
· A semi-structured guide ensures coverage of key themes

[bookmark: _Toc214325305] Data Analysis
Thematic analysis will be conducted following Braun & Clarke’s six-phase process:
1. Familiarisation
2. Coding
3. Searching for themes
4. Reviewing themes
5. Defining and naming themes
6. Producing the thematic report
NVivo software will support coding, memoing, and thematic organisation.
[bookmark: _Toc214325306]4.4 Ethical Considerations
Ethical approval will be obtained from the university’s ethics committee prior to data collection. Participants will receive an information sheet and provide voluntary informed consent. Data will be anonymised and stored securely on encrypted drives. Withdrawal rights will be honoured at any stage of participation. Usage of MIMIC-III requires completion of PhysioNet ethics certification. All procedures comply with GDPR and relevant healthcare data governance standards
[bookmark: _Toc214325307]4.5 Materials
The study uses a combination of datasets, software tools and hardware resources:
· Datasets: MIMIC-III (clinical data), NIH ChestX-ray14 (medical imaging).
· Software: Python 3.10, TensorFlow, PyTorch, scikit-learn, AIF360, NVivo, Jupyter Notebooks.
· Hardware: NVIDIA GPU (e.g., Tesla T4 or RTX 3080), cloud computing resources (Colab Pro or AWS EC2), ≥500GB storage.
These materials are appropriate because they support efficient model training, enable fairness-specific evaluation, and facilitate rigorous thematic analysis of qualitative data.

[bookmark: _Toc214325308]5. Expected Outcomes and Limitations
[bookmark: _Toc214325309]5.1 Anticipated Technical Findings
· Logistic Regression and CNN models will show unequal performance across demographic groups, confirming dataset biases.
· Bias-mitigation techniques are anticipated to enhance key fairness metrics, including Statistical Parity Difference, Equal Opportunity Difference, and the Disparate Impact Ratio. However, improvements in fairness may introduce trade-offs in predictive performance, particularly reductions in overall accuracy or AUC scores.
· In-processing (e.g., adversarial debiasing) is expected to deliver the most balanced trade-off.
[bookmark: _Toc214325310]5.2 Anticipated Qualitative Findings
· Practitioners will report limited formal training in ethics.
· Many rely on intuition, ad-hoc guidelines, or organisational culture.
Ethical reasoning skills and use of fairness tools will vary widely across participants.
[bookmark: _Toc214325311]5.3 Theoretical Implications
· Demonstrates link between ethical literacy and model fairness.
· Expands socio-technical theory relating to algorithmic accountability.
[bookmark: _Toc214325312]5.4 Practical Implications
· Recommendations for fairness-aware ML workflows.
· Guidance for improving data-science curriculum design.
· Policymakers gain insight for operationalising AI governance frameworks.

[bookmark: _Toc214325313]5.5 Limitations
· MIMIC-III may not generalise beyond ICU populations.
· ChestX-ray14 lacks ethnicity metadata.
· Interview sample may be small or regionally biased.
· Bias mitigation cannot fully eliminate structural inequities.

[bookmark: _Toc214325314]6. Timeline
	Month
	Activity

	1
	Finalize research topic and proposal; conduct initial literature review; identify relevant datasets (e.g., MIMIC-III, NIH Chest X-ray).

	2
	Complete literature review; begin model development (logistic regression and CNNs); set up data preprocessing pipeline.

	3
	Train and test ML models; evaluate performance across demographic groups; calculate fairness metrics (e.g., statistical parity, equal opportunity).

	4
	Design interview protocol; obtain ethical approval; recruit participants for qualitative interviews.

	5
	Conduct semi-structured interviews; transcribe and begin thematic analysis using NVivo.

	6
	Synthesize quantitative and qualitative findings; draft results and discussion sections

	7
	Finalize full research report; review and edit; prepare for submission and presentation.


The following Gantt chart visually represents the research schedule outlined above.





[bookmark: _Toc214325315]Figure 1: Seven-month research project timeline (Gantt chart)
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