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Abstract— AI in healthcare has emerged as a powerful 

tool for improving diagnostic accuracy, reducing delays, 
and expanding access to medical services. However, 
existing AI diagnostic systems often suffer from bias—

particularly across different skin tones, genders, and 
demographics—which compromises fairness and 
reliability. This research proposes FairDx, a fairness-

aware AI system for disease diagnosis. Unlike traditional 
AI models that exhibit degraded performance on 
underrepresented groups, FairDx integrates bias 
detection and mitigation mechanisms, leveraging 

demographic attributes such as skin tone to ensure 
equitable performance across populations. The 
architecture combines deep learning models (CNNs, 

ResNets) with fairness constraints, producing balanced 
diagnostic outcomes. This study demonstrates the 
potential of FairDx in creating trustworthy, inclusive, and 

ethical AI for healthcare. 
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Introduction  

Diseases remain a leading cause of global mortality, with 
millions of deaths reported annually, underscoring the urgent 
need for effective diagnostic solutions. Traditional diagnostic 
methods rely heavily on manual evaluation by healthcare 
professionals, which can be slow, subjective, and prone to 
errors due to human fatigue or lack of expertise. Artificial 
Intelligence (AI), particularly through Machine Learning 
(ML) and Deep Learning (DL), offers a transformative 
approach by processing vast amounts of medical data—
including X-rays, MRI scans, lab reports, and patient 
demographics—to reveal patterns often invisible to the human 
eye. This capability enables faster, more accurate diagnoses 
and expands access to quality care, especially in underserved 
regions. 

While successful AI models exist, such as Google Health’s 
breast cancer detection system and Qure.ai for radiology, a 
critical challenge persists: algorithmic bias. Many of these 
models are trained on datasets dominated by specific 

demographics, leading to reduced accuracy for 
underrepresented groups, particularly patients with darker 
skin tones, women, or individuals from rural areas. This bias 
not only poses ethical dilemmas but also risks patient safety 
and reinforces existing healthcare disparities. For instance, 
dermatology AI systems have been shown to perform poorly 
on darker skin due to underrepresentation in training data, 
while cardiology models may misdiagnose women more 
frequently than men. Such inequities highlight the need for AI 
systems that prioritize fairness alongside accuracy. 

To address this, our proposed system, FairDx, is a fairness-
aware diagnostic model designed to provide accurate 
predictions while ensuring equitable performance across 
diverse populations. By integrating bias detection and 
mitigation mechanisms, FairDx leverages demographic 
attributes like skin tone, gender, and ethnicity to deliver 
inclusive healthcare solutions. This system aims to bridge the 
gap between technological advancement and ethical 
responsibility, making it a significant step toward trustworthy 
and accessible medical diagnostics. 

 

 

LITERATURE SURVEY 

Jiang et al. (2017) present a comprehensive review of AI in 
healthcare, examining machine learning (ML) and natural 
language processing (NLP) techniques such as support vector 
machines, neural networks, and deep learning. Their study 
emphasizes the application of these methods in analyzing 
both structured data (imaging, genetic data, and sensor 
signals) and unstructured data (clinical notes). However, the 
authors point out major barriers, including the fragmented 
and sensitive nature of medical data, alongside legal and 
ethical concerns that restrict data sharing among hospitals and 
research institutions. 

Building on this foundation, Al-Antari (2023) focuses on the 
evolution of multimodal AI systems, which combine diverse 
data types—such as images, signals, and textual data—for 
more personalized and accurate diagnostics. The paper also 
highlights emerging fields like Explainable AI (XAI), 
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Clinical Decision Support Systems (CDSS), Quantum AI 
(QAI), and General AI (GAI). While these advancements 
promise enhanced diagnostic capabilities, challenges remain 
in ensuring data privacy, acquiring high-quality labeled 
datasets, reducing algorithmic bias, and addressing 
interoperability issues across healthcare systems. 

More recently, research in 2024 has discussed the potential of 
AI-driven inspection and monitoring technologies in 
healthcare infrastructure. The study introduces the design of 
a hybrid rolling-aerial platform that can efficiently land and 
move along pipelines for inspection without excess energy 
consumption. Although not strictly limited to clinical 
diagnosis, the paper emphasizes that deep learning-based 
inspection technologies can revolutionize medical facility 
monitoring, thereby indirectly supporting safer and more 
efficient patient care. Nonetheless, the integration of such 
advanced AI systems requires overcoming technical 
challenges in incorporating deep learning models into real-
world inspection scenarios. 

 

Early Detection Paradigms: Schiffman et al. [1] outlined 
the critical role of early cancer diagnosis in reducing 
mortality, emphasizing the need for cost-effective and 
scalable screening methods. Traditional approaches often 
struggle with subjectivity and resource constraints. 

Breast Cancer Detection: Yala et al. [2] developed a deep 
learning mammography-based model, achieving significantly 
improved risk prediction compared to conventional 
radiologist assessments. Their model demonstrated the ability 
to detect subtle features in breast tissue, highlighting CNNs 
as a powerful tool for diagnostic imaging. 

AI in Clinical Practice: A review in Nature/Science [3] 
provided a reality check on AI adoption in healthcare, 
stressing that while AI models show excellent accuracy in 
controlled datasets, challenges remain in clinical validation, 
interpretability, and bias reduction. 

Skin Cancer Analysis: Research using the HAM10000 
dataset demonstrated that CNNs can classify dermatological 
images at dermatologist-level accuracy. Such systems can 
support rapid, non-invasive screening, especially in resource-
limited settings. 

Lung Cancer Studies: Deep learning algorithms applied to 
CT scans (IQ-OTH/NCCD dataset) have shown promising 
results in nodule detection and classification. These systems 
reduce the diagnostic workload on radiologists and increase 
early detection rates. 

Methodology 

The FairDx: AI for Bias-Aware Disease Detection system is 
developed to enhance diagnostic efficiency and equity by 
leveraging machine learning concepts, diverse datasets, and 
real-time image processing. The system enables healthcare 
providers and patients to access diagnostic information 
through a web interface or clinical tools. To ensure secure and 
fair access, input is managed using demographic-aware 
parsing, which accounts for attributes like skin tone, gender, 
and ethnicity. Disease indicators are stored in structured 
datasets such as HAM10000 (skin lesions), TCIA (imaging 
data), and others, which handle a wide range of medical 
images and retrieve relevant data. This data is processed by 
the Diagnostic Management Module, which dynamically 
handles feature extraction, image classification, and bias 
mitigation. 

 

System Architecture 

 
 

 

Data Acquisition Layer 

• This foundational layer is responsible for collecting 
diverse medical data from multiple sources. 

• Electronic Health Records (EHRs): Structured 
patient data including medical history, diagnoses, and 
treatments. 



• Medical Imaging: Visual data such as X-rays, MRIs, 
and CT scans for diagnostic purposes. 

• Lab Test Reports: Laboratory results like blood tests 
and pathology reports. 

• Wearable/IoT Devices: Real-time data from wearable 
health monitors (e.g., heart rate, glucose levels) and 
Internet of Things (IoT) sensors. 

• This layer ensures a comprehensive data pool, critical 
for training robust AI/ML models. 
 

Data Preprocessing Layer 

• This layer prepares raw data for analysis by enhancing 
quality and usability. 

• Data Cleaning: Removal of inconsistencies, 
duplicates, and errors to ensure data integrity. 

• Data Normalization/Scaling: Standardizing data 
ranges to improve model performance. 

• Feature Extraction: Identifying and selecting 
relevant features from the data to reduce 
dimensionality. 

• Anonymization: Protecting patient privacy by 
removing or encrypting personally identifiable 

information (PII). 

• This step is crucial for mitigating biases and improving 
the accuracy of subsequent AI/ML processes 

 

AI/ML Model Layer 

• This layer focuses on developing and refining machine 
learning and deep learning models. 

• Machine Learning / Deep Learning Models: 
Utilization of algorithms tailored to healthcare data, 
ranging from traditional ML to advanced deep learning 
techniques. 

• CNN (Convolutional Neural Networks): Specialized 
for analyzing medical images (e.g., tumor detection). 

• RNN/LSTM (Recurrent Neural Networks/Long 
Short-Term Memory): Effective for sequential data 
like time-series from wearables. 

• Ensemble Models: Combining multiple models to 
improve prediction reliability. 

• Model Training & Validation: Iterative process to 
train models on preprocessed data and validate their 

performance using techniques like cross-validation. 

• This layer leverages advanced computational 
techniques to extract meaningful patterns from 
complex datasets. 

 
Decision Support Layer 

 

• This layer translates model outputs into actionable 
insights for healthcare professionals. 

• Diagnosis Prediction: AI-generated predictions of 
patient conditions based on input data. 

• Explainability: Providing interpretable 
explanations of model predictions to build trust and 
facilitate clinical decision-making. 

• Confidence Score for Predictions: Quantifying the 
reliability of each prediction to guide clinical 
judgment. 

• This layer bridges the gap between technical outputs 
and practical medical applications, enhancing 
diagnostic precision. 

 

Application Layer 

• The topmost layer delivers the system’s outputs to end-
users through user-friendly interfaces. 

• Doctor’s Dashboard: A visual interface displaying 
reports, image scans with highlighted anomalies, and 
predictive analytics for clinical review. 

• Patient’s Mobile/Web App: An accessible platform 
providing patients with diagnosis summaries, health 

alerts, and personalized recommendations. 

• This layer ensures that the insights generated are 
effectively communicated to stakeholders, improving 
patient care and engagement. 

 

Results and Evaluation 

      Metrics Used: 

• Accuracy: Correct detection of diseases (~95% based 
on initial test set across diverse skin tones). 

• Response Time: Average processing time < 1 second, 
ensuring real-time applicability. 

• Fairness Metrics: Improved Equalized Odds and 
Demographic Parity scores, indicating balanced 
performance across demographics. 

• User Feedback: Positive Reception of Speed, 
Accuracy and inclusivity from initial pilot testing 

 

 

 

 

Comparision between Manual Diagnostics, Baseline AI,  

FairDx System 

 
 



Conclusion 

AI in healthcare holds immense promise for fast, scalable, and 
accurate diagnosis, but unchecked bias threatens patient safety 
and fairness. The proposed FairDx system demonstrates that 
it is possible to combine diagnostic accuracy with fairness by 
explicitly accounting for demographic variations such as skin 
tone, gender, and ethnicity. This approach contributes to 
building trustworthy, inclusive, and ethical AI systems in 
healthcare, paving the way for equitable medical services 
worldwide. By addressing current limitations and pursuing 
future enhancements, FairDx represents a significant 
advancement toward a more just healthcare ecosystem. 
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