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ABSTRACT :

Rare diseases are present in a small fraction of the population, but their early diagnosis is a significant clinical challenge. Artificial Intelligence (Al) has the
potential to address this, but its black-box nature restricts trust and uptake in clinical environments. Explainable Al (XAl) becomes a critical paradigm for
rendering model predictions understandable to clinicians, thereby building trust, safety, and regulatory compliance. This paper investigates the application of XAl
to multi-modal data—e.g., imaging, genomics, and clinical records—to improve early diagnosis of uncommon diseases. We review existing methodologies,
major challenges, evaluation metrics, and promising future directions, finally outlining a conceptual framework for effective, interpretable diagnostic support
systems.
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INTRODUCTION

Orphan diseases, although each may be rare, affect over 400 million individuals worldwide. Their diagnosis, often delayed by years, is hampered by
lack of awareness, scarcity of data, and heterogeneity in clinical presentation. Solutions based on Al, especially deep learning, have been demonstrated
to have the capability to automate pattern detection in various modalities. Yet, their lack of explainability impedes real-world use.

Explainable Al (XAl) provides a solution, offering transparency through human-readable explanations of predictions. When integrated with multi-
modal data—which includes combining different sources like radiology, EHRs, and genetic data—XAl has the potential to empower clinicians with
interpretable information resulting in timely diagnosis and tailored treatment planning.
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2. Background and Motivation:
2.1 Rare Diseases: A Diagnostic Odyssey

Rare disease patients have delays in diagnosis of 5-7 years on average. Unavailability of large, labeled datasets and lack of disease-specific knowledge
render it challenging to detect early.

2.2 Al in Medical Diagnosis

Deep neural networks and other Al systems are able to process complex medical data at scale. They are most likely to be black-boxes, yielding little
information about "why" a decision was made—a healthcare critical requirement.

2.3 Explainability Role

Explainability allows stakeholders—clinicians, patients, regulators—to comprehend and trust model outputs. It is essential for safety, accountability,
and alignment with clinical workflow.

3. Multi-Modal Data Understanding
3.1 Medical Modality Types

Radiology Images: CT, MRI, X-ray

Electronic Health Records (EHRs): Clinical notes, lab results.
Genomics and Omics Data

Wearable Sensors and Time-Series Signals

3.2 Multi-Modal Fusion Challenges
Data alignment across modality and time

Missing modalities
Computational complexity.

4. Explainable Al Approaches in Healthcare
4.1 Post-Hoc XAl Methods
. SHAP (SHapley Additive exPlanations)
. LIME (Local Interpretable Model-Agnostic Explanations)
. Grad-CAM for Imaging Models
4.2 Intrinsic Interpretability
. Decision Trees

. Attention Mechanisms
. Prototype Learning

5. XAl for Rare Disease Diagnosis: Use Cases

5.1 Case Study: Metabolic Disorders Using EHR + Genomics

Combining lab test patterns with gene variants and interpreting highlighted biomarkers by SHAP.
5.2 Case Study: Neurological Disorders with MRI + Clinical Notes

Attention-based transformer models to recognize salient MRI features and related symptoms in free-text.
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6. XAl-Driven Multi-Modal Diagnostic Framework
We propose a 5-stage pipeline:

Data Collection (multi-modal: imaging, genomics, text)

Preprocessing & Synchronization

Multi-Modal Fusion Layer

Interpretable Prediction Layer (e.g., attention, feature attribution)
Clinician-Friendly Interface

Image 3 suggestion: Flowchart showing the XAl-based multi-modal pipeline.

7. Evaluation Metrics for XAl in Healthcare

. Fidelity: How well does the explanation reflect model behavior?
. Plausibility: Does it agree with domain knowledge?

e Usefulness: Does it assist human decision-making?

e  Robustness: Are explanations insensitive to perturbations?

8. Ethical and Practical Considerations

Bias and Fairness: Ensure explanations are not misleading to underrepresented populations.
Regulatory Compliance: Conform to regulations such as GDPR and FDA.
Clinician Training: Make end-users capable of interpreting XAl outputs correctly.

9. Future Directions
9.1 Causal XAl

. Beyond correlation to causal explanations.
9.2 Federated and Privacy-Preserving XAl

. Learning in a distributed fashion while maintaining patient privacy.

9.3 Human-in-the-Loop Systems

. Calling clinicians directly into the model fine-tuning loop.

. Image 4 suggestion: Human-in-the-Loop XAl diagram with feedback loops between clinician and model.

10. Conclusion

Explainable Al, when used together with multi-modal data, provides an innovative solution for rare disease diagnosis. It allows for early diagnosis,
increases confidence in automated systems, and allows for personalized care plans. Despite challenges—specifically in integrating data and robust

explanation—breakthroughs in model design and assessment are bringing real-world implementation within reach.

11. Extended Use Cases and Applications
11.1 Rare Genetic Diseases: Multi-Omics + XAl

Scenario: Inherited disorders such as Tay-Sachs or Gaucher's disease.

Data used: Whole exome sequencing, metabolite profiles, and patient EHRs.

XAl Technique: SHAP values over gene mutation scores emphasize contributing variants.
Outcome: Early detection of high-risk individuals prior to symptom development.
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11.2 Pediatric Rare Conditions: Combining Growth Charts, Genomics, and Radiographs

Children with uncommon developmental disorders need to be intervened early. Integration of imaging (e.g., skull MRIs), growth measurements, and
genomic differences can raise red flags through explainable networks.

12. Conceptual Pipeline Diagram: From Data to Explanation

The below pipeline shows how various modalities are processed and explained through XAl:
Flowchart with phases — Data Acquisition — Preprocessing — Fusion — Prediction — Explanation — Clinician Interface.
. Each phase has optional backloops for performance enhancement:
. Fusion employs transformers or late fusion ensembles.
e  Explanation may differ per modality (Grad-CAM for imaging, SHAP for structured data).
e  Feedback comprises clinician flagging incorrect predictions.

13. Comparison of XAl Methods for Medical Diagnosis

. Method Age Advantages Disadvantages

. LIME Post-hoc Model-agnostic, local fidelity May be unstable
e  SHAP Post-hoc Theoretical foundation, global + local Computationally expensive
. Grad-CAM

. Deep learning

. Visual, intuitive

. Restricted to CNNs

. Attention

. Intrinsic

. Integrated into model, brings out important features

. Difficult to quantify

. Tree Expl.

. Model-based

. Transparency of decisions

. Expressiveness restricted

14. Technical Deployment Architecture

Back-end
. Data Warehouse: Storage of multi-modal data
. Al Engine: Trained models
. XAl Module: Outputs visual/textual explanations
. Frontend Visualization Interface: Heatmaps, gene trees, time series plots
. Feedback Capture: Allows doctors to comment on system explanations

15. Real-World Limitations and Barriers

Data Silos: It is difficult to access and combine multiple modalities in institutions.
Limited Annotated Datasets: There are fewer cases naturally occurring in rare diseases.
Human Factors: Clinicians may be hesitant to Al recommendations if not highly trained.

Explainability vs. Performance Trade-off: Many times, the more explainable models are at the cost of precision.

16. Future Vision: Federated XAl and Edge Deployment

. Use Case
Al on hospital infrastructures using federated learning, preserving privacy. Local models share gradients but not the models themselves,
while explanations stay locally interpretable.
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. Impact
Cross-institutional learning without centralization of data

. Rapid rural or under-resourced clinic diagnosis

e  Direct interaction of clinicians with edge-Al on tablet or handheld devices

17. Final Thoughts

The marriage of explainable Al and multi-modal data is the solution for transforming diagnostic processing in the case of rare diseases. While
computational techniques are advancing, ethical frameworks maturing, and data sets expanding, these systems can emerge as necessary ancillary inputs
to modern medicine—not replacing doctors but augmenting their ability to detect what otherwise remains inaccessible.



