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Abstract

The rapid integration of artificial intelligence (Al) into health care presents regulatory chal-
lenges due to the dynamic, opaque, and adaptive nature of Al — particularly with genera-
tive Al models. The U.S. Food and Drug Administration has proposed a life-cycle approach
extending beyond conventional frameworks, recognizing that traditional medical device
regulations are ill-suited for such technologies. This perspective draws parallels between
Al regulation and competency-based medical education (CBME), an existing framework
that addresses similar complexities in training human clinicians who are also dynamic gen-
eral-purpose problem-solvers with opaque cognitive processes. We propose adopting an
AI-CBME life-cycle framework for medical AI regulation, leveraging the five core CBME
components: defining competencies, sequenced progression, tailored learning experiences,
competency-focused instruction, and programmatic assessment. By applying these princi-
ples, we can implement continuous outcomes-based assessments of Al systems within their
operational environments. This approach embeds real-time validation and safeguards for
patient safety, building accountability and trust, while maximizing the potential of Al tech-
nologies to enhance health care. Engaging medical educators in this process offers an imme-
diate and practical pathway to develop a robust regulatory framework aligned with existing
educational methodologies.

Introduction

he rapid rise of artificial intelligence (Al) in health care demands a dynamic and

adaptive regulatory approach. The U.S. Food and Drug Administration (FDA)

agrees,' but acknowledges that the “traditional paradigm of medical device reg-
ulation was not designed for adaptive artificial intelligence and machine learning technol-
ogies.”? The FDA proposes a life-cycle approach to regulating Al that reaches beyond the
FDA, spanning the consumer and health care ecosystems, evaluating Al in the settings in
which it is deployed, and keeping pace with the rapid progress of AL* The limitations of the
current regulatory system are especially evident with the introduction of generative Al mod-
els that evolve frequently, can be applied to virtually any clinical problem, and reach con-
clusions without clear explainability.® These models pose unprecedented challenges due to
their nondeterministic, dynamic, general-purpose, opaque, and unexplainable nature.* The author affiliations are listed at

. .. . C the end of the article.
Medical educators encounter similar regulatory challenges daily. Human clinicians are gen-

eral-purpose, stochastic, and error-prone problem-solving agents whose cognitive processes Dr. Abdulnour can be contacted at

are largely unexplainable and change continuously with daily and lifelong learning and/or rabdulnour@bwh.harvard.edu.
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disuse. In the early 19th century, educators recognized that
a one-size-fits-all medical education did not address this
individuality, which led to significant inconsistencies in
care.’ In response, educators adopted a competency-based
medical education (CBME) framework emphasizing con-
tinuous outcome-based assessment of professional activi-
ties for training and certification.®’” At its core, CBME was
designed to allow flexibility and individualization for stu-
dents and schools to achieve standardized competencies,
which would, in turn, increase patient safety and the quality
of care.

The origins of CBME offer a compelling analogy to the need
for flexible, outcome-based regulation of medical AI. At
first glance, CBME is similar to the FDA’s conventional reg-
ulatory process (Fig. 1). Like the FDA’s premarket phases,
medical education begins with preclinical pretraining in
knowledge fundamentals with limited and supervised
patient exposure. Next, like the postmarket phase, gradu-
ate and postlicensure medical education involve life-long
education, assessment, and certification in the workplace
for the entire life cycle. Progress from one stage to the next
depends on assessing competencies and outcomes.
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Figure 1. Comparison of Competency-Based Medical Education and the U.S. Food and Drug
Administration’s Conventional Regulatory Process.

The development of medical devices and the education of health care professionals follow a sequenced approach aimed at promoting
training and certification toward defined criteria and competencies. Non-artificial intelligence (Al) medical devices are developed for
an intended purpose with minimal performance variability. During premarket approval, rapid prototyping refines the device’s accuracy
and safety until regulatory approval is granted once predefined criteria are met. Postmarketing collection of real-world data generates
real-world evidence that informs further improvements, with proficiency expected to increase over time. Stochastic agents (Al and
health care professionals) have variable proficiency learning curves that necessitate evaluation during their entire life cycle, including
postauthorization. Al-enabled medical devices are nondeterministic and evolve continuously, requiring more frequent iterations

before and after market approval. Generative Al devices add complexity by performing multiple, often unintended tasks, making both
premarket evaluation and postmarket surveillance more challenging. Medical learners develop proficiency across various defined
competencies and contexts. Competency-based medical education supports lifelong learning through continuous assessment, guiding
both professional development and certification for independent clinical practice. Al denotes artificial intelligence; CBME, competency-
based medical education; CME, continuing medical education; GME, graduate medical education; RWD, real-world data; RWE, real-

world evidence; and UME, undergraduate medical education.
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Table 1. Core Principles of Competency-Based Medical Education (CBME) Applied to Human Medical Learners Can Be Adapted to Artificial
Intelligence (Al) Systems in Health Care as AI-CBME.*

Core Defining Tailored Learning
Component Competencies Sequence Progression Experiences
CBME Medical Residents progress from Didactics and
example students supervised procedures deliberate
(Van Melle must to independently practice
etal®) demonstrate managing patients as opportunities
proficiency in they gain skills designed
taking patient to broaden
histories and a learner’s
diagnosing knowledge and
common skills in different
conditions domains are
tailored to their
needs
Core Specific Sequenced Performance Trial Phases
Component Intended Use Criteria
Al-CBME Al for An Al designed to predict Al systems that
example diagnosing sepsis in hospitalized predict hospital
diabetic patients must meet readmission
retinopathy increasingly stringent rates in
must meet a efficacy and safety patients with
95% accuracy performance criteria cardiovascular
threshold as it progresses diseases
compared from simulated undergo rapid
with human environments using prototyping
experts historical patient data, and iterative
to supervised testing refinements
in small cohorts of based on trial
patients, followed by a outcomes in

randomized controlled
clinical trial and
deployment

diverse health
care settings

Competency-

Focused Instruction

Educators design

an individualized
educational

plan based on a
learner’s abilities
in specific tasks

Predetermined

Change Control
Plan

An Al system

developed to
predict hospital
readmission
rates for
patients with
cardiovascular
diseases is
designed to be
rapidly modified
for different
hospital settings,
as locally
obtained insights
inform retraining
and fine-tuning

Programmatic Assessment

Educators continuously gather

learner data and observations
from across the workplace and
rate them using an entrustment
scale. These ratings are
passed on to programs

and certification bodies to
derive assessments against
predefined developmental
standards, which allow them
to determine and document a
learner’s progression toward
independent clinical practice

Market Approval and Postmarket

Surveillance

The FDA reviews the results

of preclinical and human
clinical testing to authorize

the marketing of an Al
emergency department triage
system. During postmarketing
surveillance, superusers

of the Al system rate their
entrustment of the intended
task. The health system’s Al
governing panel aggregates
the ratings, which then delivers
their assessments to health
system administrators and Al
developers to guide deployment
and development

*Examples for human learners highlight traditional training pathways, while examples for Al demonstrate how similar principles can guide the
development, validation, and ongoing assessment of Al tools in clinical practice. Al denotes artificial intelligence; CBME, competency-based medical
education; and FDA, U.S. Food and Drug Administration.

Given these similarities, an AI-CBME life-cycle framework
represents an immediate opportunity to apply a well-es-
tablished regulatory approach to medical Al. Working with
medical educators, stakeholders can borrow from the five
CBME core components identified by Van Melle et al. to
implement continuous outcome-based assessment and
implementation (Table 1).°

1. Defining competencies (CBME) — specific intended
use (Al regulatory process): In CBME, clear competen-
cies are outlined to ensure that medical trainees meet
specific, measurable outcomes related to their clinical
roles. This concept aligns closely with the FDA’s defini-
tion of a specific intended use,” which recognizes that
users of Al-enabled devices want the particular indi-
cation to be clearly identified. Indeed, defining clear,
outcome-based AI competencies — such as improving
diagnostic accuracy or predicting patient outcomes —
would ensure that AI tools consistently achieve their
defined goals. For example, the outcome competency

for an AI system designed to diagnose diabetic retinop-
athy would be retinal image analysis.

. Sequence progression (CBME) — sequenced perfor-

mance criteria (AI regulatory process): CBME empha-
sizes competency development through milestones
defined sequentially as learners advance. The regula-
tory equivalent would be FDA-identified sequenced
performance criteria.’® These criteria explicitly define
acceptable performance for an Al system, ensuring
that it meets specific, measurable outcomes during
sequenced progression from initial testing on small
datasets to comprehensive real-world testing, mitigat-
ing the premature use of AI systems in clinical prac-
tice. For example, during the life cycle of an AI model
designed to predict sepsis in hospitalized patients, it
must meet increasingly stringent specific accuracy
and safety criteria as it progresses from controlled,
simulated environments using historical patient data
to supervised testing in small cohorts of patients,
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followed by a randomized controlled clinical trial and
deployment.

3. Tailored learning experiences (CBME) — trial phases
(AI regulatory process): Tailored learning experiences
in CBME refer to providing learning opportunities
through life experiences based on learner needs, pro-
moting lifelong competency development. This prin-
ciple can be mirrored in Al regulation by emphasizing
rapid prototyping during sequenced trial phases. This
continual design-evaluation process ensures that Al sys-
tems are iteratively refined throughout their life cycle
based on data and insights from preclinical and clinical
trials, ensuring that they meet the evolving needs of the
population where they are deployed. For instance, an Al
system developed to predict hospital readmission rates
for patients with cardiovascular diseases could undergo
iterative refinements based on trial outcomes in diverse
health care settings.

4. Competency-focused instruction (CBME) — prede-
termined change control plan (AI regulatory process):
In CBME, competency-focused instruction refers to
individualizing an educational plan based on learners’
abilities in specific tasks. This involves designing flexi-
ble, individualized pathways that adapt to learner eval-
uations. This parallels the concept of predetermined
change control plans (PCCPs) in Al regulation,'* which
document planned modifications to a device, the meth-
odology for validating those modifications, and their
impact assessment. Just as competency-focused instruc-
tion anticipates and plans for individual growth oppor-
tunities, PCCPs provide a structured yet adaptable road
map for ongoing Al development as areas for improve-
ment arise. For instance, an Al system developed to
predict hospital readmission rates for patients with car-
diovascular diseases could be designed to be rapidly tai-
lored for different hospital settings as locally obtained
insights inform retraining and finetuning.

5. Programmatic assessment (CBME) — market approval
and postmarket surveillance (Al regulatory process):
Programmatic assessment in CBME is a systematic
approach to continuously gather learner data and
observations from across the workplace, and derive
actionable insights against predefined developmental
standards.'? Programmatic assessment allows training
programs and certification bodies to determine and
document a learner’s progression toward independent
clinical practice. This approach mirrors the use of trial
data to inform market authorization,** and the use of
real-world data to derive real-world evidence from

continuous observations across many contexts during
postmarketing surveillance to inform regulatory deci-
sions for further use or deployment.* Accordingly,
market approval and postmarketing surveillance of Al
systems would require continuous observation by des-
ignated superusers, who would pass on their observa-
tions to the health system’s Al governing panel. The
panel would then deliver its assessments to health sys-
tem administrators and AI developers to guide deploy-
ment and development, respectively.

To facilitate continuous assessment, CBME is coalescing
around an entrustable professional activity (EPA) frame-
work where educators evaluate units of observable work-
place behavior across many tasks and contexts using a
generalizable entrustment scale.’® These observations
are then integrated by competency committees for feed-
back and entrustment decisions. For example, a novice
provider can be entrusted to perform a lumbar puncture
only if an educator is at their side (low entrustment). Over
time, educators increase their ratings of observations and
entrust a lumbar puncture to the learner if observed from
a distance (medium entrustment) and later independently
(high entrustment). The EPA framework can be a meaning-
ful representation of Al competencies that all stakeholders
can relate to, thus facilitating its implementation.'® For
instance, a large language model-based chatbot may be
trusted to provide local procedural protocols but not to give
diagnostic bedside support.

An AI-CBME life-cycle framework would address the
unique regulatory challenges posed by AI by embedding
safeguards for real-time validation and patient safety.
Aligning regulation with proven educational frameworks
promotes a system of accountability and trust while max-
imizing the potential of AI to improve health care. We
can implement such a framework today by inviting med-
ical educators — who already ensure high-quality health
care professional skills — into the room where regulation
happens.
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