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Abstract
In the first decade of this century, physicians maintained considerable professional autonomy, enabling discretionary evalua-
tion and implementation of new technologies according to individual practice requirements. The past decade, however, has
witnessed significant restructuring of medical practice patterns in the United States, with most physicians transitioning to
employed status. Concurrently, technological advances and other incentives drove the implementation of electronic systems
into the clinic, which these physicians were compelled to integrate. Health care practitioners have now been introduced to
applications based on large language models, largely driven by artificial intelligence (AI) developers as well as established
electronic health record vendors eager to incorporate these innovations. Although generative AI assistance promises enhanced
clinical efficiency and diagnostic precision, its rapid advancement may potentially redefine clinical provider roles and
transform workflows, as it has already altered expectations of physician productivity, as well as introduced unprecedented
liability considerations. Recognition of the input of physicians and other clinical stakeholders in this nascent stage of AI
integration is essential. This requires a more comprehensive understanding of AI as a sophisticated clinical tool. Accordingly,
we advocate for its systematic incorporation into standard medical curricula.
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Introduction
Artificial intelligence (AI) has demonstrated long-standing
potential to fundamentally transform health care delivery.
Prior to the emergence of large language models (LLMs)
in the modern era, the implementation and advancement of
AI applications were predominantly concentrated in domains
such as diagnostic imaging and predictive analytics. These
early efforts endeavored to provide decision support for
clinicians in critical clinical contexts, such as sepsis identi-
fication and management. These implementations were not
patient-facing, and these benefits were generally perceived as
natural extensions of broader technological progress.

In contrast, today’s interactive chat apps, showcasing
advances in LLMs, are able to simulate sentient conversa-
tional speech, which has prompted a reconceptualization of
AI capabilities. The proficiency of these systems to rapidly

process and summarize relevant information from a vast
collection of stored knowledge has sparked debates as to
the potential of these models to exceed human cognitive
performance in tasks requiring sophisticated clinical decision-
making and interpretative analysis [1].

Heralded for its transformative potential, AI in medicine
has promised to enhance administrative efficiency through the
automation of repetitive and time-intensive processes, support
doctors through improved diagnostic accuracy, meticulously
reduce iatrogenic errors, facilitate personalized medicine
tailored to individual patient characteristics, and enable
clinicians to navigate the continually expanding corpus
of medical research advances and evolving practice guide-
lines [2,3]. However, earlier initiatives to integrate AI into
health care frameworks saw limited adoption, as clinicians
remained unconvinced as to the technology’s capacity to
add substantive value in the clinical setting [4-6]. Techno-
logical constraints in computer vision and natural language
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processing impeded widespread clinical adoption of nascent
AI applications, while evolving regulatory frameworks
constituted significant barriers to commercialization [5].

Another significant factor impacting the trajectory of
health care AI implementation was a shift in professio-
nal autonomy. Prior to the preceding decade, the medical
profession within the United States operated with greater
practitioner independence. Physicians unfamiliar with AI
technology, or unconvinced of its practical advantages, had
little incentive to incorporate the new technology into their
workflow [7]. Notably, they were able to determine for
themselves when and how best to invest in and implement
AI into their medical practice. The contemporary practice
landscape has since undergone significant transformation, as
the majority of physicians have transitioned from autono-
mous ownership to employment relationships with hospitals
or other corporate health care systems [8]. This structural
shift has profound implications for the implementation
and governance of AI technologies in clinical settings, as
employed health care professionals, unable to keep pace with
these developments, risk marginalization as key stakehold-
ers [9]. Their essential perspectives may be overlooked
in critical decisions that will shape clinical workflows,
promote work-life balance, and address professional burnout,
ultimately redefining their intrinsic role in the health care
system [10].

What Practicing Physicians Need to
Understand Regarding the Role of
LLMs
In the past year, multiple reports have highlighted the
remarkable achievements of LLMs on medical knowledge
tasks, often claiming accuracy near 100%, which surpasses
human capability [11]. The benchmark testing panels used
to evaluate these models have included datasets of clinical
vignettes, urgent care encounters, and medical licensing or
board exam datasets [12]. Such impressive results, widely
publicized in both the general and industry media, have
significantly influenced perceptions of medical AI capabilities
compared with human practitioners [13].

The inadequacy of standard LLM evaluation metrics
as grounds for physician workforce reduction has been
comprehensively examined previously [14-18]. For example,
the performance of medical LLMs is still dependent on the
provision of pertinent clinical history information and salient
features of the physical examination, and it is still not clear
that this critical initial step in successfully identifying the
nature of a medical condition can be adequately performed by
an LLM. Automated techniques to acquire the clinical history
by requiring that the user select from a predetermined menu
of symptoms and descriptors may fail to capture nuanced
empathetic human interaction, such as a sense of advocacy,
caring, comfort, and dedication that emerges during genuine
patient-provider encounters [19,20].

Although LLMs can demonstrate proficiency in tasks
involving logic, reasoning, and assimilating large volumes of
structured data, these models still lack essential clinical skills
such as observation of a patient’s demeanor, interpretation of
nuanced nonverbal clues, and establishing rapport—compe-
tencies instinctively performed by a seasoned physician. Such
limitations in basic sensorimotor and perceptual processing
represent a manifestation of Moravec’s paradox, a theoreti-
cal conundrum that poses formidable challenges to research-
ers investigating generative AI [21]. Simulated expressions
of empathy and clinical judgment can still be perceived as
superficial and scripted, precisely because their responses rely
on predicted or pretrained responses, rather than authentic and
experiential understanding of a patient’s lived reality.

Limitations of LLM Capabilities
Physicians should understand that inference on LLMs is
highly dependent on the data on which they have been
trained. Details on specific dataset selection for model
pretraining are proprietary knowledge, but many have been
trained on datasets such as PubMed Central, MIMIC-III
clinical notes, sanitized data from electronic health record
interactions, and clinical practice guidelines [22,23]. These
models undergo further fine-tuning on additional medical
knowledge datasets as well as physician-patient dialog
datasets [24]. As with any commercial deployments, medical
LLMs must adhere to “continuous integration/continuous
deployment” principles in machine learning operations, with
monitoring to assure that the application dataset does not drift
too far from the training dataset and that regular maintenance
fine-tuning and dataset updating are performed [25].

Physicians should also be aware that LLMs, functioning as
statistical pattern generators rather than verified information
arbiters, generate outputs based on probabilistic distribu-
tions within their training data rather than through system-
atic verification of factual accuracy. Hallucinations remain
problematic, afflicting even the latest reasoning models
[26,27]. These confabulatory responses can be difficult for
the clinician user to detect, creating a risk for their use
in the clinic. Compounding this issue, it has been noted
that references cited by LLMs to support their claims may
themselves be hallucinatory [28].

Bayesian inference plays a significant role in the clinical
application of LLMs in medical decision support. Despite
having been trained on extensive medical corpora encom-
passing comprehensive clinicopathological knowledge, these
models may exhibit deficiencies in appropriately weighting
disease prevalence. The adage “when you hear hoofbeats,
think horses, not zebras,” reflects the experience of physicians
that more common etiologies may present atypically and
should still be prioritized. Current LLMs may still struggle in
providing reasonable estimates of pretest disease probability,
a skill that physicians acquire after years of clinical experi-
ence [29]. As a consequence, LLMs may disproportionately
elevate rare conditions with close symptom concordance over
more common diseases with partial clinical alignment [30].
LLMs may also fail to understand that the diagnostic process
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is dynamic and iterative, requiring ongoing refinement in
response to emerging patient data revealed in subsequent
encounters.

The Importance of Prompting
The role of system prompt customization in the efficacy of
the physician-LLM interaction has been largely unexplored.
Physicians may find benefit in interacting with an LLM that
behaves like a trusted colleague, rather than a chatbot. Being
able to manage the tone of an LLM might encourage a more
exploratory and conversational interaction that lowers anxiety
and stress, rather than isolated zero-shot querying as with a
search engine. Strategic modifications to the system prompt
can significantly influence model output, potentially resulting
in divergent clinical management recommendations [31]. A
demonstration of the efficacy of engineered prompting is
the use of Medprompt and AutoMedPrompt, which invoke
advanced techniques, such as chain-of-thought reasoning,
k-nearest-neighbor–selected few-shot prompting, ensemble
voting, and textual gradients, to extract high perform-
ance from generalist foundation models in standardized
question-answer benchmarks, surpassing that of specialist
models [32,33]. These prompt enhancement techniques can
yield impressive scores on multiple-choice question-answer
datasets, such as MedQA-USMLE or PubMedQA. How-
ever, it is important to recognize that zero-shot (unassisted)
performance on unstructured input is the more clinically
relevant paradigm, an area where there is a comparative
paucity of empirical performance data. A comprehensive
study of various open-source models, including several that
were fine-tuned on medical corpora, demonstrated that 1- to
3-shot prompting was requisite for optimal clinical language
comprehension. The investigators concluded that while LLMs
demonstrate proficiency in exam-style question-answer tasks
with provided options, they exhibit significant limitations in
open-ended scenarios [34].

Public LLMs typically restrict access to system prompting,
but domain-specific consultative LLMs should offer this as
a customization option. Currently, certain industry stakehold-
ers regard proficiency in prompt engineering as “simply an
expected skill,” exemplifying a troublesome paradigm in
which the vast majority of physicians, inadequately trained
in this regard, are dependent on software developers to
craft tools that physicians poorly understand [35]. Physicians
should seek training to develop expertise in crafting suitable
prompts to obtain the most relevant and suitably formatted
information, while minimizing the likelihood of hallucinatory
outputs [36,37].

LLM Performance Compared With
Physician Performance
In addition to reports describing expert-level performance
in question-answer multiple-choice testing, LLMs have been
touted as being superior in the generation of differential
diagnoses when presented with clinical vignettes [38]. These
capabilities may stem from the models’ capacity to recall

factual information from their training corpora, rather than
from any inherent ability to synthesize insight from a panoply
of clinical indicators, as with human clinical reasoning [38].
For example, the performance of GPT-4 in identifying the
diagnosis of published internal medicine cases was signifi-
cantly decreased when challenged with unpublished clinical
vignettes [39].

A recent systematic review and meta-analysis encompass-
ing 83 studies across diverse models (including GPT-4,
GPT-4o, PaLM2, and Perplexity, as well as open-source
models fine-tuned in the medical domain) found that the
pooled accuracy of the generative AI models was 52.1%,
demonstrating no overall advantage over physician perform-
ance. The models were tested against a variety of clinical
vignette datasets, as well as challenges posed in promi-
nent medical journals. Notably, the performance of expert
physicians was 15.8% higher, while nonexpert (resident)
physicians maintained a marginal 0.6% advantage over LLMs
[40].

A counterpoint to these observations, in a commentary
highlighting 6 selected studies that examined the effec-
tiveness of LLMs as diagnostic adjuncts, concluded that
LLM assistance failed to enhance clinicians’ diagnostic
accuracy, with the models purportedly demonstrating superior
performance on various assessment metrics [41]. We concur
with the contention that claims of physician inferiority
in these studies remain inconclusive, given methodologi-
cal limitations, including an insufficient number of valid
datapoints for robust comparison [42]. Nevertheless, it is
readily apparent that physicians unaccustomed to AI-aug-
mented workflows found LLM assistance unhelpful or
counterproductive, especially when resolving discordant or
ambiguous model outputs, which consumed valuable clinical
time [43].

Physicians should also be cognizant of special legal
ramifications regarding the use of AI for clinical deci-
sion support. The use of LLMs in patient care potentially
exposes a clinician to novel vulnerabilities, broadly includ-
ing model overreliance, inadequate appreciation of perform-
ance limitations, informed consent challenges, and potential
bias with ethical ramifications [44,45]. These risks highlight
the need for the robust regulatory oversight of LLM-based
technology [46]. In litigation, physicians have been required
to demonstrate adherence to a reasonable standard of care;
however, these norms may evolve in response to transforma-
tive technologies [47]. In the event of an adverse outcome,
physicians also risk penalization by juries whether or not
an AI recommendation is accepted or overruled [48,49]. A
rigorous discussion of the legal ramifications of using AI in
clinical decision-making is beyond the scope of this view-
point, but in light of the above considerations, the most
prudent use of medical AI may be to confirm an existing
medical decision, rather than as a means to augment care [50].
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The Need for Active Physician
Involvement in Shaping the Future of
Generative AI in Health Care
Machine learning and generative AI will undoubtedly
catalyze remarkable advancements in health care delivery,
especially in clinic settings. These technological advances
will undoubtedly exert differential impacts across medical
specialties as advances in machine learning are increasingly
leveraged to assist in image-processing tasks; however, they
are unlikely to wholly replace the clinical expertise of
physicians [51]. Indeed, Geoffrey Hinton, the “godfather
of AI,” was notoriously inaccurate as to his predictions
regarding the demise of diagnostic radiology as a career
[52]. We feel that health care providers will continue to play
essential roles and that AI technology has the potential to
augment the capabilities of physicians, nurses, pharmacists,
and clinical researchers through the identification of more
effective therapeutics and facilitation of novel technological
innovations.

We also wish to emphasize, however, that the notion that a
physician empowered by AI may outperform a doctor without
this advantage may obscure deeper issues [53]. Near-term
enhancements in AI-driven productivity gains may ultimately
lead to its commoditization and may not necessarily translate
to increased compensation, decreased burnout, or even job
security [54]. In the early stages, physicians may even see
an increased demand for their services (Jevons paradox)
[55]; however, some warn that the augmentation or empow-
ered role of health care providers may ultimately lead to a
restructuring of the health care system. Patient intake and
flow structures may be eventually redirected to meet the
needs of third parties, such as insurers or hospital adminis-
trators, to prioritize revenue cycle management, or even to
interface with other AI systems, such as those that seek to
leverage actionable insights from outcomes data to guide
evidence-based treatment recommendations. The adaptation
of AI integration may reconfigure key decision-making in
health care systems away from the employed physician to
those whose priorities put greater weight on economic or
political factors.

Physician input remains critically important in this
process, especially in the transformative stages of AI
integration into the clinic. We posit that the aforementioned

structural shift in the physician employment landscape has
significantly attenuated their influence as essential stake-
holders and arbiters regarding technological implementation
decisions [56]. Clinical practitioners should avoid defaulting
to passive acceptance as institutionally procured software
systems integrate AI technologies into their established
clinical workflows.

Generative AI applications in medicine are still early
in development, necessitating an approach that balances
technological promotion with the practice-refined workflow
of the clinical diagnostic process. The complexities of
medical decision-making transcend simplistic evaluation
through multiple-choice question-answering from medical
datasets. Concern has already been raised that AI-based
applications are being adopted too rapidly by hospitals eager
to offer the latest in technological innovation, but without
the necessary continuous oversight. Relying on the Food and
Drug Administration to develop and regulate safeguards is not
feasible [57]. A different approach, centered on the physi-
cian and accommodating the workflow requirements of the
practitioner, will better foster physician-AI synergy [58,59].
Achieving this will require that physicians develop a deeper
understanding of the workings of AI technology, compara-
ble to their understanding of more traditional medical tools
(Figure 1). We advocate for research initiatives exploring
optimal physician-AI collaboration, potentially including
practitioner proficiency in customizing LLM tools to address
specific needs. Physicians with such expertise will be better
able to advise regulatory bodies on establishing appropriate
guardrails against potentially deleterious applications, privacy
violations, and the perpetuation of bias and misinformation in
health care contexts [60].

Furthermore, clinicians who are well-versed in the
limitations of LLMs and related AI applications can provide
essential expertise in medicolegal proceedings involving
adverse clinical outcomes associated with AI utilization.
Enhanced training in AI methodologies will equip physicians
to critically evaluate medical research, which increasingly
applies advanced data analytics in clinical settings. Such
training will also enable physicians to contribute experiential
insights and conduct rigorous critiques of machine learn-
ing applications designed to enhance predictive analytics.
Actualization of these objectives necessitates comprehensive
integration of AI education within the pathways of standard
medical curricula [60].
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Figure 1. Arrows indicate the direction of cause and effect or action initiated to its effect. Green shaded boxes indicate factors where the involvement
of AI is direct. AI: artificial intelligence; LLM: large language model; NLM: National Library of Medicine.

Proposals for Physician Engagement
in AI
As AI increasingly transforms health care delivery, physi-
cians must proactively expand their expertise to include
the following principles, ensuring responsible and effective
integration of these technologies into clinical practice:

• Physicians should have some understanding of how
deep learning models are trained and be aware of
factors that can impact accuracy, such as dataset bias,
covariate shift, out-of-distribution generalization, and
concept drift.

• Physicians should understand how deep learning
models are evaluated and, when possible, demand from
software vendors the provenance of the datasets used
for model training as well as performance metrics
before they are introduced into the clinic.

• Physicians should understand the mechanism underly-
ing LLMs; their intrinsic limitations and vulnerabil-
ities; the impact of prompt engineering on output
quality; and how to reduce hallucinatory behavior.
Physicians should understand how to evaluate the
capabilities of LLM models, as well as whether the
information they generate will be exported and used
for training purposes. Physicians should understand the
ramifications of ambient LLM listening, for example,
the custody and retention issues regarding the source
recordings generated by AI scribes. These issues pertain
to data privacy and confidentiality.

• Physicians should understand the potential ethical
concerns intrinsic to how LLMs are trained, so as to
minimize their perpetuation.

• Physicians should understand the legal ramifications
of using LLMs as clinical diagnostic support. Physi-
cians should recognize that medical LLMs function
best when used adjunctively to validate evidence-based
practice, rather than to generate novel treatments or be
allowed to operate autonomously.

• Physicians should understand how privacy and
confidentiality may be breached by incautious use of
public LLM models.

• Physicians should develop sufficient understanding of
clinical AI to be able to critique commercial software.

• Physicians should be able to educate and help train
ancillary health care staff as to the proper use of AI
technology, as well as to instill confidence in patients
that such technology will be responsibly deployed.

• There should be greater physician participation in the
development, validation, and implementation of clinical
AI systems, tailored to local deployments.

• Physicians should collaborate with clinical informati-
cians throughout clinical AI implementation to ensure
regulatory preparedness and compliance.

By embracing these essential AI competencies, physicians
can maintain their central role in patient care while leveraging
this technology to enhance clinical outcomes and preserve the
integrity of the medical profession.
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