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The intersection of radiology and artificial intelligence (AI) is 
a rapidly evolving development in modern medicine. AI has 
the potential to enhance diagnostic accuracy, improve 
workflow efficiency, and support clinical decision-making1,2, 
positioning it as a powerful adjunct to radiology. At the same 
time, the integration of AI into radiology introduces complex 
risks that require critical oversight. In particular, algorithmic 
bias, automation bias, and AI interpretability represent some 
of the risks associated with modern AI systems. Despite the 
increasing adoption of AI within radiology, AI education has 
not been widely incorporated into radiology residency 
training programs3,4. By examining these three challenges of 
AI in radiology, this discussion highlights the growing need 
for formal AI education to ensure future radiologists can 
appropriately assess and safely integrate these technologies 
into clinical practice. 
 
Algorithmic bias in the context of radiology and AI is defined 
as systematic errors or prejudices in AI algorithms5. Because 
AI models are trained on large medical imaging datasets6, the 
quality and composition of these datasets directly influence 
how AI systems perform. Simply put, AI systems become 
efficient at recognizing patterns within the data on which they 
are trained. However, medical imaging datasets frequently 
contain demographic imbalances, often underrepresenting 
certain groups based on factors such as race, ethnicity, sex, or 
socioeconomic status7. These imbalances may reflect existing 
healthcare disparities, unequal access to care, or limited 
demographic reporting within datasets themselves7,8. As a 
result, AI systems can learn and reproduce these biases, 
leading to performance disparities that disproportionately 
disadvantage historically underrepresented populations9. For 
example, a study evaluating racial bias in a cardiac MRI 
segmentation AI model found significant differences in model 
performance across racial groups when trained on the UK 
Biobank dataset, which consisted predominantly of White 
patients (81%). The authors concluded that the observed 
racial bias was likely related to imbalance within the training 
data itself, highlighting how non-representative datasets can 
contribute to inequitable AI performance10. This raises 
significant concerns that AI may perpetuate, or even 
exacerbate, existing healthcare inequities. Identifying AI 
algorithmic bias is further complicated by inconsistent 
demographic reporting within medical image databases11,12. 
The Canadian Association of Radiology (CAR) has 
recognized both the risk of algorithmic bias and the 
challenges associated with identifying these biases, 

emphasizing the important role that physicians and data 
scientists play in recognizing, evaluating, and mitigating 
them9. As AI becomes increasingly integrated into radiology, 
radiologists must be equipped with the knowledge to identify 
and evaluate algorithmic bias to ensure that AI systems do not 
perpetuate existing healthcare inequities. 
 
Automation bias is another risk associated with the 
integration of AI into radiology and has been widely 
discussed in the literature. It refers to the tendency of 
individuals to place excessive trust in AI-generated outputs 
while disregarding or underutilizing their own clinical 
judgment and critical thinking skills13. Literature suggests 
that the risk of automation bias increases with task complexity 
and time constraints, making radiology particularly 
susceptible14,15. This overreliance on AI systems in radiology 
may contribute to missed or incorrect diagnoses16. In a study 
evaluating AI-assisted mammography interpretation, 
radiologists across all experience levels were more likely to 
assign an incorrect Breast Imaging Reporting and Data 
System (BI-RADS) classification when the AI system also 
provided an incorrect classification17. Because BI-RADS 
classifications are used to estimate malignancy risk and guide 
patient management, these findings are of major concern, as 
they demonstrate how radiologists may become susceptible to 
automation bias, which may negatively influence clinical 
decision-making and patient care. Importantly, the way AI is 
integrated into radiology workflows may further compound 
the risk of automation bias. In many radiology workflows that 
incorporate AI, AI outputs are directly integrated into Picture 
Archiving and Communication Systems (PACS) with limited 
opportunity for radiologist interaction or modification.9 This 
passive integration of AI outputs may encourage overreliance 
without sufficient independent evaluation by radiologists, 
potentially contributing to diagnostic errors. Furthermore, 
incorrect AI interpretations accepted without sufficient 
scrutiny may reinforce future AI model inaccuracies and 
contribute to repeated diagnostic errors over time15. Given 
this, formal AI education within radiology residency 
programs is essential to prepare future radiologists to 
critically engage with AI systems and reduce the risk of 
automation bias influencing clinical decision-making. 
 
In addition to algorithmic and automation bias-related risks, 
the interpretability of AI systems remains a major concern in 
radiology. AI interpretability refers to the ability to 
understand how an AI system arrives at its conclusions. 
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However, many AI systems function as “black boxes”, 
meaning they may generate conclusions without providing a 
clear understanding of how those conclusions were reached18. 
As a result, radiologists may have limited insight into how AI 
outputs are produced. This can be problematic, as AI systems 
may occasionally produce unexpected or unreliable outputs 
that do not align with conventional clinical reasoning19, and 
the “black box” nature of these systems makes AI-related 
errors difficult to detect20. This creates significant challenges 
for radiologists who are expected to assess the reliability of 
AI-generated recommendations in clinical practice. Closely 
related to these interpretability challenges is the susceptibility 
of AI systems to adversarial inputs. Adversarial AI refers to 
techniques that manipulate AI models through subtle 
alterations in input data intended to deceive the system21. The 
potential impact of adversarial AI in radiology has been 
demonstrated in the literature. For example, one study 
demonstrated that adversarial AI attacks could add or remove 
evidence of lung cancer on CT imaging, thereby altering 
clinical interpretation22. This represents only one of many 
ways adversarial AI attacks may impact radiology practice. 
Because many AI systems function as “black boxes,” 
adversarial AI can be challenging to recognize or understand. 
Consequently, these attacks may contribute to missed 
diagnoses, inappropriate or unnecessary treatments, and 
delayed urgent care21,23. Therefore, education regarding AI 
interpretability and the potential for adversarial AI is essential 
to ensure radiologists recognize the vulnerabilities and 
limitations of AI systems and maintain appropriate 
oversight21. 
 
Despite the increasing integration of AI into radiology 
practice and the risks associated with its use, formal AI 
education within radiology residency programs remains 
limited and inconsistent. This is particularly problematic 
given the scale of AI adoption in medicine. Over 1,000 FDA-
cleared AI algorithms have been approved for clinical use as 
of 2025, with many of them designed for radiology tasks24. 
Given this, there is a responsibility to prepare radiology 
residents to critically evaluate and safely work with AI. 
However, in a 2023 study in the United States, nearly one-
quarter of radiology residents reported having no AI or 
machine learning educational offerings within their residency 
program3. Similar concerns have been recognized in Canada. 
A 2023 study evaluating a pilot AI workshop within a 
Canadian radiology residency program noted that it 
represented one of the first formal AI educational initiatives 
integrated into radiology residency training in Canada25. 
Initiatives such as these demonstrate growing recognition of 
the importance of AI education. Despite this progress, there 
remains no standardized AI curriculum for radiology 
residents25. Furthermore, many of the existing AI educational 
opportunities remain external to residency curricula and rely 
on extracurricular learning25. As a result, AI education 
remains inconsistent across residency programs25 and may be 
difficult to incorporate alongside residents’ demanding 

clinical and academic responsibilities26,27. Importantly, 
evidence suggests that structured AI education can be 
effective. A systematic review published in 2025 found that 
roughly 93% of studies showed that AI training improves 
radiology residents’ AI knowledge and diagnostic 
performance28, suggesting that AI education is beneficial to 
radiology residency curricula. Overall, these findings make a 
compelling case that while AI education is limited, its 
integration into radiology residency curriculums can 
positively influence their training. Such a curriculum should 
not only address the foundations of AI, but also prepare 
residents to critically assess and mitigate challenges 
associated with its integration into radiology practice. 
 
As AI becomes increasingly integrated into radiology, 
radiologists will be expected not only to use these 
technologies, but also to recognize their limitations and apply 
them responsibly to clinical practice. While AI shows 
significant potential in the field, it also introduces a wide 
range of risks, including algorithmic bias, automation bias, 
and limited AI interpretability. Without sufficient education 
regarding the risks of AI systems, patient safety may be 
compromised. Therefore, radiologists cannot function as 
passive users of AI. Instead, they must be equipped with the 
knowledge necessary to responsibly integrate AI into 
radiology practice, underscoring the need for formal AI 
education within radiology residency programs. 
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