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Abstract

Objectives

The research examines the intersection of artificial intelligence (Al), including large
language models (LLMs), generative platforms, and adaptive simulations, with radiology
education as a testing ground for precision learning, curricular creativity, faculty
preparation, and governance. The aims here are not to catalog all of the uses, but to
critically examine convergent findings and to comment on the mechanisms by which Al
enhances, or subtracts from, diagnostic training.

Methods

Critical narrative synthesis guided by design-oriented perspective with abductive coding
that integrated theory-driven and inductive approaches. Evidence was extracted using
iterative peer-reviewed database searching and tracing of review-worthy reviews, studies,
and society guidelines. Sources were kept that discussed Al application in radiology
teaching and presented mechanisms of effect, recorded results, or protection measures
against irresponsible adoption.

Findings

Three common mechanisms across various studies emerge: adaptive case curation that
broadens exposure to underrepresentd pathology; iterative feedback loops that move
assessment from episodic to longitudinal; and language scaffolding that improves report
clarity and professional communication. Large language models apply these mechanisms
further to curriculum design, interactive teaching, and assessment design, while
gamification and simulation provide depth of experience and fun. Those advantages come
with risks of overdependence, diagnostic deskilling, bias, and misinformation that are
significant with low faculty readiness or lack of structures of oversight. Protections of
human-in-the-loop frameworks, alternating between Al-assistance and Al-restricted
interpretation, and redesign of assessments to reward independent reasoning are always
urged. Curricular adoption worldwide is uneven, with interest among trainees frequently
exceeding that of faculty, and with an associated generational divide. Professional
organizations released initial recommendations, but agreement on standards of readiness
and mechanisms of governance is partial.

Conclusions

Radiology exemplifies that with Al, precision medical education can be taken to the next
level, but the gains depend on design. The Al should be integrated not to replace expertise
but to facilitate intentional practice, critical thought, and access equity. The integration
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provides design postulations, research agendas, and practice-focused implications to
inform responsible adoption, and radiology can both act as a template and an exemplar

case to apply to wider medical education.

Keywords: Radiology education, Generative Al, Medical education, Curriculum design,

Programmatic assessment, Radiology

1. Introduction

Artificial intelligence shifted promptly from speculation
to practice in health care, and with that, opportunities and
fears were raised about medical education. Nowhere is this
clearer than with radiology, a discipline based on pipelined
data structures, digital image repositories, and standard-
ized reporting. Unlike medical specialties whose learning
experiences rely primarily on bedside or procedure-based
interactivity, radiology is particularly well suited to compu-
tational enhancement. Through its rich informatics tradi-
tion and heavy dependence on visual pattern recognition,
radiology is an ideal proving ground for pedagogy with Al.

In this dynamic context, large language models (LLMs),
generative artificial intelligence (ai) systems, and adaptive
simulations emerge as particularly promising to revolution-
ize the way knowledge is learned, cases are assembled, and
feedback is provided. The tools can now not only extract in-
formation retrieved but can author reports, mimic diagnos-
tic reasoning, construct custom study cases, and even pro-
vide criticism of outputs by trainees. Their ability to scale
feedback and diversify case exposure has made them po-
tential augmentative counterparts to conventional educa-
tion. However, their stochastic character, vulnerability to
bias, and relative lack of transparency all concern reliabil-
ity, ethics, and equity. The need for critical synthesis arises
out of a basic dilemma: while AI offers remedies to peren-
nial problems of case exposure variability and scarce op-
portunities for faculty time, it carries with it associated
risks that can harm independent diagnostic reasoning. The
radiology discipline, by virtue of its maturity of data in-
frastructure, falls prey to this dualism more dramatically
than many others, and initial accounts have emphasized
the need for formalized curricula of Al, foundational train-
ing material, and tracks of precision education (Tejani et
al., 2022). Understanding how Al redesigns learning mech-
anisms, and what safeguarding is necessary to forestall its
misapplication, necessitates not cataloging of uses; rather,
theory-influenced analyses of mechanisms, of risks, and of
conditions of proper deployment.

This paper therefore pursues four guiding research ques-
tions:

1. RQ1: Which persistent learning problems in radiol-
ogy education are most plausibly addressable by Al-
enabled tools?

2. RQ2: Through what mechanisms do Al tools, includ-
ing LLMs, generative platforms, and adaptive simula-
tions, alter diagnostic learning processes such as case
exposure, feedback, and reasoning?

3. RQ3: What safeguards are required to ensure that Al
functions as a scaffold for expertise rather than a sub-
stitute that risks deskilling, bias, or invalid assess-
ment?

4. RQ4: Under what conditions (faculty readiness, pro-
fessional perceptions, governance structures, and eq-
uity considerations) does integration of Al in radiol-
ogy education become educationally defensible?

Hence, this paper aims to clarify radiology’s position not
only as an early adopter of Al in education but also as a
model for how precision medical education might evolve.
The sections that follow outline the synthesis method, an-
alyze learning mechanisms and engagement strategies, ex-
amine risks and safeguards, and consider implications for
curriculum design, faculty readiness, professional culture,
and future research priorities.

2. Methods

The report takes on a critical narrative synthesis with a
design-oriented perspective. The goal here is not to pro-
duce a systematic or scoping review that is comprehensive
but to combine converging theory and evidence to inform
us about how radiology education is being transformed by
artificial intelligence (AI) technologies, how they pose a
threat, and in which instances their integration is educa-
tionally justified.

Relevant literature was determined by iterative search-
ing of Scopus, PubMed, and Google Scholar between 2018
and 2025 with terms that combined radiology education,
artificial intelligence, large language models, generative Al,
curriculum, training, and assessment. Tracing of bibilo-
graphical references of high-impact reviews and consensus
statements was undertaken to determine other studies.
Highest priority was given to (a) empirical tests of Al tools
within radiology education; (b) umbrella and systematic re-
views; (c) program reports and consensus guidelines; and
(d) perspective articles that made testable statements about
mechanisms, safeguards, or implementation. Opinion
pieces without educational implications were excluded un-
less they made direct comment about issues of governance,
ethics, or readiness. Studies were retained if they addressed
at least one of the following:

1. Al applications in radiology training or assessment.

2. Documented outcomes related to knowledge acquisi-
tion, diagnostic reasoning, or professional readiness.

3. Theoretical or empirical analysis of risks such as
overreliance, deskilling, misinformation, or bias.

4. Safeguards and governance strategies relevant to ed-
ucational integration.

The evidence was abductively coded using theory-driven
and inductive strategies. The synthesis was guided by four
lenses of analysis: (1) radiology training learning problems
(e.g., lack of case diversity, scarcity of feedback, unequal
exposure); (2) Al mechanisms of effect (e.g., adaptive cu-
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rating of cases, language scaffolds, gamified learning, cur-
riculum augmentation); (3) protection and risk avoidance
(e.g., human-in-the-loop approaches, over-reliance avoid-
ance, validity of design of assessments); and (4) conditions
of implementation (faculty preparation, integration with
curricula, professional attitudes, governance, and equity).
The findings were then synthesized into a conceptual
model that maps mechanisms to needs, points of risk, and
conditions of responsible adoption.

3. Synthesis of Evidence
3.1. Radiology as a Pioneer Discipline

Radiology has long been recognized as one of the med-
ical specialties most receptive to technological innovation,
and its position at the vanguard of artificial intelligence
(Al) integration into education is not accidental. Various
structural attributes render radiology particularly well
suited to experimentation with pedagogies powered by ar-
tificial intelligence. They comprise a matured informatics
culture, an ingrained digital workflow dependance, and
decades of familiarity with structured reporting systems
that stress data integrity and reproducibility. All of these
together provide an environment that can pilot Al tools
without putting aside the very substance of clinical prac-
tice, and with opportunities and risks coming into sharp
and uncommon focus.

Where procedural specialties depend on the tactile and
experiential experience of taking care of patients during
training, radiology’s educational architecture always relied
crucially on case collections, digital image libraries, and
standardized schemas of interpretation. These resources
align naturally with the affordances of Al and specifically
with large language models (LLMs) and generative models.
Data pipelines that are properly structured allow model
training and testing while digital case collections map onto
adaptive case curation. The very practice of radiology edu-
cation (pattern identification, formatted report writing, and
comparison of features across images)is cognitively con-
gruent with the abilities of Al to extract patterns and to
generate text. That congruence accounts for why radiology
came to represent a “proving ground” for educational Al
while other specialties continue to ponder questions of via-
bility. foundational viewpoints have correspondingly high-
lighted how radiology’s infrastructure makes the specialty
rich ground on which to launch introductories to Al and
initiatives to enhance precision education with Al (Tejani et
al., 2022).

The empirical literature mirrors this positioning. Saco-
ransky et al. (2024) and Temperley et al. (2024) report ex-
tensive uses of LLMs in purposes ranging from report writ-
ing to exam preparation and show how already, AI tools
are integral to everyday aspects of the learning experience.
Lastrucci et al. (2024) and Keshavarz et al. (2024) carry
these observations further by illustrating how generative
models are being integrated into virtual reading rooms, or-
ganized teaching files, and interactive sites offering itera-
tive practice opportunities to trainees. These reviews con-
verge on the note that the pedagogical value of Al is not

primarily in automating outcomes, but rather in supporting
learning processes: report drafts become targets of review,
generated cases bridge sparse clinical exposure, and adap-
tive feedback loops eliminate lag between learner error and
corrective guidance.

Meanwhile, this earlier experimentation has revealed
tensions that run to the heart of the wider question of
Al and medical education. The stochastic quality of LLMs,
their unpredictably reliable output, and their capacity to
mislead novices are particularly evident within radiology,
where errors in interpretation can have immediate implica-
tions both for education and care. Radiology therefore ex-
emplifies the dilemma of early adoption: the very qualities
that make the specialty an exemplary laboratory of inno-
vation enhance correspondingly the danger of too early or
blanket rollout. This double role (consensus-roadmap and
cautionary example) is noted in recent overviews. Radiol-
ogy’s earlier experimentation reveals the promise of Al-en-
hanced education to open access to diverse cases, to free
up faculty times, and to encourage precision learning. But
these very same trials illuminate the hazards of over-re-
liance, of misinformation, of biased output, and these can-
not be the byproducts of afterthoughts but require careful
pedagogical design. As a test case of Al-enhanced educa-
tion, radiology holds implications not only for itself but,
by extension, for the broader medical educational land-
scape, within which comparable dynamics will inevitably
arise with the expansion of digital infrastructures.

3.2. Precision and Personalization in Radiology
Education

The idea that radiology education could move beyond
standardized curricula to individualizable pathways gained
new life with the addition of artificial intelligence. The no-
tion of “recision medical education” came to life first with
Duong et al. (2019), who drew an analogy to precision med-
icine: just as therapy becomes individualized to patients’
molecular and clinical profiles, so educational interven-
tion could be individualized to the cognitive profiles, skill
sets, and learning patterns of individual learners. Radiol-
ogy, with its workflow-based education and case-based rea-
soning, is fertile ground particularly suited to this analog.
Evidence to date backing this direction has grown exponen-
tially. Hui et al. (2025), in a scoping review of generative
AT’s uses to date in radiology education, uncovered multi-
ple platforms that personalize learning experiences by dy-
namically adjusting case difficulty, by modeling conditions
that will only arise infrequently, and by offering automated
testing commensurate with individual competence. Such
systems reduce over-reliance on serendipitous exposure to
cases, perennial issues with radiology training whereby ro-
tations will inexorably over-represent common findings
and pass over rarer conditions of crucial importance to di-
agnosis. By systematic correction of these gaps, Al-driven
curricula eliminate case-based disparities and standardize
diagnostic readiness across diverse training sites.

Personalization here means more than mere case pre-
sentation. It includes adaptive sequencing, whereby deliv-
ery of the learning material is determined by a learner’s
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dynamic knowledge state. A student perpetually misdiag-
nosing postoperative changes as recurrent tumor, by way
of example, can be guided through a thoughtfully devel-
oped sequence of opposing cases with explanatory feed-
back. This is aligned with deliberate practice guidelines
where repeated experience of judiciously tuned difficulties
with immediate corrective feedback results in durable skill
attainment. Moreover, by assessing longitudinal perfor-
mance data, Al systems can establish individualized learner
profiles that pinpoint obstinate Weaknesses, solidify no-
tional Strengths, and provide instructor-led remediation
guidance.

Another aspect of personalization is feedback loops.
Computer-based performance monitoring can provide
learners not only with knowledge of correctness of inter-
pretation, but with understanding of why specific mistakes
were made, promoting metacognitive understanding. Such
systems prompt students to practice self-regulated learn-
ing, pondering their process of reasoning and proactively
adjusting strategies. This resembles known theories of cog-
nitive apprenticeship, whereby beginners internalize expert
reasoning through explaining justifications and exercising
scaffolded guidance. In computer-mediated learning, syn-
thesized reports or diagnostic explanations emerge as sub-
jects of reflection instead of terminal points, promoting
reflective practice being core to building independent ex-
pertise.

Personalization is of special potential to offset geo-
graphic and institutional disparities. In low-resource or
high-volume training settings, exposure to diverse case
material and repeated faculty attention is not standard.
Personalized learning with artificial intelligence can pro-
vide a kind of compensatory equity by making sure that
students in these settings nevertheless get repeated expo-
sures to diverse diagnostically rich material and tailored
feedback. By no means does this eliminate mentorship or
immersion inequalities, but to a lesser extent, educational
outcomes depend on institutional resources.

These advances, nevertheless, carry their costs. The
adaptive platforms can unintentionally reinforce then-pre-
vailing biased results should their training sets undersam-
ple individual pathologies, populations, or image modal-
ities. Automation-based personalization can also limit
rather than augment learners’ repertoires of cognition, pro-
ducing algorithmic-hint dependences rather than diagnos-
tic autonomy. The solution then lies in integrating the per-
sonalization within a supervised, human-in-the-loop
system by which faculty guarantees that the adaptive re-
sources augment rather than supplant deliberate reason-
ing.

As a whole, the shift to precision education ranks among
the largest pedagogical advances in radiology education.
By freeing oneself from efficiency to learner-centric design,
technologies of artificial intelligence promise to tailor cur-
ricula not only to cohorts but to individual trajectories. The
potential gain is vast: improved diagnostic preparation, in-
stitutionally consistent exposure, and more equitable train-
ing outcomes. But to reap such advantages, personalization
will need to be undertaken with transparency, with

scrutiny, and with careful attention to the enduring goals
of medical education: autonomy, critical thinking, and pro-
fessional discernment.

3.3. Engagement and Simulation
3.3.1. Gamification, Simulation, and Engagement

Radiology education has long been panned for its heavy
usage of didactic lectures and fixed case reviews, formats
that frequently cannot maintain learner interest or induce
active involvement. The addition of Al-powered gamifica-
tion and adaptive simulation has thus been received with
enthusiasm as enhancing learning from a passive to an it-
erative, stimulating, and feedback-rich experience. Such in-
novations represent not only technological improvements
but pedagogical treatments that closely align with accepted
learning and motivational theories. Radiology gamification
refers to the integration of game elements, such as compe-
tition, achievement badges, and scoring that occurs in real-
time, into diagnostic training modules. When combined
with adaptive software algorithms, gamified platforms can
dynamically alter case difficulty, keeping the challenge
within an optimal difficulty domain. This directly borrows
from the principle of self-determination theory, whereby
learner motivation is maintained by feelings of compe-
tence, autonomy, and relatedness (Ryan & Deci, 2000).
Through correct answers being reinforced while error pat-
terns are fed back to learners constructively, Al-powered
gamification establishes a reinforcing feedback loop that
stimulates repeated usage and deliberate practice.

The evolution of RadGame is an excellent example of
this model. Baharoon et al. (2025) found, in one recent re-
view, that students using the platform showed significantly
greater gains in lesion localization and report-writing pro-
ficiency than controls trained using traditional, passive ap-
proaches. The platform exploits adaptive algorithms that
align case difficulty with learner proficiency, presenting in-
creasingly difficult challenges that mirror the dynamic
learning curves of true clinical practice. Such systems differ
in important ways from preceeding efforts to create edu-
cational games by embedding diagnostic reasoning directly
within gameplay, with the exercise being both fun and con-
structively educational. Simulation is a separate but com-
plementary area of innovation. Adaptive Al-based simula-
tions offer simulated environments within which trainees
can practice interpretive procedures, navigate diagnostic
uncertainty, and receive formal feedback without danger
to patients. Negrete et al. (2025) detail the application of
such systems in dentomaxillofacial radiology, where auto-
mated Objective Structured Clinical Examination (OSCE)
testing and decision-support modules present learners with
repeated practice of realistic scenarios. By building Al into
simulation, teachers can create rare or high-stakes cases
that cannot be accessed during clinical rotations and thus
enhance exposure and diminish educational inequalities.

The educational value of simulation lies in its alignment
with Kolb’s (1984) model of experiential learning, through
which experience’s transformation to learning is effected
by the sequence of concrete experience, reflective obser-
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vation, abstract conceptualization, and active experimenta-
tion. Simulation with AI expands this sequence by provid-
ing immediate personalized feedback, shortening the span
between the execution of a task and reflection. The learner
not only can receive the outcome of their scoring but is
prompted to review their rationale, assess the recommen-
dations made by Al, and practice cases with conditions var-
ied. Repeating this process strengthens cognitive flexibility
and develops broader diagnostic understanding.

Also relevant here is the connection between gamifica-
tion, simulation, and cognitive load. Radiology education
frequently requires heavy perceptual and cognitive process-
ing, potentially overwhelming new learners. Through or-
ganization of practice by adaptive difficulty and step-wise
challenge, Al-mediated learning environments regulate
cognitive load, keeping learners within the optimal space
between boredom and overload. The act of scaffolding thus
ensures that mastery is not attained through sacrifice of
understanding, but aids the slow internalization of the
heavy diagnostic schemas.

In tandem, gamification and simulation underscore how
radiology training can fundamentally redefine its affective
and cognitive elements. They foster repeated practice,
maintain motivational traction, and enhance exposure to
varied cases, with all of this being done through the in-
tegration of adaptive feedback mechanisms that solidify
learning. But the potential of these innovations relies on
thoughtful curricular integration. Left unchecked, gamified
sites could afford too much emphasis on fun rather than
rigor, or simulations might engender overdependence on
algorithmic feedback rather than sefl-reliant reasoning. For
that reason, each of these tools best works not through sub-
stitution of traditional pedagogy, but rather through aug-
mentative strategies that can help to reinvigorate radiology
education through better alignment of practice with the
psychological and cognitive truth of how expertise emerges.

3.3.2. Teaching, Learning, and Engagement
Innovations

Traditional radiology education has been based on the
integration of didactic lecturers, fixed case reviews, and
hands-on experience during clinical rotations. Effective in
the delivery of content, they frequently falter in maintain-
ing learner interest or responding to individual learners’ di-
vergent needs. The entry of large language models (LLMs)
opens new horizons in rethinking instructional design, al-
lowing instructors to formulate lesson planning, tailor the
content to learners of diverse knowledge levels, and inno-
vate interactive pedagogies that actively engage learners
within the learning process. Abd-alrazaq et al. (2023) ob-
serve that educators can ask LLMs to prepare lesson out-
lines, case-based activities, or different descriptions of ab-
stract concepts, thus alleviating preparation hours. Jowsey
et al. (2023) go a step further to show that while outputs
generated by Al itself will seldom be ready to be inserted
into classrooms, they yield fertile drafts to be edited by fac-
ulty. It streamlines planning and guarantees that curric-
ular content is kept sensitive to learners’ needs. Notably,
this workflow repositions the teacher’s role from iterative

drafting to higher-order functions of curation, contextual-
ization, and mentoring.

Engagement is not about efficiency alone; learning itself
is integral to engagement. Theories of cognitive engage-
ment stress that the active involvement of learners and
feedback-rich settings are imperative to knowledge reten-
tion (Prince, 2004). LLMs can be utilized to create interac-
tive learning experiences like case challenges, quizzes, and
problem-based discussion that maintain learner enthusi-
asm. Kasneci et al. (2023) demonstrate how prompts cre-
ated by Al can refresh old content by delivering its new for-
mats, ranging from gamified quiz to diagnostic puzzles. By
integrating interactivity into the design of lessons, teacher-
educators can transcend receptive passivity and encourage
richer cognitive processing.

Another important area is visual learning. Pictures that
can be utilized to visualize scientifically rich anatomical or
pathological concepts can be created with the help of text-
image models such as DALL-E 3, Stable Diffusion, and Mid-
journey (Artsi et al., 2024). Pictures that reduce cognitive
load by providing dual coding (verbal and visual represen-
tation) in tandem can help learners learn difficult mater-
ial (Mayer, 2009). However, such educators will need to un-
derstand the limitations of the current-day text-image tools
to produce radiologically correct images, particularly with
novel pathologies. The pictures will be susceptible to con-
fusing learners or diluting diagnostic sophistication with-
out strict expert control.

Beyond static resources, LLMs are being increasingly uti-
lized to provide scaffolding of clinical reasoning. Research
indicates that differential diagnoses made by LLMs corre-
spond with expert opinion in 63-69% of cases given text-
based descriptions of imaging (Kottlors et al., 2023; Sarangi
et al., 2024). Such tools enable learners to experiment with
structured processes of reasoning, test hypotheses, and ac-
cess contextual explanation of image findings. For instance,
a question such as, “Explain why miscarriage is more likely
in septate uterus versus uterus didelphys,” can trigger rich
explanation that clarifies not only outcomes but the very
pathophysiology (Jowsey et al., 2023). Utilized thus, LLMs
offer a kind of scaffolding that augments instruction by the
faculty while stimulating learners to interrogate their rea-
soning actively.

The pedagogical promise carries over to workplace learn-
ing. Once Al tools become increasingly embedded within
clinical practice, they can potentially identify mismatches
between trainee and attending interpretations, select indi-
vidualized teaching cases, and suggest practice tasks with
specific focus. This resembles the model of precise medical
education, whereby training is adjusted and aligned with
the learner’s progression dynamically. Such integration will
potentially turn workplace supervision into ongoing, adap-
tive mentorship with real-time feedback. Even with these
opportunities, however, considerable obstacles remain. Too
much teacher content produced by artificial intelligence
will reduce pedagogical diversity, and unchecked usage of
explanation-based artificial intelligence will reinforce su-
perficial knowledge. Professors will further have to learn
to critically evaluate artificial intelligence outputs prior to
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their usage to teach, lest educational rigor falls prey to
ease. The challenge here is therefore that of integration:
employing artificial intelligence to enrich engagement
while securing the interpretive control of professors and
the students’ critical thinking.

3.4. LLMs in Radiology Education

3.4.1. Opportunities and Risks of LLMs in Radiology
Education

The sudden arrival of large language models (LLMs) like
ChatGPT has generated significant interest in their educa-
tional potential, and radiology was one of the first special-
ties to adopt such technology. Unlike their predecessors of
decision-support software, LLMs were created with natu-
ralistic interaction in mind, allowing students to have tu-
toring-simulation conversational exchanges with the tech-
nology. They can explain intricately technical terms, create
study guides, and offer rapid feedback, which makes them
general-purpose knowledge-acquisition and skill-rein-
forcement aids.

Other research records the educational value of LLMs
as experienced by students. Students note that they can
access these resources to learn controversial topics, craft
practice questions, and access iterative, need-based feed-
back (Abouammoh et al., 2023; Alyasiri et al., 2024; Hos-
seini et al., 2023; Temsah et al., 2023). Interactive function-
ality aids student-driven learning and instills autonomy,
desirable attributes particularly within radiology training
and diagnostic independence being an eventual outcome.
Accounts also report students practicing within resource-
scarce settings valuing LLMs as cost-effective additions to
texts or traditional tutorials, assertive regarding the contri-
bution of these resources within expanding educational eq-
uity (Busch et al., 2023; Friederichs et al., 2023; Giannos,
2023; Gilson et al., 2023; Grabb, 2023; Guo & Li, 2023;
Sedaghat, 2023).

The applications of LLMs extend from being cost-effec-
tive to scalable. They can provide conversational learning
support at any time of the day without the constraint of
geographical locations. In contrast to teachers who work
within the bounds of time and location constraints, teach-
ers can provide continuous learning support at any time of
the day and can adapt their explanations according to the
learner’s prior knowledge (Abd-alrazaq et al., 2023; Kasneci
et al., 2023; Yan et al., 2024). The ability of teachers and
learning applications to provide continuous learning sup-
port according to the learner’s needs fits the concept of ac-
tive learning models in which practice and goal achieve-
ment through constant learning support from teachers can
be improved through proper adaptive learning support and
goal achievement (Ericsson, 2008; Prince, 2004; Ryan &
Deci, 2000; van der Vleuten et al., 2012). In radiology edu-
cation, learning opportunities are often constrained by lim-
ited access to diverse case materials and imaging examples.
This limitation can be addressed through Al-enabled learn-
ing applications that extend teacher support by providing
continuous, adaptive learning experiences and individual-
ized feedback, thereby expanding trainees’ exposure to var-
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ied radiological cases (Artsi et al., 2024; Duong et al., 2019;
Mistry et al., 2024; Tejani et al., 2022).

Yet the very qualities that make LLMs desirable carry
with them enormous peril. Stochastically generated, not
all outputs will be accurate, and the tendency to construct
plausible but incorrect answers - “hallucinations” - pose
significant danger to new learners. Tangadulrat et al. (2023)
comment on this gap between perception: whereas 83% of
medical students rated ChatGPT outputs appropriate learn-
ing material, only 53% of attending physicians agreed, re-
flecting faculty concerns about correctness, richness, and
trustworthiness. Herein lies a bigger pedagogic concern:
enthusiasm among students will not always translate into
defendable pedagogy without regulation.

Ethical questions contribute to integration difficulty.
Plagiarism, attribution, and academic integrity questions
have been raised (D’Antonoli et al., 2024; Grunhut et al.,
2021; Meyer et al., 2023; Pal et al., 2024; Weidener & Fis-
cher, 2023). LLMs can craft eloquent paragraphs that stu-
dents may be tempted to present as their own output, blur-
ring lines between assistance and authorship. Without
guidelines, LLM utilization threatens to erode core medical
education principles of honesty and professionalism. More-
over, because many of these systems too often lack clarity
about their data sources, students cannot safely distinguish
between evidence-based knowledge and randomly gener-
ated knowledge, and spreading misinformation and trust
erosion questions arise.

Cost is another component of risk. Whilst many LLMs
now exist to be used gratis, sustaining access to high-cal-
ibre, medically specialized models will likely require sub-
scriptions. Cascella et al. (2024) and Shah et al. (2023) note
that such costs may place additional burdens on trainees
already facing significant financial pressures, including the
anticipated $4,000 cost incurred on the pre-exam (Bhatna-
gar et al., 2019). If education through the use of Al be-
comes conditional on payment of subscriptions, rather than
reducing inequalities of access, they may grow and hence
widen inequities within the profession.

Transparency and regulation are perennial gaps. Com-
mercial LLMs exempt themselves from the regulation that
applies to medical software, and therefore students and
teachers have to confront issues of bias, privacy, and data
protection without institutional guidance (Blumenthal-
Barby, 2023; Council, 2017; Hamed et al., 2023; Nashwan
et al., 2023; Sheth et al., 2024; US Food and Drug Admin-
istration, 2024). It has already been determined that these
models inherit and perpetuate their training data’s biases,
reinforcing stereotypes and injustices (Babool et al., 2022;
Chen et al., 2021; Doo & McGinty, 2023; Louie & Wilkes,
2018; Parker et al., 2017; Poole-Dayan et al., 2024; Raj
et al., 2024; Singh et al., 2023; Trabilsy et al., 2023; Zhu
et al., 2024). For radiology education, with diagnostic ac-
curacy and fair explanation being of greatest significance,
these cannot be taken lightly. Considered together, LLMs’
potential and danger in radiology education represent the
general trade-off between innovation and prudence. To the
benefit of wider accessibility, individualized learning, and
scalable correction, these technologies can lead learners
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astray, perpetuate disparities, and erode academic in-
tegrity. The dilemma of radiology’s educators is not to
adopt or not to adopt LLMs, but to adopt responsibly, via
vetting, clarity, faculty stewardship, and ethical protection.
The radiologic experience with LLMs will, by extension,
provide models or foreshadowing for other medical special-
ties, and define both promise and conditions of success of
conversational artificial intelligence as a legitimate educa-
tion partner of precision.

3.4.2. Curriculum Development with LLMs

The creation and maintenance of superb radiology cur-
ricula were always manpower-intensive endeavors; ongoing
updating is required to remain current with new advances
in the imaging modalities, new diagnostic guidelines, and
evolving accreditation requirements. By convention, this
effort falls heavily on faculty with responsibilities to plan
curriculum, practice clinically, conduct research, and teach.
Large language models (LLMs) hold out new prospects by
their ability to provide quick help with design of lessons,
alignment with competencies, and iterative review of cur-
riculum. Although LLMs by themselves will not obviate the
necessity of expert advice by faculty, they hold promise
of turning the process of curriculum building into a more
dynamic and learner-focused process. Abd-alrazaq et al.
(2023) show that LLMs can aid the entire curricular contin-
uum, from creating course outlines to recommending as-
sessment rubrics. Lee (2024) shows their benefit in stream-
lining course planning by studying learner performance
data and recommending salutary intervention. Such uses
demonstrate the potential of Al to decrease administrative
burden while concurrently personalizing curricula to
changing learner need. The outcome is a process of curricu-
lum that is faster and more responsive, of particular value
in radiology where advances in technology exceed conven-
tional intervals of review of curriculum.

The incorporation of established educational structures
reinforces the position of LLMs within curriculum design
even further. Bloom’s Taxonomy (Bloom et al., 1956; Con-
klin, 2005) is still seminal to expressing cognitive aims,
while the Accreditation Council for Graduate Medical Edu-
cation (Accreditation Council for Graduate Medical Educa-
tion, 2019) milestones contribute speciality-specific stan-
dards. Sridhar et al. (2023) demonstrate that with careful
prompting, GPT-4 can produce learning objectives aligned
with these structures using the correct action verbs and
cognitive levels. It illustrates the potential for including
LLMs within formalized curriculum design, not to provide
novelty but to help with alignment and coherence.

LLMs can provide capacity of formative curriculum re-
view; faculty can input existing syllabi or schedules of ro-
tations and ask the model to make recommendations about
revisions, align material with milestones, or find gaps in
coverage. The result is an iterative feedback loop that en-
ables ongoing curriculum improvement without the delay
of formal committees. Beyond objectives, LLMs can produce
teaching scenarios, clinical cases, and practice questions
that embed theoretical material within realistic diagnostic
problems. A faculty member might ask, by way of example:

“Develop a teaching case demonstrating ultrasound arti-
facts appropriate to first-year residents, aligned with
ACGME physics milestones.” The resulting scenario serves
as a starting point that can be refined by faculty with atten-
tion to clinical detail and educational sophistication rather
than origination. The ability of LLMs is further extended by
being integrated with other artificially intelligent systems.
Programs such as Explainpaper, SummarAl, and Elicit have
been applied to abstract journal articles, facilitate read-
ings, and prepare students’ self-testing questions (Kung et
al., 2023; Rathinasabapathy et al., 2023). Their integration
into radiology curricula can provide students with adap-
tive learning resources tuned to their ability levels, and in-
structors with ease of resource selection and maintenance.
This is part of a broader pedagogical trend toward adap-
tive instructional design, by which material is continuously
adjusted to learner advancement and situational demands
(Merrill, 2012).

Even with these benefits, critical scrutiny is necessary.
Scenarios or objectives generated by LLMs can seem rea-
sonable but have inherent errors or mismatches with ac-
creditation standards. The expertise of faculty is still nec-
essary to maintain accuracy, contextual relevance, and
educational integrity. Additionally, curriculum design
based on Al raises new ethical and governance concerns. If
curricula are developed based on models learned through
transparent data, concern exists that internalized bias
might affect what is learned and prioritized with adverse
potential to perpetuate inequalities of diagnostic training.

In this context, LLMs will best fit into curricula as collab-
orators, not authors. They can speed up drafting, help align
with educational frameworks, and provide wider repertoires
of accessible teaching cases. But ultimately, responsibility
will have to remain with faculty, whose clinician’s eye and
pedagogical experience can provide needed protection.
Used responsibly, LLMs can make radiology curricula both
more adaptive and rigorous, shortening the gap between
fast-paced technological advances in practice and slow cur-
ricular reform cycles.

3.5. Learner Assessment with LLMs

Assessment has been a staple of radiology education, in-
fluencing not only learner advancement but programmatic
accountability. Commonly, radiology assessment is charac-
terized by multiple choice questions (MCQs), oral exams,
and guided report writing. Each of these approaches pos-
sesses advantages and disadvantages: MCQs afford scala-
bility but frequently lack realism; orals assess reasoning
but require significant resources; report assessments mimic
genuine practice to some extent but experience variability
of grade. The arrival of large language models (LLMs) ush-
ers in new possibilities to supplement these methods, po-
tentially to make assessment truly continuous, scalable,
and connected to genuine professional activity.

Radiology report writing is perhaps one of the most im-
mediate areas of influence. At the draft stage, LLMs can
abstract results, recommend structural organization, and
make stylistic adjustments. Kasneci et al. (2023) comment
that these capabilities, deployed longitudinally, enable in-
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structors to monitor the progression of a learner’s diag-
nostic reasoning and communicating over time. Instead of
episodic assessments that are tied to individual rotations,
feedback assisted by Al can document a continuous track
of improvement that identifies patterns of diagnostic cor-
rectness, linguistic precision, and depth of interpretation.
Here, LLMs become motors of formative assessment, offer-
ing immediate feedback while always deferring final deci-
sion to faculty.

Even summative testing is evolving. Olney (2023) piloted
questions developed by Bing Chat and Macaw in anatomy
and physiology and determined that human raters scored
them to be between 91-93% informative as human-con-
structed questions. Error rates were not nil; Macaw some-
times repeated its distractors (7.5% of cases) and Bing Chat
omitted correct answers in 9%. However, the findings indi-
cate LLMs can be utilized effectively to contribute to item
banks. Given that creating plausible distractors is among
the most labor-intensive processes of test building (Gierl et
al., 2017), freeing up faculty-time through Al-assisted item
building is promising and will probably necessitate expert
approval even after freeing up the time. To these overall
conclusions, a study specific to radiology determined that
GPT-4 created board-style questions and rationales of ACR
DXIT exam item quality with perfect correctness of answers
(100%), demonstrating its potential to contribute to exam
preparation with an emphasis on specialties (Mistry et al.,
2024).

Theory of assessment emphasizes the necessity of strik-
ing a balance between efficiency and validity and reliability.
On Messick’s unified account (Messick, 1995), validity is not
inherent in the test itself but rather of interpretations and
uses that are made of scores. In radiology, then, this im-
plies that MCQs or report critiques produced by Al cannot
be evaluated by face plausibility alone; they will have to
reliably embody defensible inferences about competence.
LLMs should thus be framed not as coming to replace val-
idated instruments but rather to populate test pools to a
wider extent, to help scaffold formative feedback, and to
pinpoint areas of concentrated faculty assessment.

Yet another new frontier is that of programmatic mea-
surement, with summation of multiple low-stakes mea-
sures over the long term to make higher-stakes judgments
(van der Vleuten et al., 2012). LLM-driven feedback of any
kind (report writing, case reasoning, or self-evaluations)
can provide a stream of micro-measures. When systemi-
cally aggregated, these data can yield rich longitudinal pro-
files of learner progress and complement traditional sum-
mative tests with finer profiles of competence and broader
item banks within specialty-specific arenas like radiology
(Mistry et al., 2024).

Nevertheless, risks abound. Over-reliance on questions
generated by machines may reduce diversity and inadver-
tently reduce the scope of measurement. Students may also
learn to imitate stylistic patterns of pieces generated by
machines, compromising the integrity of measurement.
Even more fundamentally, there exists the danger of pre-
ferring that which can easily be generated by machines
(schematized texts, MCQs) to that more hard to capture

(clinical judgments, interpersonal competence). There is an
echo here of perennial criticisms of testing systems that re-
ward that which can be measured to the expense of that
which is valuable. To forestall these dangers, AI-driven
tests will need to remain firm within faculty-led control.
Human scrutiny cannot be avoided to ensure clinical valid-
ity, equity, and congruence with desired outcomes. More-
over, questions generated by machines should be tempered
with performance-based exams such as OSCEs, workplace-
based exams, and structured oral exams. Thus, LLMs serve
to accelerate the rate of innovative testing rather than re-
place that which already exists. Taken together, LLM in-
clusion in radiology testing holds promise and peril. Their
greatest promise lies within constructivist learning envi-
ronments (continuous feedback, practice question gener-
ation, and learner self-assessment supporting scaffolds)
where their use in summative measurement within high-
stakes testing demands careful handling. By positioning
these resources within a programmatic testing system, in-
structors can capitalize on their efficiency without compro-
mising rigor, validity, or developing independent profes-
sional judgment.

3.6. Curricular Integration and Faculty Readiness

Whereas technological potential has been extensively
proved, the hard part is integrating Al into the formal cur-
ricula of radiology training programs. The literature contin-
uously reveals a gap between realization of AI’s significance
and its systematic integration into educational frameworks.
Surveys and reviews indicate that whereas educators iden-
tify the unavoidability of Al in radiology, institutional ca-
pacity to facilitate curricular reorganization is limited. The
discrepancy reflects a key paradox: enthusiasm about new
technologies is strong, but willingness to ground and sus-
tain it within organized forms is uneven. Doherty et al.
(2025), in their European image educators’ survey, found
robust acknowledgment of relevance of training across Al
but negligible trust in their capacity to provide effective
delivery. Factors raised by the respondents included insti-
tutional inertia, scarcity of training resources, and lack of
agreed-on frameworks as perennial obstacles. The obser-
vations correspond to wider global patterns. Huisman et
al. (2021) demonstrated that whereas close to four-fifths of
the respondents found inclusion of Al in residency curric-
ula desirable, they concurrently raised doubts about inad-
equate knowledge among staff and unresolved ethical and
legal issues. The similarity of these results across regions
indicates that the challenge is not lack of intentions but
lack of infrastructure and preparation among instructors.

The requirement for longitudinal planning has been em-
phasized by multiple authors. Gorospe-Sarasua et al. (2022)
and Gowda et al. (2022) recommend teaching of Al concepts
even while in medical school, with reinforcement during
residency and continuation through continuing medical ed-
ucation (CME). Tajmir and Alkasab (2018) and Tejani et
al. (2022) make corresponding recommendations of vertical
integration through the training continuum, with learners
being exposed to Al not as an elective of late training but
instead as an iterative theme aligned with clinical mile-
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stones. All of these opinions correspond to general theories
of curricular adjustment, which stress the importance of of-
fering continuity and reinforcement to allow new compe-
tency to take hold. Literacy regarding Al cannot be added
to an already-in-place curriculum by virtue of an indepen-
dent module; instead, it must be incorporated through the
learning process with supporting scaffolds that evolve with
learners’ increasing clinical responsibilities.

Faculty preparation is the key to this transformation.
Unless teachers themselves are comfortable with the tech-
nical and pedagogical elements of Al, integration will
struggle to move beyond superficial tokenism. Surveys bear
out that many faculty staffs are not yet comfortable teach-
ing about Als, and that this is not due to lack of interest
but unfamiliarity. This aligns with Rogers’ seminal theory
of diffusion of innovations (Rogers, 2003), whereby opinion
leaders and early adopters play a crucial role in legitimating
change. Early adopters of Al integration within radiology
can thus provide examples of effective practice, mentor
others, and make complexity seem less formidable. Institu-
tional investment therefore is necessary to provide struc-
tured faculty education, in the form of workshops, cer-
tification schemes, and collaborative models of teaching.
There are organizational issues too. Faculty report short of
time, competing pressures, and lack of reward as excuses
for not getting to grips with Als education. The literature
on change management explains that institutional backing,
adjustment of workload, and reward mechanisms represent
key levers of adoption (Kotter, 1996). Unless staff are both
resourced and incentivized to adopt meaningful integration
of Als into their teaching, initiatives will lack coherence
and will not be sustainable.

Finally, the literature draws a common picture: radiology
trainees are primed for Al, but faculties and curricula lag.
A dual-step approach is necessary to bridge this gap of
readiness. Institutions need to invest in training educators
with the knowledge and pedagogical approaches to teach
responsibly about Al. Curricular redesign then needs to be
deliberate and long-term, integrating concepts of Al at var-
ious levels of training. Unless these steps are undertaken,
the promise of education enhanced by Al will be kept, only
that education will continue to graduate learners techno-
logically savvy, but pedagogically underserved.

3.7. Professional Perceptions and Generational
Divides

Opinions about artificial intelligence in radiology exist
widely, and the disparity between professional organiza-
tions, generations, and geographic locations directly influ-
ences how education integrates this technology. Surveys
consistently report that radiology ranks among specialties
that will be significantly impacted by Al, and the degree of
enthusiasm, trust, and concern considerably differ among
respondents. The differences not only establish curricular
emphases but also the overall professional atmosphere
within which radiology residents are socialized.

Naeem et al. (2025), during a national questionnaire of
physicians across Pakistan, determined that a third of those
questioned pinpointed radiology as the most affected by

Al Notably, those questioned were in favor of including Al
within medical curricula, referencing the specialty’s need
for rigorous programmed workflows and image interpreta-
tion. Such feedback represents an acknowledgement of AI’s
inevitability but rather betrays a pragmatic concern: with-
out appropriate training, radiology is exposed to disrup-
tion rather than enhancement by tech revolution. Endorse-
ment of education about such technologies represents less
optimism than professional imperative. Within the United
States, Alarifi (2025) recorded a comparable optimism
among younger radiologists, recording higher familiarity
with the tools of Al and stronger expectations of benefit.
The same cohort, however, showed higher vulnerability to
errors faced with erroneous outputs of an Al, suggesting a
paradox of early adopter: while eager to exploit new tech-
nologies, such individuals can be equally susceptible to
their shortcomings. Such contradiction is pertinent to tech-
nology adoption literature, reporting that early adopters
will be tolerant of hazards and unknowns not borne by their
older colleagues (Venkatesh et al., 2003).

Generational divisions within radiology transcend com-
fort with equipment to broader questions of professional
identity. Younger trainees, who have grown up in a world
surrounded by electronics, experience Al as an extension of
their pedagogical world. Older radiologists, however, may
experience Al as a danger to professional competence. The
differing perceptions mirror broader patterns of profes-
sional identity formation, in which generations socialize
into the profession with different assumptions about au-
tonomy, expertise, and technology’s role (Cruess et al.,
2019). To younger trainees, Al may embody opportunity
and relevance; to older radiologists, it may embody fears
of erosion of interpretive judgment. Geographic contexts
add further layers of complexity, such that in low- and mid-
dle-income countries (LMICs), enthusiasm about Al is tem-
pered by resources, concern about expense, and lack of ac-
cess to infrastructure. In high-income countries, resistance
may be less about feasibility and rather about ingrained
professional custom or uncertainty about medico-legal im-
plications. Each establishes its own set of educational im-
peratives: in LMICs, education with Al may embody re-
source offset and access equity; in high-income countries,
education about AI may embody a mechanism to ensure
professional control within a rapidly automating world.

Educationally, these gaps are significant because they
define legitimate knowledge. If students blindly accept out-
puts of Al while instructors are doubtful, the outcome can
be a tacit curriculum that conveys ambivalence instead of
clear guidance. The gap can only be closed by curricular
measures that affirm enthusiasm and skepticism alike and
position Al itself as a tool of which advantages and disad-
vantages depend on careful evaluation and judicious uti-
lization. Instruction can be individualized by stage of ca-
reer: younger trainees can be initiated to proper deference
by guided scrutiny of interpretations generated by Al, while
older instructors might require upskilling to teach with new
pedagogic tools with confidence.

Finally, perceptions of radiology’s future with Al depend
on broader questions about the practice itself. Is radiology
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characterized by human interpretive expertise that can only
be supplanted by Al, or by a dynamic collaboration between
man and machine? The response is generation-, geogra-
phy-, and practice-specific. Curricula that don’t recognize
these divides will leave students trapped between compet-
ing narratives. Curricula that make these divergences ex-
plicit and that teach students to traverse them can turn
potential fount of fragmentation into chance of intergener-
ational discussion and practice revitalisation.

3.8. Behavioral Risks and Human-in-the-Loop
Safeguards

3.8.1. Behavioral Risks: Overreliance and Skill
Retention

Whereas the inclusion of radiology education with Al
holds many advantages, it concurrently poses behavioral
hazards that can compromise long-term skill maintenance
and professional autonomy. Primordial among these is
over-reliance, whereby students rely too heavily on algo-
rithmic interpretations, gradually diminishing their ability
to make independent diagnostic judgments. This is not
unique to radiology, but the subspecialty’s heavy depen-
dence on visual interpretation and templated reporting
places it uniquely at risk. Sunday (2025) cautions that rou-
tine usage of Al can engender diagnostic deskilling, com-
placency, and attenuation of situational awareness. Such
hazards multiply within educational settings, where learn-
ers may respond to Al reportage as definitive rather than
as learning stimuli. Left unchecked, such over-reliance can
engender a hidden curriculum whereby learners internalize
passivity rather than critical review. Li and Little (2023)
emphasize the necessity of promoting proper over-reliance,
an architecture whereby Al serves as an aid to rather than
substitute for human expertise. This necessitates teaching
strategies that explicitly balance efficiency with goal-ori-
ented practice to ensure that learners not only continue to
hone visual acuity and reasoning abilities but actively em-
ploy such abilities while interacting with and using Al tech-
nologies.

Insights borrowed both from cognitive psychology and
human-AI interaction research bear out these suspicions.
Automation bias, the researched-and-confirmed tendency
to over-rely on machine output even when incorrect, was
found to be present within the context of clinical decision
support (Goddard et al., 2012). In radiology, this could
manifest as blind agreement with results highlighted by
Al, reducing vigilance and impairing diagnostic reasoning.
Cognitive offloading works to contribute to the peril: when
students frequently offload interpretive endeavour to Al,
they may save short-term cognitive resources but lose en-
coding of rich, structural knowledge that is key to expert
performance (Carr, 2020).

Mitigation strategies are starting to appear in the liter-
ature. One is alternating between Al-assisted and Al-free
case interpretation, with learners practicing both indepen-
dent reasoning and augmentation of their workflow with
Al. Another is including explainability prompts within Al
platforms, with users being asked to explain their reasoning

before their output is compared with that of the Al. Such
prompts turn the Al into a source of reflection rather than
answers, which is consistent with deliberate practice mod-
els of expertise building. Assessment tasks can similarly be
engineered to encourage independent interpretation and
thus signal the ongoing supremacy of human judgment.
The broader educational challenge is to reset the percep-
tion of Al not as displacing human cognition but rather to
make us better engaged critics. Students need to learn to
question Al output, not just what the outcome is but why it
is, how well it adheres to established reasoning, and where
possibly it is being misled. Unless we adopt this reflective
stance, the danger is that radiology training will standard-
ize complacency instead of building the expertise that de-
fines the radiologist.

Hence, behavioral risks are not secondary to the inclu-
sion of Al in education but foundational to its pedagogical
design. By identifying overdependence and loss of skill as
structural hazards, teachers can embed protection that en-
sures the integrity of training despite reaping the benefit of
the effectiveness and flexibility of Al. The learning of radi-
ology with these risks will likely have implications applica-
ble to other specialties that are now set to embark on learn-
ing environments with aid by Al.

3.8.2. Human-in-the-Loop Safeguards

The dangers of over-reliance and deskilling posed above
therefore require to be actively protected against to prevent
the perpetuating of Al reinforcing instead of displacing hu-
man expertise. One closely common solution is the human-
in-the-loop (HITL) model, which stresses that products of
any Al will inevitably need to be interpreted, contextualised
and verified by human end-users and not accepted on face
value. In radiology training, HITL frameworks make Al an
educational collaborator instead of an independent deci-
sion-maker whereby trainees actively contribute to the di-
agnostic process.

Oye et al. (2025) outline a formalized model of radiology
education using HITL, based on interpretability, feedback
loops, and systematic quality checks. By asking students
to challenge outputs of Al (why a conclusion was reached
and how that relates to their own line of reasoning) HITL
systems foster critical rather than passive review. Such
processes map onto reflective practice theories (Schon,
1983), such that learning occurs through iterative loops of
action and reflection. Drafts or interpretations by Al then
act as stimulants to criticism, with students prompted to
identify error, hone their reasoning, and solidify their au-
tonomy. Professional organizations have reasserted these
agendas. A recent Association of Academic Radiology-Ra-
diology Research Alliance task force white paper (2025)
stressed that not a single system of Al should be imple-
mented within clinical or educational settings without
proper verification, scrutiny, and transparency (Ballard et
al., 2025) Applying these mandates to education leads to
that of Al tools that act rather than passively accepted su-
pervisors. Thus, e.g., an Al-sourced report draft might act
as the genesis of a teaching session during which trainees
should be prompted to flag error, argue against alternate
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interpretations, and resubmit conclusions. This converts
that which might otherwise act as a danger of misinter-
pretation into an error-based learning exercise (Metcalfe,
2017), with mistakes not avoided but actively utilized to
gain understanding.

HITL safeguards also correspond to accepted practice of
clinical supervision. As radiology attendings review trainee
interpretations prior to signing off on reports, Al-assisted
learning settings should integrate faculty review as a design
requirement. Faculty thus fulfill a dual charge: they deliver
corrective feedback and, no less importantly, embody
proper skepticism of Al output. As experienced radiologists
question and contextualize algorithmic recommendations,
learners internalize not only interpretive competence but
professional attitudes of prudence, responsibility, and
skeptical thought. Another crucial aspect of HITL is that of
transparency. Learners need to be made aware of the short-
comings of the AI system, its training data, error modes,
and uncertainty contexts, and, unless this transparency is
achieved, the learning process threatens to instantiate the
very biases or blind spots that the Al system inherits with
its datasets. Revealing these shortcomings within a super-
vision context enables learners to handle Al output respon-
sibly rather than regarding them as dark oracles.

In sum, HITL safeguards reposition Al as a scaffold for
critical engagement rather than a shortcut to answers.
When implemented thoughtfully, they encourage learners
to interrogate, critique, and improve upon Al-generated
material, thereby strengthening diagnostic independence
and professional judgment. Radiology’s early experiments
with HITL provide not only a model for other specialties
but also a reminder that innovation without oversight risks
eroding the very competencies education is meant to culti-
vate.

4. Recommendations for Future Development

The literature coalesces on the opinion that while radi-
ology education’s Al holds the potential to be transforma-
tive, its eventual worth will be less about the technology
itself and instead about the system of governance, faculty
preparation, and equity within which it is implemented.
As the evidence matures, a set of priorities for planned
development emerges. The recommendations go beyond
cataloging advantages and disadvantages to sketching out
circumstances within which Al can be a responsible collab-
orator with precision medical education.

4.1. Assessing Technological Readiness

The immediate concern is to have defensible indicators
of when Al tools are mature enough to be included within
educational environments. De (2023) stresses that putting
individual learners or teachers on their own to judge model
performance is unrealistic. The decision to be ready should
rather be made through mutually agreed processes coordi-
nated by professional associations. Yan et al. (2024) sug-
gest, while scoping 118 articles, that innovations should
be repeated using new models with new data, with open-
source systems given higher priority to provide trans-

parency, and human-centered approaches to evaluation
should be embedded. Such evaluations should go beyond
accuracy and take into account explainability, equity, and
transferability. A rigorous readiness system would make ed-
ucators confident that adoption is not coming too soon
while establishing common expectations across institu-
tionally.

4.2. Faculty Development and Support

The success of any educational innovation ultimately
rests with faculty. Even the best Al tools will not enhance
learning without instructors feeling comfortable or com-
petent to employ them effectively. Professional develop-
ment initiatives requested by Akinci D’Antonoli et al. (2024)
should prepare teachers to critically assess products of Al,
make optimal use of prompting strategies, and responsibly
embed tools into teaching practice. Such preparation
should extend beyond technical proficiency to ethical is-
sues of plagiarism, bias, and integrity. Faculty workshops,
certification tracks, and common collections of best prac-
tice might provide the basis of sustainable building of ca-
pacity of faculty. Such initiatives align with wider schol-
arship on professional development of medical education,
which stresses that adoption of innovation demands cul-
tural and technical accommodation (Steinert et al., 2006).

4.3. Incorporating Al Training into Residency and
CME

Integration of the curriculum should be longitudinal
throughout undergraduate medical education into resi-
dency and continuing medical education (CME). The resi-
dency itself is another important watershed, too, with prac-
ticing physicians-in-training assuming practice without
supervision. There should be structured modules on ap-
propriate use of Al (based on clinical milestones) so that
new graduates emerge with technical competence with eth-
ical knowledge. Tajmir and Alkasab (2018) note that verti-
cal alignment, with preliminary exposure to Al ideas early
and repeated exposures throughout phases of training, is
needed. The USACM (2017) principles, Hosanagar (2020),
and the U.S. Government (2022) (n. p. House, 2022) provide
points of comparison across curricular design. Through in-
corporation of the principles within formal education,
teachers can foster a culture of reflective and ethical prac-
tice with regards to Al.

4.4. Governance and Equity

Governance mechanisms should be developed to protect
against inequality and abuse. Considerations of cost, as
Cascella et al. (2024) and Shah et al. (2023) have pointed
out, open the door to the chance that access to superior Al
resources might segregate learners by socioeconomic back-
ground. Equity thus necessitates deliberate policy, such as
institutionally subsidized access or preference of open-
source options. Data governance is similarly important.
Misgivings over privacy, bias, and disinformation cannot
be left to individual institutionally but need to be faced
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through professional management and regulation. There
may well be lessons here from proximate areas of digital
health, where mechanisms of governance have developed to
strike a balance between innovation and safeguarding pa-
tients (Topol, 2019).

4.5. Research Priorities

The evidence base is nascent, and research of a specific
kind is needed to move beyond anecdote. Yan et al. (2024)
identify some potential areas of focus: prevention of mis-
information, resolution of inequalities, protection of pri-
vacy, and improvement of transparency. Beyond these, re-
search is needed to assess long-term outcomes, such as the
effect of Al-augmented training on maintenance of skills,
professional formation of identity, and patient safety, in-
cluding validity studies that compare radiology exam items
generated by Al with known board materials (Mistry et al.,
2024). Experimental designs of a rigorous quality, multi-in-
stitution studies, and mixed-methods studies will be valu-
able. Lacking empirical validity, adoption of the technology
risks being driven by enthusiasm rather than evidence, a
dynamic that undermines trust both within education and
within clinical practice.

4.6. Toward a Balanced Future

These suggestions collectively demonstrate that the fu-
ture of Al in radiology education is not predetermined but
conditional. Tech potential must be aligned with readiness
models, faculty training, integration into curricula, system
of governance protection, and research. Radiology’s lead-
ership role in innovative solutions positions it to establish
benchmarks that will have relevance throughout medical
education. But with that capability comes a responsibility
to not adopt too rapidly, to not adopt unevenly, and to not
adopt without depth of ethical principle. Through planned,
evidence-based approaches, the specialty can turn Al into
a driver of precision medical education rather than disrup-
tion.

5. Discussion

The incorporation of artificial intelligence (Al) into ra-
diology teaching represents a particularly informative case
study with which to gain insight into opportunities and
risks of educational innovation within medicine. Within the
literature, a repeated theme is that whilst tools of artifi-
cial intelligence, such as large language models (LLMs) and
generative platforms, can potentially revolutionize radiol-
ogy trainee learning, the results depend significantly on the
way that such tools are conceptualized, moderated, and in-
tegrated into established frameworks. The discussion as-
similates the evidence borne, circle-backs to the research
questions that guided the inquiry, and emphasizes wider
implications within medical teaching.

Radiology is uniquely well situated to act as such a test
case. Its organizational features, such as digital workflow,
standardized reporting, and vibrant informatics culture,
render it a perfect proving ground for educational uses

of AL Systematic and umbrella reviews already have been
shown to have such uses across report generation, case
exposure, gamified learning, and adaptive simulation (Ke-
shavarz et al., 2024; Lastrucci et al., 2024; Sacoransky et al.,
2024; Temperley et al., 2024). Such uses document how Al
can obviate historical difficulties, including uneven expo-
sure to uncommon cases and delay of feedback, while con-
currently revealing the hazards of early experience, includ-
ing over-reliance, misinfo, and diagnostic deskilling. The
dual role of radiology, therefore, both blueprint and cau-
tionary tale, holds important lessons applicable to other
specialties.

The mechanisms by which Al improves learning best can
be grouped into three interconnected areas. First, adaptive
case curation broadens exposure of learners to diagnos-
tically informative patterns and gains entry to cases that
would otherwise be too rare. Secondly, iterative feedback
mechanisms implemented during practice transfer shift as-
sessment to longitudinal rather than episodic frameworks
and consequently enhance opportunities for self-regulated
learning (Kasneci et al., 2023; Sridhar et al., 2023). Thirdly,
language scaffolding explains to learners the process of re-
port writing while, incidentally, exemplifying professional
discourse and consequently facilitating technical and com-
munication competence (Abd-alrazaq et al., 2023; Lee,
2024). All of these procedures align highly with already ex-
isting expertise development theories, such as deliberate
practice (Ericsson, 2008), cognitive apprenticeship (Collins
et al., 1991), and programmatic testing (van der Vleuten et
al., 2012). Importantly, each reveals that AI not only can be
a set of tools but can be regarded as a potential model of de-
sign of instruction that propels medical education toward
greater precision.

Meanwhile, the literature highlights the peril of prema-
ture or uncritical adoption. Automation bias and over-re-
liance prove enduring issues (Goddard et al., 2012; Li &
Little, 2023; Sunday, 2025), and the risk that students will
accept Al output as definitive rather than to prompt reason-
ing. Ethics, including plagiarism, bias, and data manage-
ment, add to this picture (Grunhut et al., 2021; Meyer et al.,
2023; Pal et al., 2024). To respond to these fears, human-in-
the-loop models have been set out, with a focus on inter-
pretive control, error-based criticism, and reflection (Oye
et al., 2025). Such systems, reflected in the Academic Ra-
diology—-RRA white paper (Ballard et al., 2025), turn Al it-
self into a learning scaffold rather than a source of risk. The
model aligns with reflective practice theory (Schon, 1983)
and error-based learning (Metcalfe, 2017), positioning the
Al not as oracle but rather as prompt to professional judg-
ment.

In spite of mounting acknowledgment of the value of Al,
adoption within the curriculum is uneven. Trainees are typ-
ically enthusiastic, yet surveys of staff reaffirm that staff
will mostly not be confident that they can teach effectively
about AI (Doherty et al., 2025; Huisman et al., 2021). The
sort of asymmetry thus runs the risk of creating a gener-
ational gap in disposition to the embedding of Al (Alarifi,
2025; Naeem et al., 2025). Professional development then
becomes a paramount imperative. The absence of repeated
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investment in training teachers, institutional incentives,
and mentorship by pioneers therefore causes integration of
the AI to risk being tokenistic or piecemeal. The theory of
the management of change (Kotter, 1996) and the model of
the diffusion of innovations (Rogers, 2003) both argue that
productive adoption will require not only individual enthu-
siasm but institutional backup and deliberate planning.

Even though much of this deliberation has centered on
radiology, the implications go far beyond the specialty.
Those specialties with similarly digitalized infrastructures,
such as pathology, dermatology, and ophthalmology, will
likely face equivalent opportunities and perils. By compari-
son, specialties with less standardized data will potentially
face even higher levels of exclusion. What becomes ap-
parent in each instance is that the fundamental concern
is not adoption itself but design: incorporation of safe-
guards, reconciliation of educational usage with accredi-
tation standards, and fair access across diverse learning
settings. These developments, collectively, portend radiol-
ogy’s ability to help shape the future of precise medical
education. By tailoring cases, feedback, and testing to in-
dividual learners, with the aid of Al, superior and more re-
sponsive educational systems can potentially coexist. Such
potential, however, exists only conditionally. Unless proved
through validation, transparent by design, and effectively
governed, its potential can be derailed by the pitfalls of
misinformation and lack of equity. The worry of educators,
therefore, is to make AI’s technical potential equivalent to
pedagogical value, in effect, transmuting risk into possibil-
ity through reflective and thoughtful design.

6. Implications

The results of this research synthesis decisively affirm
that the integration of artificial intelligence (Al) into radi-
ology education cannot be conceived of as a simple tech-
nical issue of equipment adoption. Instead, it poses wider
questions of pedagogy, professional formation, govern-
ment, and equity. They carry implications that transcend
radiology and determine the future direction of medical ed-
ucation across the board. The incorporation of artificial in-
telligence into medical education will have numerous im-
plications for educators, curriculum developers,
professional organizations, and research scientists. Educa-
tors will face the primary challenge of positioning Al not
as a short-cut to increased efficiency but rather as a frame-
work to afford deliberate practice. Effective teaching strate-
gies will thus be those that require learners to challenge
outputs of Al, question report generation, and shuttle be-
tween solo and Al-augmented activities. Curriculum devel-
opers will then intermix training with AI over an extended
period of time, starting with basic exposure during med-
ical school and continuing through residency and contin-
uing professional education. Through this process, learn-
ers will understand the technology of Al and the judgment
that their learners will need to employ the technology re-
sponsibly. The inclusion of constructive alignment princi-
ples—where learning objectives, activity, and assessing are
made explicitly aligned (Biggs & Tang, 2011)—will be nec-
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essary to ensure that tools enriched with Al attain desired
outcomes and not provide portals to short-cuts.

Professional organizations play a key role in defining
readiness standards, validation processes, and ethical
guidelines for using Al in teaching. The Association of Aca-
demic Radiology—RRA task force assumed this role already,
by providing direction through its white paper on large
language models and radiology education (Ballard et al.,
2025). Overall governance structures will need to tackle
equity too, to prevent cost structures from stratifying ac-
cess to Al-augmented learning. Here, examples of digital
health governance (Topol, 2019) and of responsible inno-
vation frameworks (Stahl et al., 2021) postulate how soci-
eties can balance between innovation and accountability.
Their approval will probably frame the legitimacy of Al-en-
riched teaching agendas and their usage across various in-
stitutions.

The research agenda of radiology education and artificial
intelligence (Al) is correspondingly very early. Whereas
previous studies have evaluated short-term precision, ease
of use, and learner attitudes, very little is known about
longer-term skill maintenance outcomes, diagnostic auton-
omy, and professional identity. To address these questions,
feasibility studies should then be followed by longitudinal
designs, randomized trials, and mixed-method studies
evaluating quantitative performance and qualitative
learner experiences. Cross-institution collaborations will
be necessary to make results generalizable across sites,
rather than specific to single-site pilots. Notably, synchro-
nizing future research with evidence-based medical educa-
tion principles (Cook et al., 2008) will enhance the credi-
bility of integrating Al and provide a robust foundation of
evidence to construct policies.

Although radiology has been at the focal point of much
of this discussion, its implications don’t stop with this dis-
cipline. Digital-heavy specialties of pathology, dermatol-
ogy, and ophthalmology enjoy the very same digital infra-
structures and will confront very similar difficulties. Bolder,
the radiology experience holds a broader principle applic-
able across medical education: technological developments
will need to proceed alongside pedagogical planning, eth-
ical protection, and preparation of faculty. So radiology’s
earlier exposure to artificial intelligence is both an exem-
plar and a cautionary note to other specialties now looking
to the promise and danger of integration with artificial in-
telligence.

7. Conclusion

Radiology’s experience with artificial intelligence (AI) il-
lustrates both the promise and the peril of technological
innovation in medical education. At the nexus of encoded
data, standardized reporting, and computerized workflow,
radiology has been an early testing ground for large lan-
guage models (LLMs) and generative aids. The evidence
synthesized here reveals that Al can widen access to exotic
cases, speed feedback, and individualize learning, thus fur-
thering the broader imperative of precision medical edu-
cation. However, the same evidence reveals equally clearly
that without careful safeguards, these advantages will be
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undermined by overdependence, diagnostic deskilling, mis-
information, and inequity. This review has made the case
that the true pedagogical potential of Al rests not with
automation per se, but with how it can structure critical
thinking, reflection, and diagnostic autonomy. Human-in-
the-loop processes, error-based learning design, and alter-
nating between Al-augmented and human-only interpreta-
tion provide pragmatic ways of interacting with Al without
compromising foundational abilities. Curricular adoption
lags unevenly, frustrated by gaps in teacher preparation,
institutionally motivated resistance, and generational fis-
sures within professional dispositions. The future will de-
pend on types of governance that specify standards of
preparation, research agendas that assess long-term out-
come, and professional associations that link validation
and supervision.

The review translates to various design suggestions that
can be applied to practice and future research:

1. Alternating reliance: Radiology trainees who alter-
nate between Al-assisted and Al-free interpretation
will demonstrate higher long-term diagnostic accu-
racy than those trained exclusively with Al support.

2. Prompting for critical reflection: The integration of
rationale-critique and explainability prompts into Al
outputs will enhance metacognitive activity and de-
crease automation bias relative to answer outputs.

3. Programmatic integration: The integration of low-
stakes micro-assessments driven by artificial intel-
ligence within programmatic models of assessment
will provide superior indicators of learner progress
than episodic high-stakes tests alone.

4. Faculty capacity-building: Faculty development pro-
grams that mix technical training with ethical frame-
works will not only enhance faculty comfort with
teaching AI but will also gain learner trust in AI-me-
diated curricula.

5. Protection of equity: The education centers that pro-
vide open or subsidised access to Al resources will re-
duce learning outcome inequality between socioeco-
nomic classes compared to settings with individual
subscription-based access.

These assertions underscore that the deployment of Al
in learning is not a destination but a design problem—one
that necessitates weighing creativity with accountability.
Radiology, by virtue of being an early adopter, provides

both inspiration and caution: its achievements exemplify
what can be accomplished, while its perils indicate what
should be protected against. The wider message to medical
education is that Al should not be framed as a substitute
for expertise but rather a co-teacher of its nurturing. When
pursued with clarity, control, and pedagogical stewardship,
Al can augment the routes through which radiologists and,
by extension, doctors across specialties gain independence,
discernment, and preparation to practice within an Al-en-
abled future.
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