A Radiology M&M-Style Root-Cause Analysis Framework for Artificial Intelligence Errors: Development of a Six-Domain Taxonomy
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Introduction Results Conclusion

Artificial intelligence (Al) tools are increasingly integrated
into radiology workflows, yet errors from these systems

Al failures influence patient care, yet radiology lacks

| - S1x primary root-cause domains captured most clinically relevant Al error types: the structured error-analysis systems long applied to
remain poorly understood and rarely analyzed. Traditional human performance. This M&M-style framework
quality and safety mechanisms such as morbidity and 1. Data Failures: image quality, motion, contrast timing, vendor variability, data provides the first radiology-specific taxonomy for Al

mortality (M&M) conterences, root-cause analyses (RCA), drift. failure classification and a scalable model for peer
incident reporting, and RADPEER were designed for 2. Label Failures: noisy ground truth, interobserver variability, outdated labels. learning and quality improvement. Extending M&M
human and procedural errors, not algorithmic failures. 3. Model Failures: overfitting, miscalibration, brittle thresholds. culture to algorithmic events can foster safer, more
Radiology, therefore, lacks a systematic method to 1dentity, 4. Integration Failures: PACS/VNA issues, routing errors, latency:. transparent Al integration and turn mistakes into
classify, and learn from Al errors. This project developed a 5. Workflow Failures: timing misuse, preprocessing errors, disrupted reading flow. system-level learning opportunities.

clgncally usable., M&M—styl.e root-.cause. framework | 6. Human—AI Interaction Failures: automation bias, overreliance, misread Al
tailored to Al failures, enabling radiologists to categorize
output. References
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