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efficiency, but prediction uncertainty remains a critical challenge. This review examines key any medium, provided the original
work is properly cited.

sources of uncertainty—out-of-distribution, aleatoric, and model uncertainties—and high-
lights the importance of independent confidence metrics and explainable Al for safe inte-
gration. Independent confidence metrics assess the reliability of Al predictions, while ex-
plainable Al provides transparency, enhancing collaboration between Al and radiologists.
The development of zero-error tolerance models, designed to minimize errors, sets new
standards for safety. Addressing these challenges will enable Al to become a trusted part-
ner in radiology, advancing care standards and patient outcomes.
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Fig. 1. Sources of prediction uncertainty in artificial intelligence models.
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Table 1. Key Sources of Uncertainty in Radiological Al Systems
Uncertainty Type Specific Context Description

Out-of-distribution
uncertainty

Variability in imaging equipment

Population differences

Regional and ethnic variability
Changes in disease patterns
Aleatoric uncertainty Image artifacts

Noise in image acquisition

Inconsistent annotations
Model architecture choices

Model uncertainty

Overfitting to training data

Black-box nature of models

Models trained on high-quality images struggle with older or less sophisticated
devices, leading to unpredictable performance and potential misclassification
Models trained on adult populations may misinterpret pediatric or geriatric
images due to anatomical and physiological differences,
resulting in incorrect diagnoses
Models trained on Western populations may misdiagnose conditions in diverse
ethnic groups due to regional variations in disease presentation
Al models often fail to recognize emerging conditions, like COVID-19, if they
were trained on outdated data, emphasizing the need for continuous updates
Artifacts such as motion blur, metal streaks, and beam hardening introduce
noise, complicating the detection of subtle findings like small tumors
Low-dose imaging techniques increase noise, which obscures critical
anatomical details, complicating Al’s ability to make accurate distinctions
Variability in human annotations introduces inconsistencies in training data,
leading to fluctuating and unreliable Al model predictions, especially in
ambiguous cases
The selection of model architecture can significantly impact performance,
with simpler models often struggling with complex tasks and advanced
models requiring careful integration
Models that are overfitted to training data may perform well in development
but fail in clinical practice due to poor generalization to new, unseen scenarios
The opaque nature of many Al models limits their interpretability,
leading to skepticism among clinicians and barriers to clinical adoption

Al = artificial intelligence
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