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Teaching Radiology Trainees to Recognize AI Failure Modes: A Six-Domain Educational Framework

Radiology trainees now routinely encounter artificial 

intelligence (AI) tools, yet residency programs provide 

no formal instruction on how to understand or 

analyze AI errors. Traditional teaching formats, such 

as morbidity and mortality (M&M) conferences, focus 

on human and procedural mistakes and offer little to 

no framework for algorithmic failures. As AI becomes 

embedded in workflows, learners need explicit 

training in how and why these systems fail. This 

project developed an M&M-inspired educational 

model to teach trainees a systematic method for 

identifying and categorizing AI errors.

We synthesized literature from AI failure science, 

human factors research, radiology quality-

improvement pedagogy, and real-world algorithmic 

errors. These sources informed the design of a six-

domain educational taxonomy and a case-based 

instructional format modeled on M&M discussions. 

The framework provides trainees with conceptual 

scaffolding to analyze AI failures, describe underlying 

causes, and understand interactions between data, 

labels, models, workflow, integration, and human 

interpretation.

Results

The framework introduces six domains of AI error understanding for trainees:

1. Data failures such as image quality issues or drift

2. Label failures such as noisy or outdated ground truth

3. Model failures such as miscalibration or brittle thresholds

4. Integration failures involving PACS or routing problems

5. Workflow failures involving timing, preprocessing, or task design

6. Human-AI interaction failures involving automation bias or overreliance

These domains support a teachable curriculum with case prompts, guided discussion questions, and error-classification 

exercises modeled on M&M practices.

Trainees lack formal methods for analyzing AI errors, 

creating a critical gap in AI literacy. This M&M-style 

educational framework offers a structured approach 

for teaching learners how to recognize, classify, and 

interpret algorithmic failures. Integrating this model 

into residency teaching may improve conceptual 

understanding, support safer AI use, and prepare 

future radiologists for responsible oversight of clinical 

AI systems.
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