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EDITORIAL

Injecting Artificial Intelligence into Medicine

Isaac S. Kohane ®, M.D., Ph.D.}

Received: October 17, 2023; Accepted: October 19, 2023; Published: December 11, 2023

Abstract

Introducing a new journal from NEJM Group: NEJM Al, a platform aimed at informing
readers and guiding the responsible development of artificial intelligence (AI) to enhance
the quality of health care. This editorial reflects on AI's historical milestones and current
capabilities, particularly large language models, and the imperative for their rigorous clin-
ical evaluation. It discusses the crucial need for Al in medicine to undergo the same level
of scrutiny as any clinical intervention, predominantly through randomized controlled
trials, despite the challenges posed by the technology’s complexity. Looking forward,
NEJM AI commits to fostering a multidisciplinary discourse and the development of a
transparent, patient-centered approach to Al in health care, with an emphasis on the criti-
cal importance of diverse and accessible datasets. The editorial concludes by envisioning
a future where NEJM AI not only informs but actively shapes the ethical integration of Al
into a health care system that respects patient autonomy and upholds the highest stan-

dards of care.

elcome to a collaborative journey as we launch NEJM AI. Whether you are a

reader or author, we hope that you share our primary goal: augmenting the

capabilities of clinicians, patients, and their larger community using the lat-
est entrant to our ecosystem — AI — to deliver safe and effective health care to the highest
of our collective standards. We approach this goal with optimism yet bear a constant
awareness that misuse or careless implementation of these technologies will precipitate
systemic harms to all parties in the health care system, most importantly, patients.

The spotlight on Al has been intensifying since its breakthrough in image recognition in
2012, achieving performance rivaling human capability across various medical disciplines.
By 2020, as revealed by a PubMed query, clinical evaluations of Al and machine learning
had transformed from mere topics into a burgeoning field, that year alone boasting over
300 articles appraising these technologies. Of course, the aspiration to augment clinicians
with AI, whether for safety or to overcome our cognitive limitations, is hardly new and
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dates back to at least the 1950s.” In 1970, in the pages of
the New England Journal of Medicine, the noted endocrinol-
ogist William Schwarz wrote that “computing science will
probably exert its major effects by augmenting and, in
some cases, largely replacing the intellectual functions of
the physician ...[and will influence] in a fundamental fash-
ion the problems of both physician manpower and quality
of medical care, it will also inevitably exact important
social costs — psychologic, organizational, legal, economic
and technical.”® Fifty years later, the development of large
online datasets, including medical texts and health records,
the soaring performance of graphical processing units, and
advances in neural network architectures gave ample reason
for optimism that Schwarz’s forecast might be realized in
this century.*

Enter large language models (LLMs), which catapulted
onto the stage and into the lives of patients and doctors in
the fall of 2022, fueled by a social media frenzy with stor-
ies spanning from the transformative to the cautionary.’
A retrospective glance to 1812, when the New England
Journal of Medicine and Surgery made its debut, reminds
us that randomized trials were then an unimaginable
130 years away. Yet, 208 years later, in 2020, of the afore-
mentioned clinical AI evaluations published, less than
1% were prospective, randomized controlled trials. This
makes clear our urgent mandate: In addition to needed
technical advances, AI must meet the same bar for clinical
evidence that is expected from other clinical interventions.
For a given Al tool to be used, evidence that it will per-
form in a safe and effective manner must be demon-
strated, preferably using randomized controlled trials
designed to test the tool against an established standard.

Randomized controlled trials with LLMs will not be easy.
The breadth of these programs’ capabilities and unknowns
about what data they have already “seen” makes their
evaluation on narrowly defined tasks somewhat artificial
and not entirely reflective of their usage by clinicians or
patients. Necessarily, ensuring that pluripotent AI pro-
grams are “clinical grade” and safe will require a multifac-
eted, collaborative approach among clinicians, patient
advocacy groups, and a myriad of stakeholders. Transpar-
ency will be the principal tool required to win the trust of
our readers, regardless of the form this evaluation takes.

Evaluation is but one dimension of AI's future in health
care. Questions loom large: Who will steer the innovation
ship and toward which horizon? Our various article types,

ai.nejm.org

from Perspectives to Policy Corner, will serve as a vibrant
forum, dissecting these questions and more, with a commit-
ment to spotlighting not just successes but also informative
failures and cautionary tales. Moreover, in the world of med-
ical Al, well-annotated, representative, diverse, and freely
available datasets arguably stand among the most precious
resources, enabling investigators to assess the mettle of Al
programs in realistic, representative tasks. Thus, articles
unveiling new datasets, benchmarks, and innovative, repro-
ducible protocols will not merely be welcomed but cele-
brated (see ai.nejm.org for a full list of article types).

So, who do we envision contributing to the pages of NEJM
AI? Clinicians? Al researchers? In our eyes, the most
impactful articles will blossom from the fertile ground of
multidisciplinary teams, reflecting the vibrance at the
intersection of computer science, clinician-patient dynam-
ics, and biomedical research. Our editorial board, a meld
of pioneers from the realms of Al, life sciences, ethics, and
policy, is genuinely thrilled to engage with our community
to find how best to navigate these complex, uncharted
waters with precision, curiosity, and integrity.

Fast-forward a decade, and should you inquire about
NEJM Al's journey and its measure of success, many
responses might serve. However, the paramount answer
will hinge on this essential query: Did we help guide our
health care system through the maelstrom of rapidly
evolving technology, ensuring that patients are afforded an
unprecedented standard of health care, all while safeguard-
ing the autonomy and dignity they (i.e., we) inherently
deserve? Although second in importance, answering the fol-
lowing query affirmatively is dear to all of us: Did we effec-
tively advocate for the design and implementation of Al so
that the practice of medicine is as emotionally and intellec-
tually rewarding as some earnest medical school applica-
tions seem to anticipate?

NEJM ATl’s activities will extend considerably beyond the
publication of a journal. We already host a popular podcast,
NEJM AI Grand Rounds, a newsletter, and two to three
seminars per year in a hybrid in-person/webcast format.
We will organize international meetings with a specific
thematic focus as the need arises. For example, we orga-
nized the Symposium for Responsible Al for Social and
Ethical Healthcare (RAISE) that met at the end of Octo-
ber, and the white paper will be shared on our website
and those of collaborating journals. Although the advent
of AI in medicine is momentous, we are only at the very
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beginning. I invite those of you who share our enthusiasm
to engage with us in these activities as well as within the
pages of our journal.
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EDITORIAL

Why We Support and Encourage the Use of Large
Language Models in NEJM AI Submissions

Daphne Koller ®, Ph.D.,! Andrew Beam ®, Ph.D.,>** Arjun Manrai ®, Ph.D.,>* Euan Ashley ®, M.B., Ch.B., D.Phil.,?
Xiaoxuan Liu @®, M.B.Ch.B., Ph.D.,*%” Judy Gichoya ®, M.B.Ch.B., M.S.,% Chris Holmes ®, Ph.D.,>'° James Zou ®, Ph.D.,"!
Noa Dagan ®, M.D., Ph.D., M.P.H.,'>** Tien Y. Wong ®, M.D., Ph.D.,**** David Blumenthal ®, M.D., M.P.P.,'¢

Isaac Kohane @, M.D., Ph.D.,>* on behalf of the editors and editorial board of NEJM Af*

Received: September 12, 2023; Accepted: October 17, 2023; Published: December 11, 2023

Abstract

Large language models (LLMs) promise to revolutionize many aspects of the creation and
dissemination of scientific knowledge; however, their use in scientific writing remains
controversial, because of concerns about authorship, originality, factual inaccuracies, and
“hallucinations” or confabulations. As a result, several publication venues have explicitly
prohibited their use. At NEJM AI, we have elected instead to allow the use of LLMs for
submissions, as long as authors take complete responsibility for the content and properly
acknowledge the use of LLMs. However, this policy does not allow an LLM to be listed
as a coauthor. We believe that the use of LLM tools can help scientists enhance the qual-
ity of their scientific work and democratize both the creation and consumption of scien-
tific knowledge, thereby helping us maximally enable the scientific workforce to produce

robust, novel scientific findings and disseminate them broadly.

arge language models (LLMs) have recently emerged as a powerful tool across

many areas of biomedicine. They are able to rapidly summarize large amounts of

text, generate high-quality text from a short description, create code that can help

. . . . *A complete list of the editors
support data analysis, produce images on the basis of a verbal description, and much more. and editorial board of NEJM AT i
On the surface, it appears plausible that an LLM can generate an entire scientific paper, available at ai.nejm.org.
which can then be submitted, as is, for publication. This possibility complicates proper
attribution of a text’s authorship, and it raises the specter of a potential flood of low-quality
scientific work that was not originated or overseen by a human but nonetheless was sub-
mitted for peer-reviewed publication. As a consequence, some publication venues have Dr. Koller can be contacted at
. . .. . . koller@gmail.com or insitro, 279

elected to prohibit the use of LLMs in submissions. Most notably, at the time of writing, East Grand Ave,, Suite 200, South
Science has stated a policy whereby “[t]ext generated from Al, machine learning, or similar San Francisco, CA 94080.
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algorithmic tools cannot be used in papers published in
Science journals, nor can the accompanying figures,
images, or graphics be the products of such tools, without
explicit permission from the editors. In addition, an Al
program cannot be an author of a Science journal paper.”

Historically, there have been multiple occasions where
people have resisted the use of “overly powerful” tools in
various contexts. For years, calculators were banned in
schools (and in some cases, still are) because of a per-
ceived imperative to have students do their own calcula-
tions. In the early days of information technology, even
word processors were banned in some organizations
because they might reduce typing skills. There are clearly
some contexts — such as education, where students are
learning and being evaluated on foundational skills —
where access to LLMs might be counterproductive. How-
ever, our primary goal at NEJM Al is to increase the quality
of scientific publications, which includes several aspects
such as novelty, rigor, and accessibility to others. If power-
ful tools, such as LLMs, help us achieve those goals, we
should welcome their use.

Moreover, we are, as of yet, far from a world in which an
LLM can generate an original and correct piece of scien-
tific research — human involvement is still paramount. To
use an LLM effectively, one needs to suggest the core pre-
mise of the work, identify the most relevant resources,
often generate new data that did not exist, explore differ-
ent analysis approaches, distill conclusions, and engage in
multiple iterations before new and interesting scientific
output is created.

At NEJM AI, we have therefore elected to allow the use of
LLMs. Our two key conditions are first, that the use of
LLMs is appropriately acknowledged by the authors. This
standard is the same as for any tool or resource that is
used in a substantive way by authors in their scientific
work, including experimental reagents, animal models,
data sets, software systems, or third-party copyediting ser-
vices. Second, we require that the authors be completely
accountable for the correctness and originality of the sub-
mitted work. Likewise, the same quality standards for clar-
ity, exposition, and strength of the scientific arguments
will be applied to all papers submitted to NEJM Al regard-
less of how the text was generated. Using an LLM does
not absolve one of the responsibility to write well and to
avoid plagiarism. Above all, the insights in any paper we
consider must be original, novel, and clearly articulated.

VOL.1 | NO.1 | JANUARY 2024 5

It is important to note, however, that this policy does not
allow an LLM to be listed as a coauthor on any submis-
sion. This is because LLMs cannot be held accountable for
the content of their work. To properly disclose the use of
an LLM, authors should include a statement describing
how the LLM was used in the acknowledgments section of
the submission. For more details on the proper ways to
disclose the use of an LLM, please see our guidance to
authors.

We believe that the potential benefits of LLMs in scientific
writing are considerable. LLMs can help scientists contex-
tualize their work, democratize knowledge, enhance data
analysis, and produce better scientific output. They can
also help non-English native speakers and those with lan-
guage disabilities express their ideas more effectively. As
such, the use of LLMs could help reduce the language bar-
rier for scientists around the world and improve the quality
of the scientific literature. This is increasingly important as
science becomes more globalized and insights are pro-
duced by a diverse range of individuals from different cul-
tural, linguistic, and educational backgrounds.

Moreover, it is important to recognize that a ban on the
use of LLMs is likely not enforceable. Although some tools
for recognizing LLM-generated text have been developed,
they are, as of yet, too inaccurate to be reliable. Several
efforts to detect the use of an LLM in the classroom have
resulted in instances of students being falsely accused of
using an LLM when it was prohibited. As such, a prohibi-
tion on the use of LLMs would disadvantage those authors
who are law-abiding by preventing them from benefiting
from all the advantages outlined above.

The existence of LLMs (whether approved or not) does pose
risks. As is the case for many technologies — ranging from
nuclear power and computers to stem cell research and
genetic engineering to cryptography — LLMs may enable
and accelerate behaviors both good and bad. We live in a
time of rapid progress for Al tools, and as such, editorial pol-
icies must be sufficiently agile. We will continue to reevalu-
ate the proper use of Al tools in all parts of the scientific
process to update this policy, as the landscape will almost
surely change dramatically over the coming years. At NEJM
AI we believe that our fundamental goal in scientific discov-
ery and publication should be to maximally enable human-
kind to produce robust, novel scientific findings and
disseminate them broadly. The better the tools that we pro-
vide to scientists, the greater their ability to do so.
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PERSPECTIVE

Use of GPT-4 to Diagnose Complex Clinical Cases

Alexander V. Eriksen ®, M.D.,*? Séren Moller @, M.Sc., Ph.D.,>* and Jesper Ryg ®, M.D., Ph.D.}?
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Abstract

We assessed the performance of the newly released AI GPT-4 in diagnosing complex
medical case challenges and compared the success rate to that of medical-journal read-
ers. GPT-4 correctly diagnosed 57% of cases, outperforming 99.98% of simulated human
readers generated from online answers. We highlight the potential for AI to be a powerful
supportive tool for diagnosis; however, further improvements, validation, and addressing
of ethical considerations are needed before clinical implementation. (No funding was
obtained for this study.)

Introduction

he combination of a shortage of physicians and the increased complexity in the

medical field partly due to the rapidly expanding diagnostic possibilities already

constitutes a significant challenge for the timely and accurate delivery of diagno-
ses. Given demographic changes, with an aging population this workload challenge is
expected to increase even further in the years to come, highlighting the need for new tech-
nological development. AI has existed for decades and previously showed promising
results within single modal fields of medicine, such as medical imaging.' The continuous
development of Al, including the large language model (LLM) known as the Generative
Pretrained Transformer (GPT), has enabled research in exciting new areas, such as the
generation of discharge summaries” and patient clinical letters. Recently, a paper exploring
the potentials of GPT-4 showed that it was able to answer questions in the U.S. Medical
Licensing Examination correctly.> However, how well it performs on real-life clinical cases
is less well understood. For example, it remains unclear to what extent GPT-4 can aid in
clinical cases that contain long, complicated, and varied patient descriptions and how it
performs on these complex real-world cases compared with humans.

We assessed the performance of GPT-4 in real-life medical cases by comparing its perfor-
mance with that of medical-journal readers. Our study utilized available complex clinical
case challenges with comprehensive full-text information published online between Janu-
ary 2017 and January 2023.* Each case presents a medical history and a poll with six
options for the most likely diagnosis. To solve the case challenges, we provided GPT-4
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Figure 1. Number of Correct Answers of GPT-4 Compared with Guessing and a Simulated
Population of Medical-Journal Readers.
Number of correct answers of GPT-4 (red line) to 38 multiple-choice real-world clinical case challenges compared with what would be
expected by purely guessing with uniform probability for all answer possibilities (black line) and to the proportion of correct answers by a
simulated population of 10,000 medical-journal readers (blue histogram).

with a prompt and a clinical case (see Supplementary
Methods 1 in the Supplementary Appendix). The prompt
instructed GPT-4 to solve the case by answering a
multiple-choice question followed by the full unedited
text from the clinical case report. Laboratory informa-
tion contained in tables was converted to plain text and
included in the case. The version of GPT-4 available to
us could not accept images as input, so we added the
unedited image description given in the clinical cases to
the case text. The March 2023 edition of GPT-4 (maxi-
mum determinism: temp=0) was provided each case five
times to assess reproducibility across repeated runs. This
was also performed using the current (September 2023)
edition of GPT-4 to test the behavior of GPT-4 over time.
Because the applied cases were published online from
2017 to 2023 and GPT-4’s training data include online
material until September 2021, we furthermore performed
a temporal analysis to assess the performance in cases
before and after potentially available training data. For
medical-journal readers, we collected the number and
distribution of votes for each case. Using these observa-
tions, we simulated 10,000 sets of answers to all cases,
resulting in a pseudopopulation of 10,000 generic human
participants. The answers were simulated as independent
Bernoulli-distributed variables (correct/incorrect answer)

with marginal distributions as observed among medical-
journal readers (see Supplementary Methods 2).

We identified 38 clinical case challenges and a total of
248,614 answers from online medical-journal readers.*
The most common diagnoses among the case challenges
were in the field of infectious disease, with 15 cases
(39.5%), followed by 5 cases (13.1%) in endocrinology and
4 cases (10.5%) in rheumatology. Patients represented in
the clinical cases ranged in age from newborn to 89 years
old (median [interquartile range], 34 [18 to 57]), and 37%
were female. The number of correct diagnoses among the
38 cases occurring by chance would be expected to be 6.3
(16.7%) due to the six poll options. The March 2023 edi-
tion of GPT-4 correctly diagnosed a mean of 21.8 cases
(57%) with good reproducibility (55.3%, 57.9%, 57.9%,
57.9%, and 57.9%), whereas the medical-journal readers
on average correctly diagnosed 13.7 cases (36%) (see
Supplementary Table 1 and Supplementary Methods 1).
GPT-4 correctly diagnosed 15.8 cases (52.7%) of those pub-
lished up to September 2021 and 6 cases (75.0%) of those
published after September 2021. Based on the simulation,
we found that GPT-4 performed better than 99.98% of
the pseudopopulation (Fig. 1). The September 2023 edition
of GPT-4 correctly diagnosed 20.4 cases (54%).
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Limitations

An important study limitation is the use of a poorly char-
acterized population of human journal readers with un-
known levels of medical skills. Moreover, we cannot
assess whether the responses provided for the clinical
cases reflect their maximum effort. Consequently, our
results may represent a best-case scenario in favor of
GPT-4. The assumption of independent answers on the 38
cases in our pseudopopulation is somewhat unrealistic,
because some readers might consistently perform differ-
ently from others and the frequency at which participants
respond correctly to the cases might depend on the level
of medical skills as well as the distribution of these. How-
ever, even in the extreme case of maximally correlated
correct answers among the medical-journal readers, GPT-
4 would still perform better than 72% of human readers.

Conclusions

In this pilot assessment, we compared the diagnostic accu-
racy of GPT-4 in complex challenge cases to that of journal
readers who answered the same questions on the Internet.
GPT-4 performed surprisingly well in solving the complex
case challenges and even better than the medical-journal
readers. GPT-4 had a high reproducibility, and our tempo-
ral analysis suggests that the accuracy we observed is not
due to these cases’ appearing in the model’s training data.
However, performance did appear to change between dif-
ferent versions of GPT-4, with the newest version perform-
ing slightly worse. Although it demonstrated promising
results in our study, GPT-4 missed almost every second
diagnosis. Furthermore, answer options do not exist out-
side case challenges. However, a recently published letter
reported research that tested the performance of GPT-4
on a closely related data set, demonstrating diagnostic
abilities even without multiple-choice options.’

Currently, GPT-4 is not specifically designed for medical
tasks. However, it is expected that progress on AI models
will continue to accelerate, leading to faster diagnoses and
better outcomes, which could improve outcomes and effi-
ciency in many areas of health care." Whereas efforts are
in progress to develop such models, our results, together
with recent findings by other researchers,’ indicate that
the current GPT-4 model may hold clinical promise today.
However, proper clinical trials are needed to ensure that
this technology is safe and effective for clinical use.
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Additionally, whereas GPT-4 in our study worked only on
written records, future Al tools that are more specialized
are expected to include other data sources, including medi-
cal imaging and structured numerical measurements, in
their predictions. Importantly, future models should include
training data from developing countries to ensure a broad,
global benefit of this technology and reduce the potential
for health care disparities. Al based on LLMs might be rele-
vant not only for in-patient hospital settings but also for
first-line screening that is performed either in general prac-
tice or by patients themselves. As we move toward this
future, the ethical implications surrounding the lack of
transparency by commercial models such as GPT-4 also
need to be addressed,' as well as regulatory issues on data
protection and privacy. Finally, clinical studies evaluating
accuracy, safety, and validity should precede future imple-
mentation. Once these issues have been addressed and Al
improves, society is expected to increasingly rely on Al as a
tool to support the decision-making process with human
oversight, rather than as a replacement for physicians."*
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Abstract

A patient fantasizes about a letter on generative Al from her provider.

Introduction

ime to get your flu vaccine. There is an updated Covid-19 vaccine, too. And you
may have heard about a shift in hospital partnerships for cancer care — don’t
worry, it won’t affect current treatment.

These are all helpful notes I have received recently from the Boston-centered medical
behemoth that provides my care. Lately, I have been fantasizing about one more message
I would like to get. Something like this:

Dear Patient:

We would like you to know about a powerful new tool that could help you achieve better
health. It’s called generative artificial intelligence (AI). Chances are you've heard about
ChatGPT, Bard, and other examples in recent months, whether hype about a discovery as
important as fire or doom about the potential end of humanity.

We are writing with more practical, immediate news: you can already use this new type of Al in
your health care yourself. It is as easy as going online. And we are committed to getting as much
benefit out of it for you as possible. There are a few things you need to know first, however.

Most importantly, you cannot trust it to be factually correct. Repeat: Do not trust
it. This type of Al makes things up when it does not know an answer. Never ever
act on what it tells you without checking.

So why are we even bothering to write to you about it? Because despite that glaring flaw —
which researchers are racing to solve — the new Al tools can help you be a better patient
and us to practice better medicine. We and other health care systems are working on all
kinds of ways to use it; for now, however, the following sections offer some uses you may
want to explore for yourself.
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Explaining and Summarizing

After you see your doctor, a long note describing the visit
is generated, and it may be hard to plow through and
understand fully. You can ask an Al program to summa-
rize it for you and keep asking it questions until all is clear.

Cancer survivor Dave deBronkart — also known as
“e-Patient Dave” for his years of activism to empower
patients — tried that recently. He pasted in a visit note of
more than 2000 words and asked ChatGPT to “produce a
summary of my current problems, and a list of action
items.” After a bit of back and forth, he got a concise list
of seven issues, including post-Covid-19 symptoms and
high cholesterol levels, and what to do about them.

Similarly, you can use the new AI tools to explain the
health insurance “Explanation of Benefits” that, let’s face
it, no one really understands. You can paste that form’s
text into an AI program and ask it to summarize the treat-
ment you received in lay language. Or in a language other
than English.

You should know, though, that if you paste medical
information into an online AI program, it loses our
privacy protections.

Thinking through Medical Issues

Hugo Campos, a colleague of deBronkart’s in patient
advocacy, says that because of the potential for chatbots
to provide inaccurate answers, he would not rely on them
entirely for answers to his questions. Rather, he told
deBronkart, he uses them to augment his thinking and
decision-making.

For example, Campos asked AI to analyze the pros and
cons of using one blood pressure medication rather than
another in a detailed analysis that a doctor likely did not
have time for. Another friend of deBronkart’s who wanted
to try a wearable blood pressure monitor used Al to mar-
shal the arguments to persuade his doctor that it made
sense — and succeeded.
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deBronkart encourages patients to learn how to use gener-
ative Al just as we learned how to use Google searches.
“The practice of medicine is a function, among other
things, of how much the professionals know and how
much the patients bring to the table,” he says. For all their
flaws, the stunning capabilities of the new Al tools let you
bring much more to the table.

As a patient, you have a legal right to all your medi-
cal data; now you have a better tool than ever before
to help you make sense of it.

Tips and Tricks

All of this is very new, and we are all still learning. This
new Al has only been out in the world since late 2022, and
medicine usually takes many years to put new discoveries
to widespread use. But we know that, just as our patients
started using Google, you will start using Al, and we aim
to help you use it as well as possible.

You may want to use Al for many other purposes, includ-
ing help with possible diagnoses and support when facing
daunting medical issues. One of the biggest surprises of
the new Al is that when you interact with it, it can come
across much like a deeply compassionate doctor — one
with unlimited time to talk and also able to answer any
question, at length, within seconds.

We are attaching a tip sheet, including advice on how to
“prompt” the Al program to give you what you want.
[Note to NEJM AI readers: This tip sheet is completely
imaginary at this point — but not for long!] Sometimes,
whether for obvious reasons such as safety concerns or for
totally mysterious reasons, the AI tool does not fulfill
requests. It can be so tricky to get what you want from
it that there is a whole new field labeled “prompt
engineering.” A leading thinker on Al, Eliezer Yudkowsky,
recently told an Al program to play the role of a smart,
thoughtful medical student before asking it why he was
having uncomfortable clicks in his shoulder.

“In today’s strange new world,” Yudkowsky wrote, “it’s

vital to know how to instruct imaginary doctors to give
you straight answers.”
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That is a skill we will all be learning now, and we hope
that all of us — patients and providers — will be learning it
together as we bring a new kind of intelligence into our
care. We will do our best to share what we learn that could
be of use to you.

Sincerely,
Your hospital

[Comments? Feedback? What you would most like to say
to patients?]

ai.nejm.org
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Abstract

There are now over 500 medical artificial intelligence (AI) devices that are approved by the
U.S. Food and Drug Administration. However, little is known about where and how often
these devices are actually used after regulatory approval. In this article, we systematically
quantify the adoption and usage of medical AI devices in the United States by tracking Cur-
rent Procedural Terminology (CPT) codes explicitly created for medical Al. CPT codes are
widely used for documenting billing and payment for medical procedures, providing a mea-
sure of device utilization across different clinical settings. We examined a comprehensive
nationwide claims database of 11 billion CPT claims between January 1, 2018, and June 1,
2023 to analyze the prevalence of medical AI devices based on submitted claims. Our
results indicate that medical AI device adoption is still nascent, with most usage driven by a
handful of leading devices. For example, only Al devices used for assessing coronary artery
disease and for diagnosing diabetic retinopathy have accumulated more than 10,000 CPT
claims. Furthermore, we found that zip codes that had a higher income level, were metro-
politan, and had academic medical centers were much more likely to have medical Al
usage. Our study sheds light on the current landscape of medical Al device adoption and
usage in the United States, underscoring the need to further investigate barriers and incen-

tives to promote equitable access and broader integration of AI technologies in health care.

Introduction

s artificial intelligence (AI) has rapidly progressed in recent years, significant
investments have been devoted to developing and commercializing Al in medi-
cine. As of 2023, over 500 medical AI devices have undergone U.S. Food and
Drug Administration (FDA) evaluation and received approval across areas such as radiol-
ogy, neurology, and pathology.! During an FDA submission, device manufacturers are
required to report evidence of the efficacy and safety of their products, providing crucial
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insight into how AI algorithms are evaluated before being
used on patients.” However, after approval, companies
rarely share where and when their products are used. As
such, despite the proliferation of medical AI approvals, lit-
tle is known about their real-world usage.

The usage and adoption patterns of medical Al devices can
significantly affect their clinical impact. First, the perfor-
mances of Al algorithms are notoriously susceptible to
changes in health care settings and fluctuate during de-
ployment.** For instance, despite initial studies indicating
up to a 20% improvement in detection rates, computer-
aided detection (CAD) products for mammography ap-
proved in the early 2000s have been found to provide no
tangible benefits to women.” This discrepancy has been
attributed to adoption and usage factors such as changes in
clinician interaction with the software and the transition
from film to digital mammograms.® Consequently, al-
though AI medical devices may demonstrate strong perfor-
mance under specific evaluation conditions, variations in
real-world applications can yield drastically different out-
comes. Second, the impact of medical Al devices is medi-
ated by economic forces. After FDA approval, companies
need to find sustainable revenue streams for the promises
of Al-driven health care to be realized. Different reim-
bursement approaches can affect how often and on whom
these devices are used, and it is still unclear which model
is optimal for the new AI devices.”® Studying the empirical
usage of medical AI devices is a crucial step in characteriz-
ing the landscape of medical innovations and can provide
a more holistic view of the translational pipeline from algo-
rithm to patient.

Recently, Current Procedural Terminology (CPT) codes
have been created specifically for medical Al devices.””®
CPT codes are designated by the U.S. Department of
Health and Human Services under the Health Insurance
Portability and Accountability Act as a national coding set
for physicians and other health care professional services
and procedures to be used by the Centers for Medicare &
Medicaid Services (CMS).” The codes are regularly cre-
ated, updated, and modified by the American Medical
Association (AMA) and are the most widely accepted med-
ical nomenclature under public and private health insur-
ance programs.’ Health care providers use these codes to
generate itemized bills detailing the specific services deliv-
ered to a patient during a medical encounter. Subse-
quently, these bills are submitted to insurance companies,
who use the coded information to determine the appropri-
ate reimbursement for the services rendered. As such,

ai.nejm.org

CPT codes play a crucial role in ensuring the accuracy and
uniformity of medical billing, as well as promoting ac-
countability and transparency within the health care
system.

CMS also provides coverage for medical AI devices
through a new technology add-on payment (NTAP), which
is specifically designed to encourage health care providers
to adopt new technologies.” However, the NTAP program
specifically focuses on inpatient payments, whereas CPT
codes apply to both inpatient and outpatient settings.'*"*
In this article, we focus on CPT codes because they are
most widely adopted and standardized across both public
and private insurance programs,” whereas the NTAP ap-
proach is specifically used within Medicare," presenting
only a partial view of national AI usage. Additionally,
because of its extensive and long-term adoption by health
care payers, CPT is also an informative resource for com-
paring baseline usage rates of non-Al devices.

Although an increasing number of CPT codes have been
made available for medical AI devices, these codes are
generally spread across various medical domains and
reserved for medical coders and insurance companies. As
such, there currently does not exist a single database of
Al-related CPT codes or a systematic analysis of their
usage. In this article, we identify and organize a compre-
hensive list of CPT codes that apply to medical AI devices.
We analyze the usage of these codes on a large national
claims database and present their temporal and geo-
graphic trends.

Previous analyses have focused on translational roadblocks
for medical Al devices stemming from model evaluation,
ethics, and reporting.>'* Specific studies have shown how
Al algorithms can perform worse in clinical practice de-
spite promising retrospective evaluations.">'* A variety of
studies have analyzed the emergence of reimbursement
mechanisms for medical AI products. For example, re-
searchers have highlighted Viz.ai’s NTAP model and its
potential impact on stroke care, as well as the economic
challenges of adopting LumineticsCore from a cost-benefit
perspective.'>'> Current payment models for Al have been
previously analyzed along with examples of reimbursable
Al devices.” More specifically, a recent study has proposed
a framework for analytically determining the value and
cost of each unique Al service in order to encourage ethical
and optimal deployment.®
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Although our work is the first to analyze Al usage through
CPT codes, several studies have analyzed geographic dis-
tributions present in Al development. For example, re-
searchers have analyzed PubMed for the training datasets
used in various medical AI algorithms and found that the
data are disproportionately located in California, Massa-
chusetts, and New York.'® Datasets used in AI skin cancer
diagnosis have also been exclusively found to be from
Europe, North America, and Oceania.”” The usage of CPT
codes for digital health technologies like remote physio-
logic monitoring, e-consults, and e-visits have also been
systematically studied by reporting the total number of
claims in Medicare data.'"® Our work focuses specifically
on the subset of digital health relevant to Al and machine
learning (ML).

Methods

Our analysis consists of two main parts: the organization
of medical Al device CPT codes and the analysis of their
usage. First, to find CPT codes used for medical Al
devices, we used a combination of official sources, Web
resources, and insurance company policies. Second, we
searched a large national claims database to quantify the
usage of each code.

Official AMA Sources

The AMA develops CPT codes and is responsible for the
development of new billing codes for medical AI products.
The CPT Editorial Panel has issued guidance for classify-
ing Al applications, which includes assistive, augmenta-
tive, and autonomous work,'® but only a few examples of
Al codes are referenced. For a comprehensive list of new
CPT codes, we processed the AMA’s list of Category III
codes (accessed March 1, 2023%°), which are a set of tem-
porary codes assigned to emerging technologies, services,
and procedures.”’ Although these codes are billed like all
other codes, Category III codes are intended to be used
primarily for data collection to substantiate widespread
usage before granting reimbursement. After 5years, they
are reevaluated and replaced with a Category I code if
deemed qualified. We analyzed each of the AMA’s Cate-
gory III codes (long descriptors) for the terms artificial
intelligence and machine learning and their variants.
Next, for Category I and II codes, we performed a
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comprehensive search using Codify by AAPC, a search
engine for CPT codes.”

CPT code long descriptors provide limited information on
the underlying technology behind the procedure and the
product name. Therefore, we complemented the CPT
code descriptions with details provided by insurance com-
panies in policy documents. Such documents provide
detailed descriptions of a given procedure, as well as any
medical evidence that might support the case for its reim-
bursement. Additionally, the policies often reference spe-
cific product names that the CPT codes refer to. We
analyzed the policies of Premera, Amerigroup, and Blue
Cross and noted products that were referred to as Al or
ML devices.”*

Determining Al Devices

We determined whether each candidate CPT code bills
for an AI medical device if either of the following criteria
was met: the device manufacturer makes explicit market-
ing claims that its product uses AI and/or ML, or a third
party (e.g., insurance company or news publication) refers
to the product as powered by AI and/or ML. Additionally,
we excluded CPT codes that are also used for billing non-
Al devices, because this dilutes the number of Al-specific
occurrences. For example, recently, Al has been inte-
grated into a continuous glucose monitoring device, but
other non-Al devices are billed under the same code.
Another example includes mammography with CAD,
which is largely dominated by traditional CAD and should
be differentiated from modern CAD products.”® As a
whole, radiology AI devices are underrepresented in our
analysis relative to their share of all FDA-approved Al
devices®” because they are commonly billed using existing
CPT codes that are not specific to AL. However, more pro-
cedures in areas like cardiology (e.g., HeartFlow’s FFRCT
analysis) do not have non-AlI counterparts, allowing for
the creation of new CPT codes that are Al specific. Next,
several CPT codes exist for ML-based proprietary labora-
tory tests (identified with the letter “U”), but are excluded
from this study because they are typically designed and
deployed in specific laboratories and are outside the
FDA’s purview.?® Finally, to focus our analysis on the
usage of recently developed AI, we include only CPT
codes developed after 2015.

Grouping CPT Codes

Multiple CPT codes may be related to the same underly-
ing medical procedure but describe different aspects of
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the procedure. For example, both 0648T and 0649T are
used to report quantitative magnetic resonance (MR) analy-
sis of tissue composition, but 0649T is used when diagnos-
tic magnetic resonance imaging (MRI) is also completed,
whereas 0648T is used when it is not. In our analysis, we
organized codes that refer to the same underlying medical
Al procedure into a CPT code group. To this end, we com-
puted the sum total of all codes in that code group when
reporting the number of claims for each procedure.

IQVIA PharMetrics® Plus

We used the IQVIA PharMetrics® Plus for MedTech data-
set, a longitudinal health plan database of medical and
pharmacy claims.?® The dataset consists of more than 210
million unique U.S. enrollees and comprises largely com-
mercial health plans. The data are compliant with the
Health Insurance Portability and Accountability Act and are
representative of the commercially insured U.S. national
population for patients under 65years of age.*° The IQVIA
dataset is commonly used for analyses of medical trends in
areas like infectious diseases,” ™ cardiology,*® dermatol-
ogy,” pulmonology,*® oncology,* and neurology.*°™*? The
unit measurement we used in our analysis is a medical
claim that uses a CPT code associated with a medical AI
procedure. We analyzed usage in all 50 U.S. states from
January 1, 2015, to June 1, 2023; the dataset consists of 16
billion claims in total, with 11 billion claims after 2018. We
have included a table that details the number of claims in
our dataset for each year between 2015 and 2023 (Table
S3). As a point of reference, CMS reports that there are a
total of 5 billion claims processed in the United States per
year,”® which suggests that our dataset has approximately
40% coverage of all U.S. claims.

Finding Associated Device Names and
FDA Approvals

To provide the commercial context for each CPT code, we
also located specific device names associated with each AL
CPT code by searching through insurance policies as well
as company websites. Although we were able to locate at
least one product for each procedure, the list may not be
comprehensive if a product was not indicated by the com-
pany or a third-party source. For the top products we
found, we also located their corresponding FDA approval
(if applicable) to provide a timeline context for the overall
translational pipeline for each product.

ai.nejm.org

Geographic Analysis

For each medical Al procedure, we aggregated all unique
zip codes that contained an occurrence of at least one
code. First, we searched for each zip code’s median income
and classified it as high income if it exceeded $100,000
per year, consistent with the IRS’s classification.** Next,
we determined whether it was in a metropolitan area by
referencing the U.S. Department of Agriculture’s Rural-
Urban Commuting Area Codes.*® Finally, we computed
the percentage of all unique zip codes that had a high
median income level and were metropolitan. We compared
these rates with the rates found for all U.S. zip codes, as
well as unique zip codes found in a random sample of
1 million claims (across all CPT codes).

Insurance Pricing

In addition to CPT code billing frequencies, we collected
public and private pricing information. First, when avail-
able, we looked up Medicare pricing for each CPT code
that had been made publicly available each year.*® Sec-
ond, we gathered negotiated pricing rate data from
Anthem Healthcare in California and New York, focusing
specifically on in-network rates as of November 2022.
These data are made available as part of the Transparency
in Coverage regulation, which was introduced by the Tri-
Agencies (U.S. Departments of Health and Human Ser-
vices, Labor, and Treasury) on November 12, 2020.*” The
regulation requires health plans to publish their negotiated
rates for all items and services for commercial coverage,
including in-network files, in machine-readable formats,
with monthly updates starting from July 1, 2022. We uti-
lized the November 2022 version of the in-network rate
files, which are provided in the CMS-defined JSON (Java
Script Object Notation) format.

Results

Given our methodology, we found a total of 16 medical AI
procedures billable under CPT codes. Several procedures
can be reimbursed through multiple codes, comprising a
total of 32 unique CPT codes that are associated with Al
These procedures are detailed in Table 1, alongside the
total number of claims containing the codes, product
name, and effective date of the codes. The procedures fall
within a wide range of health care areas, such as cardiol-
ogy, radiology, and ophthalmology, and were created very
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Table 1. Summary of Al CPT Codes.*

Total Claims Condition or Medical Al Procedure
67,306 Coronary artery disease

15,097 Diabetic retinopathy

4,459 Coronary atherosclerosis

2,428 Liver MR

591 Multiorgan MRI

552 Breast ultrasound

435 ECG cardiac dysfunction

331 Cardiac acoustic waveform recording
237 Quantitative MR cholangiopancreatography
67 Epidural infusion

4 Quantitative CT tissue characterization
1 Autonomous insulin dosage

1 CT vertebral fracture assessment

1 Noninvasive arterial plaque analysis

0 Facial phenotype analysis

0 X-ray bone density

CPT Code(s)

0501T-0504T
92229
0623T-0626T
0648T-0649T
0697T-0698T

Example Product Name

HeartFlow Analysis*®

. . 4!
LumineticsCore*®

Cleerly>®

Perspectum LiverMultiScan®"

5
Perspectum CoverScan®?

Effective Date

June 1, 2018

January 1, 2021
January 1, 2021
January 1, 2021
January 1, 2022

0689T-0690T Koios DS®* January 1, 2022
0764T-0765T Anumana®® January 1, 2023
0716T CADScor*® July 1, 2022

0723T-0724T Perspectum MRCP-+>* July 1, 2022
07777 CompuFlo™ January 1, 2023
0721T-0722T Optellum Virtual Nodule Clinic®® July 1, 2022
0740T-0741T d-Nav®”’ January 1, 2023
0691T HealthVCF>° January 1, 2022
0710T-0713T ElucidVivo™® January 1, 2022
0731T Face2Gene° July 1, 2022
0749T OsteoApp”° January 1, 2023

* A total of 16 medical Al procedures are presented alongside their corresponding CPT codes. Each procedure is associated with an example
commercial product that may be reimbursed through the codes. The effective date is the date on which the code was officially recognized by the
American Medical Association and can be used for billing and reimbursement purposes. The total claims listed are recent as of June 1, 2023. Al
denotes artificial intelligence; CPT, Current Procedural Terminology; CT, computed tomography; ECG, electrocardiogram; MR, magnetic resonance;

MRCP, magnetic resonance cholangiopancreatography; and MRI, magnetic resonance imaging.

recently, with 15 of 16 medical AI procedures created
since 2021 (Fig. 1). We found that only 4 of 16 have more
than 1000 total claims. This is partially because the
median age of a medical AI procedure is only about a year
(374 days).

We found that the overall utilization of medical Al products
is still limited and focused on a few leading procedures.
However, utilization has generally increased exponentially
for each medical AI procedure (Fig. 2). The procedure with
the most AI usage is coronary%ry disease (n=67,306;
effective January 1, 2018). The associated CPT codes can
be used to reimburse products like HeartFlow FFRCT, a
medical device that uses computed tomography (CT) scans
to create a 3D model of the coronary arteries. The model is
then used to calculate the fractional flow reserve (FFR),
which is a measure of how well blood flows through the
arteries. Among other functions, FFRCT can be used to
diagnose coronary artery disease and assess the severity of
the disease.”® HeartFlow FFRCT was given its first FDA
approval in 2019 and has had two subsequent updates
since.”® In November 2021, CMS set the national payment
rate of the device at $930.34 for an office-based setting.®®
Meanwhile, privately negotiated rates from Anthem in Cali-
fornia and New York have a median price of $909.77.

Diabetic retinopathy medical AI has also grown exponen-
tially in usage (n=15,097, effective January 1, 2021). The
first FDA approval in this category was given on January
12, 2018, to LumineticsCore,*" an Al diagnostic system
that autonomously diagnoses patients for diabetic retinop-
athy (including macular edema).®® It is indicated for use
by health care providers to automatically detect more than
mild diabetic retinopathy in adults diagnosed with diabe-
tes who have not been previously diagnosed with diabetic
retinopathy.® The product takes images of the back of the
eye, analyzes them, and provides a diagnosis. If more than
a mild case is detected, the patient is referred to a special-
ist.°® In 2021, the national payment rate set by CMS for
CPT code 92229 was $45.36,*° whereas the median pri-
vately negotiated rate was $127.81.

We also found exponential growth at a smaller scale
occurring in medical Al for coronary atherosclerosis and
liver MR. Cleerly’s Coronary Computer Tomography
Angiography (CCTA) algorithm (n=4459, effective Janu-
ary 1, 2021) received its first FDA approval on October 9,
2019, and aims to identify atherosclerosis, the plaque
buildup in the arteries of the heart, as well as vascular
morphology features for all identified arteries in the
CCTA data.®* Although pricing for this code is not given
through CMS, we found it has a median private negotiated
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Figure 1. Capturing Medical Al Usage in Claims Data.
Panel A shows the reporting pipeline for CPT codes. Medical device usage is captured through billing records and aggregated in our
claims database. Each service/procedure that uses a medical device is associated with a CPT code that hospitals and medical practices
report for billing purposes. On the right, we provide a map of the geographic distribution of zip codes for a random sample of T million
claims (out of 11 billion in our dataset from January 1, 2018, to June 1, 2023) for comparison with Al CPT codes. Each blue dot
represents a single unique zip code where the procedure was billed. Panel B provides details on the top four billable medical Al
procedures through CPT codes. Under the procedure name, we list the CPT codes and a map of the geographic distribution of zip codes
where they have been billed (cumulative over time). In the bottom row, we provide examples of billable products under each code and a
product description image taken from marketing materials from the respective companies. Al denotes artificial intelligence; CPT, Current

Procedural Terminology; and MR, magnetic resonance.

rate of $692.91. Perspectum’s LiverMultiScan (n=2428,
effective January 1, 2021) is a noninvasive diagnostic tech-
nology for evaluating liver diseases present in multipara-
metric MRI by quantifying liver tissue.®® Receiving its
FDA approval on September 6, 2017, it provides a number
of quantification tools, such as region-of-interest place-
ments, to be used for the assessment of regions of an
image to aid in the diagnosis of liver disorders.’® The asso-
ciated CPT code, 0648T, does not have a national pay-
ment rate through CMS but has a median privately
negotiated rate of $371.55. We include a full table of avail-

able pricing information in Table S2.

Finally, we also observed that several procedures had only
nominal or zero usage. CT Vertebral Fracture Assessment
and Noninvasive Arterial Plaque Analysis had only a single

occurrence in our CPT database since January 1, 2022,
and procedures (Facial Phenotype Analysis and X-Ray
Bone Density) did not have any occurrences in our
database.

To better understand the drivers of medical Al device
adoption, we represented each zip code by three features:
whether it had a high median income level (median
annual household income greater than $100,000),
whether it was metropolitan (classification by the U.S.
Department of Agriculture), and whether it had at least
one academic hospital (determined by the Association of
American Medical Colleges). We performed logistic re-
gression on the outcome variable of Al adoption within a
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Growth of Medical Al in CPT Codes
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Figure 2. Growth of Medical Al in CPT Codes.
Panel A presents the number of claims per month for each medical Al procedure between January 1, 2018, and June 1, 2023. The top
four procedures by total claims are presented in colors, whereas the remaining 12 are grouped and added together into an “Other”
group in gray. On the right-hand side, we provide a legend for each of the medical Al procedures. These procedures are further grouped
by their usage tiers (0 to 100, 100 to 1000, and >1000 total claims). All procedures in the “Other” category are contained in the callout
box on the bottom right. Panel B presents the cumulative number of CPT Al medical procedures available each year from 2018 to 2023.
Al denotes artificial intelligence; CPT, Current Procedural Terminology; CT, computed tomography; ECG, electrocardiogram; MR,
magnetic resonance; MRCP, magnetic resonance cholangiopancreatography; and MRI, magnetic resonance imaging.

zip code (defined as at least one occurrence of billing of
an Al CPT code) (Table 2). Only zip codes with at least
one institutional NPI (National Provider Identifier) were
included in our analysis. In total, we included 22,704 zip
codes, of which 2182 had at least one medical AI billing.
All three variables were statistically significant (P<0.001),
whereas the presence of an academic hospital had the
largest effect on the likelihood of AI adoption (17 times
more likely). Metropolitan zip codes had the second

Table 2. A Multivariate Logistic Regression on Whether a Zip Code
Has at Least One Documented Billing of a Medical Al CPT Code.*

Zip Code Characteristic Log-Odds Coefficient

High income

0.373F
Metropolitan 1.657
Has academic hospital 2.857

B3

Only zip codes with at least one institutional NPI (National Provider
Identifier) are included in the analysis (n=22,704). Al denotes artificial
intelligence, and CPT, Current Procedural Terminology.

T P<0.001.

largest effect (5.25 times more likely), whereas high-
income zip codes had a 1.45 times likelihood of AI adop-
tion. Of all zip codes with an academic hospital, 71% had
at least one medical Al billing. In contrast, only 9% of zip
codes without an academic hospital had at least one medi-
cal AI billing. We also found a difference between high
income and low income (18% vs. 9%) and metropolitan
versus nonmetropolitan (14% vs. 3%) zip codes in whether
the area had at least one medical Al billing.

Consistent with the results from our regression model,
32% of zip codes where Al devices are deployed are high
income, which is significantly higher than non-Al claims
(17%, P<0.001) as well as the U.S. general population
average (10%, P<0.001). An average of 89% of the zip
codes for Al are metropolitan, which is much higher than
the U.S. average (41%, P<0.001) and marginally higher
than the value for the random sample of non-Al claims
(87%, P=0.002) (Fig. S2). Additionally, we created a map
of the geographic distribution of claims for the top four

Back to Table of Contents


https://ai.nejm.org

20 VOL.1 | NO.1 | JANUARY 2024

medical AI procedures for each year of their availability
and found that usage is generally well distributed across
coasts and regions of the United States (Fig. S1). We also
list the top 10 zip codes and city/state for each of the top
four medical Al procedures in our analysis (Table S1).

Discussion

Our study found that the commercialization of FDA-
approved Al products is still nascent but growing, with
over 50% of CPT codes effective since 2022. However,
only a handful of these devices have reached substantial
market adoption, suggesting that the medical AI landscape
is still in its early stages. Such usage patterns underscore
key themes regarding the deployment of Al in medicine,
including clinical implementation challenges, payment,
and equal access.

Successful clinical adoption of medical Al involves over-
coming key implementation barriers. First, the addition of
Al may require significant changes to the clinical work-
flow. For example, studies have detailed how the success
of a diabetic retinopathy detection algorithm is mediated
by deployment factors like patient consent, Internet speed
and connectivity, and poor lighting conditions.®®®
Another study found that the added benefit of an AI algo-
rithm in pathology depends on the pathologist’s interac-
tion with the algorithm’s outputs.®® Moreover, the value of
an Al algorithm to clinical practices is a function of its
health care setting.® For instance, researchers have
argued that clinics that use diabetic retinopathy algo-
rithms may operate at a deficit for every patient evaluated
and propose modifications to the existing payment struc-
ture to encourage adoption.”” However, patients may be
incentivized to visit practices that provide state-of-the-art
technologies. Medical AI devices need to have a clear
value proposition to health care providers to achieve wide-
spread adoption, but the value of AI is multifaceted and
context dependent.”%”!

In particular, Medicare pricing for medical Al can provide
insight into how Al is currently valued. The reimburse-
ment amounts for CPT codes are determined based on
three factors: physician work, practice expense, and mal-
practice cost.”” For a given code, each factor is associated
with a relative value unit (RVU) that is adjusted to account
for differences between procedures. For example, a higher
RVU for physician work means that the procedure in-
volves more physician time and/or expertise. A key value

ai.nejm.org

proposition of medical Al devices is their ability to reduce
or remove the work burden of physicians. We find this
reflected in the pricing for CPT code 92229 (diabetic reti-
nopathy) in the CMS fee schedule. Despite having a rela-
tive value of O for physician work, the practice expense
relative value (peRVU) for this code is 1.34, which is
higher than that of its non-Al counterpart (CPT code
92228, peRVU=0.53).”* This difference illustrates how the
pricing of AI devices shifts some of the value typically
assigned to physicians toward the costs of purchasing and
operating the device itself.

Interestingly, the privately negotiated rate for diabetic ret-
inopathy is substantially higher than the CMS rate
($127.81 vs. $45.36). Whereas CMS rates are designed
with the aim of cost containment for taxpayer-funded pro-
grams, private insurers may negotiate rates that better
reflect the actual cost or perceived value of services in a
specific market. Currently, because of their Category III
status, there is no Medicare pricing available for the
majority of AI CPT codes. However, in private insurance
data, we observed pricing for several devices. For example,
Al interpretation of breast ultrasound (CPT codes
0689T-0690T) has a median negotiated reimbursement
rate of $371.55, which is comparable to the national aver-
age cost of a traditional (non-Al) breast ultrasound of
$360.”* However, Al analysis of cardiac CT for atheroscle-
rosis has a median negotiated rate of $692.91, which is
higher than the average cost range of a cardiac CT of $100
to $400.”> As insurance companies consider reimburse-
ments for emerging Al technologies, determining appropri-
ate pricing remains an important step in wide AI adoption.

The payment mechanism for medical AI has implications
for how it will be used and adopted. Although CPT and
other procedure-based billing methods like the NTAP
method are done on a per-use basis, other payment
schemes may adjust for value or outcomes. For example, a
recent study of reimbursement strategies has proposed for-
going separate reimbursements altogether, because the
near-zero marginal costs of Al may lead to its overuse.”
Alternatives include a fixed cost with discounts if certain
clinical or economic outcomes are not met and a revenue-
sharing deal between the AI developers and health care sys-
tems.” Other outcome-based schemes involve higher reim-
bursements if certain positive outcomes are demonstrated
in a postmarketing study, with early examples in Europe
and the United Kingdom.”® Researchers have also proposed
factoring in the proportion of eligible patients who receive a
given service in an “access-maximizing” model.® Recently,
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RadNet, a diagnostic imaging services company, rolled out
a program in which patients can opt in for Al interpretation
of their mammograms for a $60 out-of-pocket fee.””

We observed that the presence of academic medical cen-
ters is a significant factor in the adoption of medical Al as
reflected in the fact that over 70% of zip codes with aca-
demic centers have at least one medical Al billing, com-
pared with 9% in zip codes without such centers.
Furthermore, metropolitan and higher-income zip codes
are among those that have a higher likelihood of having
Al adoption. These findings are reflective of broader adop-
tion trends within digital health care’® and are also ob-
served in other emerging technologies like electric cars,””
because areas with greater resources and infrastructure
are better positioned to take on the subsequent risks and
rewards. Although such differences in adoption do not
necessarily imply disparities in health care outcomes,®°
regulators and stakeholders should consider potential
obstacles to equitable access that may be in place as Al
becomes a more permanent fixture of health care.

Our analysis of medical AI usage has several limitations.
First, although our dataset of 16 billion claims (IQVIA
PharMetrics® Plus) is representative of the U.S. patient
population less than 65 years of age, it does not capture all
medical claims. As such, the number of claims reported in
our work only represents a fraction of total usage and
should mainly be interpreted through its relative magni-
tude over time. Second, our analysis focuses specifically
on CPT codes, which do not capture all potential types of
Al usage. For example, products such as Viz.ai’s large ves-
sel occlusion detection algorithm are reimbursable under
Medicare’s NTAP program, but we did not capture such
usage in our study. Additionally, medical AI usage in clini-
cal pilot studies that are not reimbursed will not appear in
large national databases. Furthermore, Al software in-
cluded as part of a hardware system often does not
include separate CPT billing. For example, GE’s Edison
Digital Health Platform and Critical Care Suite are in-
cluded as part of their AMX and Definium x-ray systems
but are not available as a separate software offering. Our
analysis also does not capture the usage of medical Al
devices that are billed under non-Al-specific CPT codes.
For example, CPT code 77066 is used for CAD for mam-
mograms but does not differentiate the usage of current
deep learning-based approaches from older traditional
models from the 1990s. As such, although new models for
mammography are developed and approved by the FDA,
their usage cannot be cleanly identified in claims data.
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Our analysis focuses specifically on Al Software as a Medi-
cal Device, which is a subset of all medical Al For exam-
ple, proprietary laboratory analyses can often involve ML
algorithms that analyze the collected data. Products like
KidneyIntelX and RenalytixAl use Al in diabetes clinical
care, whereas PreciseDx provides a breast cancer test.
Although such products are billable under CPT codes,
they are not regulated through the FDA. Another example
is Al in practice management software, which is often
implemented through electronic health record vendor
software. For example, Epic has been reported to have
about 20 predictive algorithms.®’ These applications are
also not regulated through the FDA and are primarily paid
for as part of a larger software subscription. Finally, with
recent innovations in large language models, applications
to areas like question-answering and clinical note-taking
have emerged. However, such products are still yet to be
clinically validated and regulated.®

As CPT codes are developed by the AMA for use within
the United States, our analysis of AI adoption does not
provide direct insight into other countries. However,
broad trends in the clinical adoption of Al can be shared
across countries because of the similarities of the underly-
ing AI technology and the incentives of health care provi-
ders. For example, a recent survey by researchers in the
Netherlands found that clinical use of Al is much greater
in academic hospitals (57%) than in general hospitals
(14%), which is reflected in our study as well.2% At the
same time, several factors make the United States a dis-
tinct marketplace for AI. For example, in contrast to
single-payer systems, the United States has a mixture of
private and public payers, in which CMS establishes a pay-
ment policy and private payers follow later.®* Differences
across regulatory agencies can also affect the degree of
trust providers have regarding Al. An FDA approval, for
instance, always requires a full clinical trial, whereas a CE
mark (European Union equivalent) accepts a review of
published data from existing devices.®® Finally, the market
for AI health care is significantly larger in the United
States, with North America accounting for nearly 50% of
the global market in 2022.%¢ Such factors affect the entire
Al adoption pipeline, from product investment and devel-
opment to reimbursement and usage.

The small percentage that AI usage takes up relative to
total billing highlights the inherent barriers to uptake and
the current clinical usefulness and necessity of Al Al-
though AI CPT codes represent a frontier in terms of the
maturity of Al, they are just one of many steps required
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for the wide adoption of medical AL¥"*® For example, a
survey of health care providers regarding CE-marked Al
devices in radiology found the main obstacles to uptake
involved budgeting and information technology integra-
tion — issues that are beyond the scope of clinical valida-
tion alone.®® As such, our findings reflect the fact that
successful uptake of Al requires understanding the entire
translational pipeline of Al technology. The usage and
adoption of medical AI are the product of a complex eco-
system involving AI developers, health care providers,
payers, and patients. Although the last few years have
seen rapid growth in the capabilities of Al, careful consid-
eration of forces beyond algorithmic development is re-
quired for AI models to have a meaningful clinical impact.
As such, monitoring the usage and clinical adoption of
medical Al is key to ensuring that these new technologies
fulfill the promise of improving the quality of health care
for broad patient populations.
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Abstract

A high number of artificial intelligence/machine learning (AI/ML)-enabled medical devices
are currently in development. To understand the development pipeline and worldwide geo-
graphic distribution of clinical trials for AI/ML-enabled medical devices that may enter the
market in the upcoming years, we analyzed the trends in registration of clinical trials for AI/
ML-enabled medical devices between 2010 and 2023 as well as their geographic distribution.
We aggregated all registered trials initiated between January 1, 2010, and August 31, 2023,
through the World Health Organization’s International Clinical Trials Registry Platform and
included all clinical studies for AI/ML-enabled medical devices in our study cohort. Among
the 710,800 registered clinical trials in this time period, 2669 clinical trials for AI/ML-
enabled medical devices were identified and included in our study cohort. Of these, 2517 clin-
ical trials provided information on the locations where the trial was conducted. Most of the
trials were conducted for the medical specialties of radiology, general hospital, gastroenterol-
ogy, and urology. Almost all were national trials; 1095 were conducted in China, followed by
the United States (196), Japan (162), India (139), and Korea (118). The countries with the most
enrolled patients in clinical trials per 100,000 inhabitants were mainly smaller countries in
Asia and Europe. More international trials should be encouraged — including the involvement
of low- and middle-income countries — to improve equality and ensure that the algorithms

perform well across populations. (Funded by the Swiss National Science Foundation.)
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710,800 Clinical trials from ICTRP database with registration dates
between January 1, 2010, and August 31, 2023

l

2770 Clinical trials for Al/ML-enabled medical devices identified with

keyboard search

101 Clinical trials excluded after
manual screening (duplications,

no Al/ML-enabled technology,
no medical device)

Clinical trials for Al/ML-enabled medical devices included in study cohort

2669 Total
2517 Study site provided
66 International
2451 National

Figure 1. Flow Chart.
Al/ML denotes artificial intelligence/machine learning; and ICTRP, International Clinical Trials Registry Platform.

Previous studies have highlighted the importance of a
diverse population representation in clinical studies in
order for AI/ML-enabled medical devices to be applicable
broadly to patients across health systems.*”

To understand the development pipeline and worldwide
geographic distribution of clinical trials for AI/ML-
enabled medical devices that may enter the market in the
upcoming years, we analyzed the trends in clinical trials
for AI/ML-enabled medical devices registered between
2010 and 2023.

Methods

We aggregated all registered trials initiated between Janu-
ary 1, 2010, and August 31, 2023, through the World
Health Organization (WHO) International Clinical Trials
Registry Platform (ICTRP).®

To identify all AI/ML-related trials, we searched the data-
base ICTRP for trials with these keywords: artificial intelli-
gence OR machine learning OR deep learning OR artificial
neural network OR neural network model OR convolutional
neural network OR recurrent neural network OR supervised
learning OR unsupervised learning OR natural language pro-
cessing OR generative model OR generative ai OR conversa-
tional ai OR large language model OR generative pre trained
transformer OR chatgpt.

We extracted all trials that included at least one of the
keywords in the trial’s title or description. For each
identified clinical trial we then extracted the following
information, if available: title of the clinical trial,
description of the clinical trial, study sites, and number
of patients enrolled. We manually screened all the
identified clinical trials and included all clinical trials
in our study cohort that included an AI/ML technology
and featured a medical device. We determined the
medical specialty for each clinical trial using the Food
and Drug Administration (FDA) classification as a
guidance.’

To compare trials for AI/ML-enabled medical devices
with non-AI/ML-enabled medical devices, we extracted
all clinical trials for medical devices from the database
ICTRP.

Descriptive statistics were performed using R, version
4.2.2 (R Foundation for Statistical Computing, Vienna).

Results

Among the 710,800 clinical trials registered between Jan-
uary 1, 2010, and August 31, 2023, 2669 clinical trials for
AI/ML-enabled medical devices were included in our
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Figure 2. Temporal Trends for Clinical Trials by Medical Specialty.

Al/ML denotes artificial intelligence/machine learning.

study cohort. Of these, 2517 clinical trials provided infor-
mation on the location(s) where the trial was conducted:
2451 (97%) were conducted in a single country and 66
(3%) were international collaborations (@).

The number of clinical trials for AI/ML-enabled medical
devices increased from 1 in 2010 to 619 in 2022.

MEDICAL SPECIALTIES

Among the 2669 included clinical trials, most targeted the
medical specialty radiology (724, 27%), followed by gen-
eral hospital (341, 13%), gastroenterology and urology
(331, 12%), neurology (264, 10%), and cardiology (228,
9%) (Fig. 2).

However, differences were observed between countries
and their focus on the medical specialties in their clinical
trials. For example, most of the clinical trials for AI/ML-
enabled medical devices conducted in China focused on
radiology (382 clinical trials), followed by gastroenterology
and urology (157 clinical trials), whereas in the United
States, most clinical trials were attributable to general hos-
pital (52 clinical trials), followed by neurology (37 clinical
trials) and both radiology (31 clinical trials) and cardiology
(31 clinical trials) (E).

GEOGRAPHIC DISTRIBUTION

When analyzing the geographic distribution of the 2451
clinical trials for AI/ML-enabled medical devices con-
ducted in single countries, most of them were conducted
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Figure 3. Distribution of Trial Locations by Medical Specialty.

Al/ML denotes artificial intelligence/machine learning.

in China (1095 clinical trials), followed by the United
States (196 clinical trials), Japan (162 clinical trials), India
(139 clinical trials), and Republic of Korea (118 clinical
trials) (Fig. 4A).

This order changed when analyzing the number of all
national clinical trials for AI/ML-enabled and non-Al/
ML-enabled medical devices (113,815 clinical trials)
between January 1, 2010, and August 31, 2023. Most of
these clinical trials were conducted in the United States
(21,323), followed by China (9809) (Fig. 4B).

China had a total enrollment of approximately 12 million
patients in the AI/ML-related trials, followed by Germany
(5.5 million), the United Kingdom (3.7 million), the

Republic of Korea (1.3 million), Japan (1.1 million), Austra-
lia (1.03 million), the United States (441,282), New Zea-
land (402,534), India (369,323), and Taiwan (265,756)
(Fig. 4C). New Zealand, followed by Germany, the United
Kingdom, Australia, the Republic of Korea, Sweden, Hong
Kong, Denmark, Taiwan, and Switzerland, was the coun-
try with the highest patient enrollment in clinical trials per
100,000 inhabitants (Fig. 4D).

On the continental level, Asia and Europe had the largest
increase in the number of trials for Al/ML-enabled medi-
cal devices between 2010 and 2022. In total, Asia ac-
counted for 68.8% of all clinical trials, Europe for 17.8%,
North America for 9.4%, Australia and Oceania for 2.3%,
South America for 0.9%, and Africa for 0.8% of the
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Figure 4. Geographic Distribution of Clinical Trials for AI/ML-Enabled Medical Devices.
Panel A depicts the number of clinical trials for Al/ML-enabled medical devices for each country. Panel B depicts the number of clinical
trials for all medical devices. Panel C depicts the sum of enrolled patients in clinical trials for Al/ML-enabled medical devices for each
country. Panel D depicts the sum of the enrolled patients in clinical trials for Al/ML-based medical devices per 100,000 inhabitants per
country. Al/ML denotes artificial intelligence/machine learning.
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Figure 5. Temporal Trends for Clinical Trials for Al/ML-Enabled Medical Devices by Continent.

Al/ML denotes artificial intelligence/machine learning.

clinical trials registered between January 1, 2010, and
December 31, 2022 (Fig. 5).

Discussion

The substantial increase in registered clinical trials for Al/
ML-enabled medical devices over the past years indicates
that the number of such devices that will be approved and
applied in the clinical setting will further increase in the
upcoming years. The increase may be even higher because
medical devices are often approved without clinical trials.'*"
Whereas radiology may keep its leading position across
medical specialties, other medical specialties' such as gastro-
enterology or urology could introduce more Al/ML-enabled
medical devices in the clinical setting in the near future. As
of August 31, 2023, only four Al/ML-enabled medical devices

for the medical specialty gastroenterology and urology have
been cleared in the United States.” One example for such a
device in the development pipeline is a clinical trial with
200,000 enrolled participants with the goal of evaluating the
effect of Al systems used during colonoscopy for the detec-
tion of precancerous polyps in the colon (NCT05888623).

The current dominance of national trials instead of inter-
national collaborations indicates that the results of the
clinical trials may lack external validity. Clinical practice
standards are known to differ internationally, and trial
and target populations will differ in regions where the trial
was conducted.*® As previous studies and the FDA have
pointed out, it is crucial that approval agencies, physicians,
patients, and the public be informed about the selected
data with regard to patient demographic and baseline
characteristics, such as number of patients, distribution of
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patients’ ages, and representation of race and ethnicity as
well as gender.>*"*"> This information helps to understand
whether a specific AIl/ML-enabled medical device is appro-
priate for the diagnosis or therapy of a patient in the rele-
vant clinical setting. Furthermore, these findings indicate
that a stronger collaboration between countries on clinical
trials for AI/ML-enabled medical devices is desirable and
should be more strongly encouraged to ensure that the algo-
rithms perform well across representative populations.

Reports highlight the global competition between countries
on the successful development of AI technologies has
emerged over the past decade, with medicine at the fore-
front of interest.'® Findings in our study show that China,
followed by the United States, dominated in terms of abso-
lute number of trials. Smaller countries, mainly in Asia
(Korea, Taiwan, and Hong Kong) and Europe (Germany,
the United Kingdom, Denmark, and Switzerland), and New
Zealand had the most enrolled patients per 100,000 in-
habitants. With the exception of China and India, low-
and middle-income countries were underrepresented. The
involvement of low- and middle-income countries is chal-
lenging for different reasons, including the lack of expertise,
time, and financial resources such AI/ML-enabled medical
devices may require."”” Nonetheless, it is crucial that these
countries also be involved in clinical trials to overcome the
selection bias because the demographics of high-income
countries may not match those of other countries.>”° More-
over, some of these devices — for example, AI/ML-enabled
optimal antibiotic treatment strategies for severe bacterial
infections (NCT01338116) — would help patients suffering
from these diseases with high prevalence and burden in
low- and middle-income countries and thus could help to
improve the health status of patients and potentially save
labor and financial costs in the longer run.

Our study has limitations. It was not always possible to deter-
mine whether a clinical trial for a medical device had an
AI/ML component. Additionally, we included clinical trials
for AI/ML-enabled medical devices only if they were regis-
tered at the WHO’s ICTRP, which is not comprehensive for
all trial registries. However, it can be assumed that the
WHO’s ICTRP contains the globally major and largest clini-
cal trial registries. Furthermore, not all included medical
devices in our study will be cleared and used for patients in
the clinical setting. Moreover, a majority of Al/ML-enabled
medical devices are cleared without a clinical trial.'® Thus,
our findings are representative not of all Al/ML-enabled

ai.nejm.org

medical devices but rather of those for which clinical trials
were conducted.
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Abstract

Psychiatry as a medical specialty has historically been considered less scientifically
grounded than other disciplines. Despite progress in understanding the biological basis of
psychiatric disease and efforts to diminish stigma associated with mental illness, a nega-
tive bias against psychiatry may persist in the medical community. Large language mod-
els provide an opportunity to investigate this hypothesis at scale. Our objective was to
characterize the extent to which articles published in high-impact medical journals may
reflect more negative sentiment about psychiatry compared with those from other medi-
cal specialties. We analyzed Entrez/PubMed entries published between 2017 and 2022
relating to psychiatry, neurology, oncology, and cardiology in four high-impact medical
journals: British Medical Journal, Journal of the American Medical Association, Lancet, and
New England Journal of Medicine. We used the large language model GPT-4 to score each
article’s title and abstract in terms of valence — that is, whether the abstract and title
were likely to increase or decrease optimism about progress in a given medical specialty.
Overall, and in each of the four journals, publications in psychiatry were significantly
more likely to be negatively valenced than those of other specialties (P<0.001 for all
omnibus y? and post hoc pairwise contrasts). Negative-valence scores were found for
19.5% of publications relating to psychiatry, compared with 6.1% for cardiology, 6.1% for
oncology, and 10.7% for neurology. Results were similar in analyses restricted to publica-
tions with abstracts, those reporting original research, those published before the Covid-
19 pandemic, or those published in 2020 or later. In logistic regression models adjusting
for journal, publication year, article type, and presence or absence of abstract, psychiatric
publications were significantly more likely to be negatively valenced than all other spe-
cialties. Permuting the article specialty did not meaningfully change estimates of valence,
indicating that the results were not attributable to psychiatry-specific terms. Published
psychiatry articles were on average more likely than other specialty articles to reflect neg-
ative valence about the specialty. Whether this difference reflects volume and type of

submission, or bias among editors or reviewers, merits further study. Regardless of the
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mechanism, the potential contribution of these articles to
perpetuating negative attitudes toward psychiatry is also
worthy of further investigation.

Introduction

sychiatry has long faced a status problem in

American medicine. Since the late 19th century,

it lagged behind other areas of medicine in
knowledge of the biological bases of disease, reflecting in
part the challenges in studying an organ that is difficult to
access during life and does not show gross disease-
associated pathology after death.! These scientific chal-
lenges, coupled with negative portrayals in popular media,
may have contributed to longstanding underinvestment in
psychiatric care despite the high prevalence of mental ill-
nesses and their substantial contributions to disability and
mortality.

The low prestige of psychiatry has been apparent in both
lay and academic discourse. For example, survey studies
of medical students decades ago reflected negative atti-
tudes toward psychiatry.® Despite efforts to improve per-
ceptions of psychiatry and individuals with mental illness,
recent investigations suggest that some trainees still see
psychiatry less positively than other areas of medicine.” A
study published in 1981 suggested that such negative
views reflect exposures during training.® Because many of
the physicians who trained during this period now hold
mentorship and leadership positions in Anglo-American
health care institutions, medical schools, and medical
journals, they are likely to continue to shape perceptions
of the field.

We hypothesized that persistent bias against psychiatry
exists in high-impact medical journals, which may help to
perpetuate negative sentiments toward psychiatry within
the medical community. To examine this potential bias,
we drew on the ability of large language models to capture
sentiment in more nuanced ways than older natural lan-
guage processing tools, particularly in few-shot learning
contexts,® and at a greater scale than human raters. We
examined the extent to which articles published about
psychiatry in high-impact journals might be more negative
in overall presentation than those examining other areas
of medicine.
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Methods

We queried Entrez/PubMed for all entries that had publi-
cation dates between 2017 and 2022 in four high-impact
medical journals (British Medical Journal, Lancet, Journal
of the American Medical Association, and New England Jour-
nal of Medicine) and that included the MeSH terms Mental
Disorders, Nervous System Diseases, Cardiovascular Dis-
ease, or Neoplasms or the words Psychiatry, Neurology,
Cardiology, or Oncology. The three comparator specialties
were selected a priori, the first reflecting the same primary
site of illness as psychiatry, the second focusing on
another primary site of illness, and the third unlinked to
any individual site.

We used the GPT-4 large language model® (gpt-4-0613;
GPT refers to generative pretrained transformer) to clas-
sify each Entrez/PubMed entry, i.e., the publication’s
abstract and title, according to whether a reader would
feel more positive or more negative about a particular field
after seeing that entry. Specifically, we prompted with the
string “Score each paper in terms of how positive or nega-
tive a reader would feel about {specialty} as a field after
reading the abstract or title. That is, how good or bad
would they feel about progress in {specialty}. Rate on a
1-10 scale, where 1 is the most negative and 10 is the most
positive.” (Varying the wording of this prompt did not
meaningfully change results.) To aid in interpreting these
results, Supplement A in the Supplementary Appendix
includes examples of each level of sentiment generated by
GPT-4 with the prompt “Now, using this scale, generate
an example of a title and abstract that would be scored a
{number}.” As an application of zero-shot learning in the
absence of a gold standard, the model was not further
trained to approximate a human rater; however, intraclass
correlation coefficients between model scores and those
from a blinded human rater (R.H.P.) for 100 publications
in each specialty from 2019 (i.e., before the Covid-19 pan-
demic) were also calculated for descriptive purposes.

The primary analysis examined the proportion of entries
reflecting negative sentiment (scores of 3 or less) within a
given specialty in a given journal. Articles identified as
reflecting multiple specialties were randomly assigned to
one specialty for subsequent analysis; including these mul-
tispecialty articles in each category or excluding them
altogether did not yield meaningfully different results.
Sensitivity analyses limited assessments to articles with
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abstracts (i.e., research articles and reviews), articles
labeled as original research (either by Entrez/PubMed
keyword or with the term “trial “or “study” indicated in
the title or abstract), and articles published either before
2020 or in 2020 through 2022. Chi-square tests followed
by post hoc contrasts were used to identify specialties dif-
fering significantly from others in frequency of negatively
valenced articles. We then applied logistic regression
models to examine the association between specialty and
likelihood of negative valence, adjusted for journal, article
type, presence or absence of an abstract, and year of publi-
cation. (In these regression models, sensitivity analyses
with inclusion of clustering by journal did not meaning-
fully change results.) For purposes of comparison, the
analyses were then repeated for those articles that were
scored as positively valenced (scores of 7 or greater).

Finally, to confirm that results were not driven by nega-
tively valenced terms, such as “depression” and “anxiety,”
we permuted titles and abstracts via GPT-4 with the prompt
“Alter this {title/abstract} to refer to {new_specialty}
instead of {old_specialty},” followed by the title or abstract,
thus altering abstracts from psychiatry to neurology,

ai.nejm.org

cardiology, or oncology, and vice versa. We compared
scores from the original abstracts to those from the per-
muted abstracts.

All analyses were completed between July 17 and August
1, 2023, using R version 4.3."

Results

Characteristics of publications between 2017 and 2022 in
the four selected journals are summarized in Table 1,
including those addressing cardiology (n=3527), psychiatry
(n=1843), oncology (n=2953), and neurology (n=2013). The
intraclass correlation coefficient (a measure of consistency
between two raters, in this case, the model output and the
blinded rater) was 0.74 (95% confidence interval [CI],
0.69 to 0.78).

Overall, 360 (19.5%) of the publications relating to psychi-
atry were scored as negatively valenced, compared with
216 (6.1%) for cardiology, 181 (6.1%) for oncology, and 216
(10.7%) for neurology (omnibus 32 P<0.001). Distribution

Table 1. Characteristics of Publications Across Four Subject Areas in Four High-Impact Medical Journals, 2017 to 2022.
Cardiology Neurology Oncology Psychiatry Total

Publications (n=3527) (n=2013) (n=2953) (n=1843) (n=10,336) P value
Article type <0.001
Editorial or letter 1226 (34.8%) 554 (27.5%) 1032 (34.9%) 565 (30.7%) 3377 (32.7%)

Original research 1003 (28.49%) 421 (20.9%) 654 (22.1%) 278 (15.1%) 2356 (22.8%)

Other 1169 (33.1%) 970 (48.2%) 1179 (39.9%) 926 (50.2%) 4244 (41.1%)

Review 129 (3.7%) 68 (3.4%) 88 (3.0%) 74 (4.0%) 359 (3.5%)

Journal <0.001
BM] 443 (12.6%) 385 (19.1%) 422 (14.3%) 504 (27.3%) 1754 (17.0%)

JAMA 915 (25.9%) 557 (27.7%) 629 (21.3%) 574 (31.1%) 2675 (25.9%)

Lancet 764 (21.7%) 423 (21.0%) 573 (19.4%) 417 (22.6%) 2177 (21.1%)

N Engl J Med 1405 (39.8%) 648 (32.2%) 1329 (45.0%) 348 (18.9%) 3730 (36.1%)

Abstract present 1098 (31.1%) 539 (26.8%) 798 (27.0%) 425 (23.1%) 2860 (27.7%) <0.001
Year <0.001
2017 583 (16.5%) 387 (19.2%) 536 (18.2%) 420 (22.8%) 1926 (18.6%)

2018 609 (17.3%) 363 (18.0%) 568 (19.2%) 318 (17.3%) 1858 (18.0%)

2019 619 (17.6%) 351 (17.4%) 508 (17.2%) 341 (18.5%) 1819 (17.6%)

2020 612 (17.4%) 288 (14.3%) 490 (16.6%) 255 (13.8%) 1645 (15.9%)

2021 593 (16.8%) 294 (14.6%) 402 (13.6%) 244 (13.2%) 1533 (14.8%)

2022 511 (14.5%) 330 (16.4%) 449 (15.2%) 265 (14.4%) 1555 (15.0%)

Score, mean (SD) 5.6 (1.4) 5.4 (1.5) 5.8 (L.5) 5.1 (1.7) 5.5 (1.5) <0.001
Negative valence’ 216 (6.1%) 216 (10.7%) 181 (6.1%) 360 (19.5%) 973 (9.4%) <0.001
Positive valence 986 (28.0%) 539 (26.8%) 1021 (34.6%) 414 (22.5%) 2960 (28.6%) <0.001

* Negative valence, score of 3 or less; positive valence, score of 7 or greater. SD denotes standard deviation.
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Figure 1. Percentage of Publications Reflecting Negative Valence, by Journal and Specialty, 2017 to 2022.

of scores by journal is illustrated in Figure S1. For 200 arti-
cles randomly chosen to be scored twice, the intraclass cor-
relation coefficient was 0.85 (95% CI, 0.80 to 0.89).

In each of the four journals, the proportion of negatively
valenced papers was significantly greater for psychiatry
than for the other three specialties (Fig. 1; P<0.001 for all
pairwise contrasts). Results in sensitivity analyses that lim-
ited publications to those with abstracts (Fig. S1A) or to
those reporting original research (Fig. S1B) followed a
similar pattern. Likewise, the proportion of negatively
valenced papers relating to psychiatry was significantly
greater than those of other specialties, whether the papers
were published before or during the Covid-19 pandemic
(Fig. S1C and D).

To examine the extent to which effects might arise from
other differences between publications, we fit a logistic
regression model to examine the association between spe-
cialty and negative valence, adjusting for journal, publica-
tion type, presence or absence of abstract, and publication
year (Fig. 2). In adjusted models, articles from psychiatry
were mantially and statistically significantly more
likely to be negatively valenced than articles from cardiol-
ogy (odds ratio, 2.94; 95% CI, 2.44 to 3.57), oncology
(odds ratio, 3.13; 95% CI, 2.63 to 3.85), and neurology
(odds ratio, 1.75; 95% CI, 1.45 to 2.13).

We then examined articles with positive valences (Fig. 3).
Overall, psychiatric publications were statistically signifi-
cantly less likely to be positively valenced than those from
other specialties (Table 1; omnibus x* P<0.001). However,
in a logistic regression model adjusting for journal, year,
article type, and abstract (Fig. S2), only oncology was
statistically significantly different from psychiatry (odds
ratio, 1.67; 95% CI, 1.46 to 1.93), whereas cardiology
(odds ratio, 1.10; 95% CI, 0.96 to 1.27) and neurology
(odds ratio, 1.14; 95% CI, 0.98 to 1.33) were not.

Finally, sensitivity analyses examined whether permuting
titles and abstracts so that they referred to a different spe-
cialty affected the valence scores. Permuting psychiatry
abstracts to any of the three other specialties did not yield
significantly different valence scores (P=0.45; analysis in
Supplement B). Similarly, permuting any of the other three
specialties to psychiatry did not significantly alter valence
scores (P=0.14, 0.64, and 0.25 for neurology, oncology,
and cardiology, respectively).

Discussion

In this study of more than 12,000 publications in four
high-impact medical journals between 2017 and 2022,
we found that papers rated by a large language model to

Back to Table of Contents


https://ai.nejm.org

38 VOL.1 | NO.1 | JANUARY 2024 ai.nejm.org
Variable N Odds Ratio p
Specialty Psychiatry 1843 [ ] Reference

Cardiology 3556 —a— I 0.34 (0.28, 0.41) <0.001

Neurology 1992 — ! 0.57 (0.47, 0.68) <0.001

Oncology 2945 —— ! 0.32 (0.26, 0.38) <0.001
Journal BM 1753 " Reference

JAMA 2675 —— : 0.36 (0.30, 0.44) <0.001

Lancet 2177 —— i 0.57 (0.48, 0.69) <0.001

N Engl ) Med 3731 —a— | 0.37 (0.31, 0.45) <0.001
Publication Type Editorial/Letter 3377 L Reference

Original Research 2356 —— 0.86 (0.65, 1.13) 0.280

Other 4244 | —— 1.74 (1.48, 2.06) <0.001

Review 359 ——8—— 130 (0.86,1.93) 0.206
Abstract Absent 7475 | Reference

Present 2861 —— 0.96 (0.77, 1.19) 0.717
Year 2017 1925 | Reference

2018 1857 —H— 1.07 (0.86, 1.32) 0.561

2019 1816 —a— | 0.71 (0.56, 0.90) 0.004

2020 1649 —aH— 0.92 (0.73, 1.16) 0.467

2021 1541 —a— 0.79 (0.62, 1.01) 0.060

2022 1548 Fm 1.24 (1.00, 1.54) 0.051

T I T T
0.5 1 1.5 2

Figure 2. Logistic Regression Model of Negative Valence in Individual Publications Incorporating Terms
for Specialty, Journal, Publication Type, Presence or Absence of Abstract, and Publication Year.

be negatively valenced (that is, reflecting sentiment of
low optimism about the specialty) were overrepresented
in psychiatry compared with three selected specialties.
These differences were similar when analyses were lim-
ited to original research, papers with abstracts, or those

published either before or during the Covid-19 pandemic
period.

Although our results are difficult to compare with those
from prior studies, our work is broadly similar in reflecting

by Journal and Specialty
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Specialty

B Psychiatry

M Cardiology
Neurology

B Oncology

0 1IO 2IO

Percent of Publications

T T T
30 40 50

Figure 3. Percentage of Publications Reflecting Positive Valence, by Journal and Specialty, 2017 to 2022.
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negative attitudes toward psychiatry. Such attitudes are
apparent in surveys of medical trainees,®®
recent surveys reflecting negativity about psychiatry com-
pared with other medical specialties.”

with even

The low status of psychiatry has deep historical roots.
When psychiatry emerged as a distinct practice in the 19th
century, it took shape as a practice of asylum superinten-
dents: physicians who worked in institutions on the out-
skirts of society, caring for people marginalized or
ostracized by society. Moreover, as psychiatry and neurol-
ogy divided the realm of mental disorders, psychiatrists
were left with the diseases in which no lesion could be
found," a division that left psychiatric science facing diffi-
cult obstacles in the 20th century. Psychiatrists did not
always help their cause: In an effort to develop treatments
for mental illness with little understanding of the mecha-
nism, they embarked on numerous therapeutic misadven-
tures.'>"® Psychiatrists sought to upgrade their status in
the early 20th century by offering service to outpatients, a
development that let them engage with all sectors of soci-
ety'* and move beyond asylums. Psychiatrists redoubled
efforts to rehabilitate psychiatry’s status after World War
II by committing to basic and clinical research to upgrade
the substance — and standing — of psychiatric science."
These efforts achieved considerable success, with both
psychotherapy and psychopharmacology becoming widely
accepted.'® But psychiatry has continued to struggle to
gain respect from other physicians, from patients, and
within the public culture. One Flew Over the Cuckoo’s Nest
is the best-known critique, but it is just one of countless
attacks on psychiatry that gained popularity in the 1960s
and 1970s."” A vigorous antipsychiatry movement has per-
sisted for decades'®; at least before the Covid-19 pan-
demic, no other area of medicine had elicited a similar
attack.

Given this complex history, it is likely that psychiatry’s
ongoing challenges are multifactorial. Therefore, our re-
sults do not necessarily reflect bias by journal editors or
reviewers per se. For example, an alternative explanation
could be that submissions of psychiatric manuscripts also
reflect greater negativity — that is, authors are simply
more likely to focus on negative aspects of psychiatric
research in submissions to these journals. Regardless of
mechanism, however, the results suggest that an individ-
ual reading high-impact medical journals and, possibly,
subsequent media coverage of articles published in these
journals would be left with a more negative impression of
psychiatry than of the other three examined specialties.
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As such, the distribution of these articles may help to per-
petuate negative attitudes toward psychiatry by medical
practitioners and possibly in the broader community that
may disproportionately receive health news reflecting arti-
cles in high-impact journals.

We note several important limitations in interpreting this
work. First, the quantification of sentiment relies on a large
language model where the appearance of comprehension
may be misleading.'” The examples in Supplement A sug-
gest that the model is applying human-interpretable stan-
dards insofar as it maintains explainability — that is, the
scores appear to make sense. They also correlate with
scores from a human rater. In sensitivity analyses, we
show via permutation that the effects observed in psychia-
try are not simply attributable to the presence of specialty
terms associated with negative valence, such as depression
or anxiety. However, in the absence of a true gold standard
for this form of sentiment, which goes beyond the identifi-
cation of positive or negative terms to predictions about
the impact of a text on a reader, these scores must be inter-
preted cautiously.

Second, the costs associated with scoring algorithms via
GPT-4 limited the number of specialties and journals
examined in this pilot investigation. Future work on a
larger scale will be valuable for more precisely estimating
the effects we observed and determining their specificity.

Conclusions

Taken together, these findings support the hypothesis that
high-impact medical journals continue to reflect a nega-
tive bias toward psychiatry as a medical specialty. In addi-
tion to ensuring better medical education about psychiatry
and greater public efforts to diminish stigma, medical pub-
lications may represent an opportunity to achieve more
balanced attitudes toward psychiatry, as psychiatrists seek
to overcome a long and complicated history.
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