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Abstract
In the past year, the medical field’s relationship to clinical AI has progressed from rapid and 
often speculative adoption toward evaluation of its impact on patient outcomes, clinical 
workflows, and society. Drawing from the Symposium on AI for Learning Health Systems 
(SAIL) Year in Review (May 2026), this Perspective examines six key areas that dominated the 
domain of clinical AI in the past year: clinical AI evaluation, workflow integration, direct-​to-​
consumer applications, regulation and societal impacts, AI in medical education, and foun-
dational advancements in technology. AI’s successes across these areas have been uneven, 
reflecting its jagged frontier. We highlight milestones that illustrate what AI has already 
achieved in health care, its potential, and major challenges that remain ahead. (Funded by 
the Eunice Kennedy Shriver National Institute of Child Health and Human Development of 
the National Institutes of Health [grant number T32HD040128].)

Introduction

A pplications of AI in health care have rapidly expanded in the past year and con-
tinue to grow, with reports that over 80% of health care organizations are now 
using it1,2 and 32% of adults are turning to it for health information and advice.3 

At the same time, rapid expansion must be weighed against the current limits and risks of 
AI, as well as its cost. Notably, its successes across clinical applications have been uneven, 
reflecting what has been termed a “jagged frontier”: AI models can excel at certain tasks 
while unexpectedly underperforming on others that appear similarly or even less complex, 
making its capabilities difficult to predict.4

This Perspective summarizes insights from the Year in Review at the Symposium on AI 
for Learning Health Systems (SAIL) held in May 2026, an annual meeting focusing on the 
opportunities and barriers to deploying AI in clinical settings. Ahead of the conference, the 
SAIL Year in Review committee emailed a survey to all SAIL 2025 attendees to identify the 
past 12 months’ key themes, priorities for the near future, influential recent publications, 
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and major gaps in the field (Supplementary Appendix). 
After reviewing and discussing the 27 responses, our team 
of clinical AI researchers distilled six themes reflecting the 
progress and persistent challenges in the field (Table 15-​44). 
Both respondent and review groups represented a wide 
breadth of clinical, data science, and operational back-
grounds across both academia and industry.

Evaluation of Clinical AI Systems: 
Moving up the Hierarchy of 
Evidence
Demand for rigorous evaluation has increased in the past 
year, now that clinical AI systems have saturated simpler 
benchmarks based on medical licensing examinations.45 
The past year has focused on moving up in the hierarchy 
of evidence, starting with better benchmarks at the lowest 
level, moving up to randomized studies on vignettes and 
case reports, and finally to randomized clinical trials that 
measure the impact on patient outcomes.

Clinical AI benchmarks have grown increasingly sophis-
ticated in an effort to more faithfully represent real-​world 
clinical applications. Health AI–centric benchmarks such as 
MedHELM (Holistic Evaluation of Large Language Models 
for Medical Tasks) now aim to capture more fully real tasks 

encountered in clinical practice, including documentation, 
patient communication, and administrative tasks.5 At the 
time of MedHELM’s release, DeepSeek R1 achieved top 
overall scores (66%), while other models such as Claude 
3.5 Sonnet offered favorable cost–accuracy trade-​offs, 
achieving comparable results at 15% lower cost. Agentic 
benchmarks have also emerged alongside the increasing 
prevalence of AI agents: MedAgentBench evaluated agents 
in their ability to interact with a synthetic electronic health 
record, noting that early models struggled not with med-
ical reasoning, but with basic instruction-​following and 
application programming interface requests.6 Subsequent 
modifications to MedAgentBench’s harness to improve 
output consistency led to improved performance.46 Despite 
this progress, concerns around the “construct validity”47 of 
these benchmarks remain: Recent works have highlighted 
that the benchmarks do not accurately measure the skill 
they claim to,48 as these systems still struggle on real patient 
records and real-​world clinical tasks that are often not only 
more complex, but also require navigating ambiguous or 
underspecified instructions.

Consequently, many studies have pushed progress up the 
hierarchy of evidence in the past year. A significant number 
of these were randomized studies that assessed the impact 
of AI on clinical reasoning based on clinical vignettes. 
Because earlier studies had found that human–AI teams 
can often demonstrate worse performance than AI alone,49 

Table 1.  Themes in Clinical AI for 2025–2026 from SAIL Year in Review.*

Theme Examples Looking Ahead

Evaluation: moving 
up the hierarchy of 
evidence

•	 AI and agentic benchmarks5,6

•	 Randomized studies on clinical vignettes7,8

•	 Prospective, and increasingly randomized, studies of 
deployed systems9-​12

More RCTs powered on patient outcomes; stronger 
construct validity for benchmarks; methodological 
rigor (blinding, assignment concealment) as trial 
volume grows

Clinical workflow 
integration

•	 Ambient AI scribes13-​16

•	 Chart/discharge summarization17,18

•	 Patient communication and perceptions of AI use19,20

Life cycle management of AI systems; outcome-​level 
evidence; understanding human–AI interactions

Rise of direct-​to-​
consumer AI

•	 Scale of consumers using AI for health-​related queries21

•	 Purpose-​built tools22,23

•	 Risks of general-​purpose use24,25

Safety guardrails and regulatory clarity for consumer-​
facing products

Regulation and 
societal impacts

•	 Contrasting regulatory approaches26

•	 Evolving regulation27,28

•	 New reimbursement models29

•	 Environmental footprint30

•	 Labor impacts31-​33

Establishing regulatory frameworks for AI systems; 
evaluation of alternative reimbursement pathways; 
transparency in environmental footprint; addressing 
labor market effects

AI in medical 
education

•	 AI-​enabled pedagogy34,35

•	 Effects of AI on medical knowledge and skill acquisition36,37

•	 Deskilling and never-​skilling risks38,39

Studying and addressing skill retention and 
development; developing curricula that build AI 
literacy

Foundational 
technology 
advances

•	 Large-​scale foundation models40,41

•	 Multimodal clinical models, including wearables42-​44
Moving from prediction to causal understanding; 

extending AI beyond episodic, in-​clinic encounters; 
open-​source ecosystems for collaborative 
advancement

*RCT denotes randomized controlled trial; and SAIL, Symposium on AI for Learning Health Systems.
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and do not necessarily outperform clinical teams with 
access to only conventional resources,50 these random-
ized studies placed much heavier emphasis on improving 
human–computer interaction. These studies showed that 
thoughtfully designed collaborative workflows largely mit-
igated this phenomenon, such that no significant differ-
ences in diagnostic accuracy could be detected between 
human–AI teams and AI-​only systems.7 Improving clinical 
reasoning with AI also requires proper AI literacy training: 
A randomized study in Pakistan showed that a mandatory 
20-​hour AI literacy curriculum improved physicians’ diag-
nostic reasoning scores with AI assistance to 71.4%, com-
pared with 42.6% for those using conventional resources 
alone.8

Finally, there are now a growing number of prospective 
randomized clinical trials (RCTs) of deployed AI sys-
tems, though they generally remain few in number.51 
A multisite RCT enrolling 368 adults at increased risk 
for diabetes found that a fully automated AI-​led dia-
betes prevention program was noninferior to a human-​
led program at much lower cost.9 The Mammography 
Screening with Artificial Intelligence (MASAI) trial in 
Sweden, enrolling 105,934 women, demonstrated that 
AI-​supported mammography screening achieved 9% 
higher sensitivity without sacrificing specificity, yielding 
a 29% increase in cancer detection and 12% reduction 
in interval cancer rates, while reducing radiology work-
load by 44%.10 A pragmatic cluster-​randomized trial 
conducted across 74 units in two health systems found 
a 35% decrease in instantaneous risk of death and an 
11% decrease in length of stay with an early warning sys-
tem based on machine learning using nurse surveillance 
documentation patterns.11 While these trials represent 
positive results from the past year, other studies have 
provided more mixed findings. For instance, the Impact 
of Immediate AI-​Enabled Patient Triage to Chest CT on 
the Lung Cancer Pathway (LungIMPACT) RCT showed 
that AI prioritization of suspicious chest x-​rays decreased 
time to obtaining a report but did not improve time to 
cancer diagnosis, highlighting the need to consider clin-
ical pathways more holistically.12 Furthermore, a review 
of RCTs for clinical AI systems showed that, even among 
those that report favorable outcomes, methodologi-
cal concerns were common, particularly with regard to 
assignment concealment and blinding.51 Consequently, 
these results illustrate the importance of proper exper-
imental design, multidisciplinary collaboration, and 
reporting transparency to assess the clinical impact of 
distinct AI applications.

Clinical Workflow Integration
Administrative tasks such as documentation continue 
to dominate the clinical AI landscape. This progress has 
been led by the widespread deployment of AI scribes, 
which constituted one of the most significant clinical 
integration efforts of the last year. To understand the 
utility of these systems, leading health systems have cre-
ated structured quality assurance frameworks as well as 
postdeployment monitoring systems.52 However, early 
evidence reveals a continuing gap between enthusi-
asm and demonstrated benefit.53 Multiple large RCTs of 
ambient AI scribes found only modest documentation 
time savings and identified clinically significant inaccu-
racies across multiple platforms.13-​16 Furthermore, these 
evaluations should be viewed as providing a snapshot of 
these tools’ behaviors, as AI systems are prone to shifts 
and drifts in their performance and behavior.54 In one 
notable case, a routine note template change caused 
ICD-​10 documentation accuracy to plummet from 79% 
to 35% before user retraining restored it.55 While initial 
frameworks have been proposed for the monitoring and 
maintenance of clinical AI systems,55,56 more research is 
needed to ensure that these systems have sufficient power 
to detect and remediate harmful data shifts before they 
affect care quality.57

Another AI application that has seen rapid adoption across 
hospitals is in summarizing patient charts, such as with the 
release of the Draft Hospital Course Notes and Inpatient 
Insight tools by Epic Systems. Studies on AI-​drafted dis-
charge summaries have generally been promising, showing 
that AI-​generated summaries were of comparable quality to 
those generated by physicians.17,18 Epic also reports hospi-
tals achieving significant gains in productivity using these 
tools.2 Nevertheless, reports on patient outcomes generally 
remain more limited. A recent report showed that design-
ing these tools to interface with patients can help bridge 
this gap: When AI was used to translate complex hospital 
discharge summaries into plain language, patient compre-
hension significantly improved, particularly among those 
with lower health literacy and from historically marginal-
ized racial and ethnic groups.19

Finally, the potential of AI to improve clinical workflows 
must be weighed against the current landscape of evolving 
patient attitudes toward physician AI usage. A recent study 
found that patients evaluated clinicians who marketed their 
use of AI as being less competent and empathetic, and that 
this decreased their willingness to schedule appointments 
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with them.20 However, this may represent an evolving tar-
get as AI technology continues to develop and meaningful 
use cases are established.

The Rise of Direct-​to-​Consumer AI
Direct-​to-​consumer (DTC) AI in health care expanded dra-
matically this past year, driven in particular by frontier AI 
companies such as OpenAI, Microsoft, and Amazon.58 For 
example, more than 230 million people reportedly used 
ChatGPT alone on a weekly basis for health advice.21 The 
growth in the number of such applications is, in no small 
part, due to the more limited regulatory framework, as 
these tools are stated not to give medical advice. The impli-
cations of these products in this largely unregulated land-
scape are considerable, with examples of these applications 
providing both benefit and harm.

Generally speaking, DTC applications built for purpose 
have demonstrated more meaningful promise. For instance, 
in the field of mental health, an RCT of the Therabot chat-
bot found significant reductions in symptoms of depres-
sion and anxiety compared with patients waitlisted for 
therapy, achieving a therapeutic alliance comparable to 
human health care providers.22 The explicit codesign of AI 
tools further supports this concept: A chatbot codesigned 
by community stakeholders and researchers was shown in 
an RCT to significantly increase health awareness among 
patients across a diverse set of 11 Chinese provinces.23

On the other hand, recent studies have shown the immense 
risks that accompany trust in inaccurate tools. In an imi-
tation game study, patients were unable to distinguish AI 
responses from those of physicians, rating AI responses as 
more trustworthy than human physicians, even when inac-
curate.24 Recent findings have also shown how consumer 
tools such as ChatGPT Health frequently undertriaged 
patients in critical condition, missing severe cases such 
as diabetic ketoacidosis over 50% of the time, and over-
whelmingly failed to trigger crisis intervention resources 
when evaluating patients with mental health concerns.25

Regulation and Societal Impacts
Medical device regulators globally are still developing 
strategies to best manage the ever-​evolving landscape of 
AI-​based technologies. A decade-​long review highlighted 
how regulators in the top five medical device markets — the 
United States, the European Union, China, South Korea, 

and Japan — share some similarities, such as the use of risk-​
stratified oversight and postmarket surveillance. However, 
they also vary in how they balance the trade-​off between the 
speed at which products can be brought to market and the 
strength of clinical evidence required.26 While the United 
States and China prioritize time to market and rely more 
heavily on postmarket surveillance, the European Union 
prioritizes clinical evidence, requiring stronger research 
findings such as those generated by RCTs; meanwhile, 
the approach of South Korea and Japan sits somewhere 
in between. In the past year, the United States has contin-
ued to push for faster release of products to the market by 
clarifying when software is exempt from regulatory over-
sight, including specific examples of generative AI appli-
cations.27,28 There are also growing efforts, both within and 
outside the U.S. Food and Drug Administration, to leverage 
AI to accelerate regulatory process and research.59,60

Beyond regulation, the Centers for Medicare and Medicaid 
Services launched the Advancing Chronic Care with 
Effective, Scalable Solutions (ACCESS) model, which estab-
lishes a framework for outcome-​aligned payments designed 
to reward vendors and providers who utilize technology to 
achieve measurable improvements in chronic disease man-
agement.29 This will provide many AI-​enabled technologies 
with a path for reimbursements, which has been a challenge 
historically.30,61 Health care systems currently have limited 
ability to track the environmental impacts of their genera-
tive AI workloads, which affects policies such as the English 
National Health Service’s goal of achieving net zero,62 and 
labor market disruptions due to AI are emerging in the clin-
ical world, as anticipated in early analyses by Anthropic.63 
Across the United States, a growing number of protests and 
strikes in health care have revolved around the implemen-
tation and impact of AI.31-​33

AI in Medical Education
The integration of AI into medical training was also a theme 
in the period 2025–2026, with early evidence suggesting 
potential applications to facilitate both skill acquisition 
and structured assessment. One broadly considered edu-
cational path is the ability for AI to personalize education. 
Medical students who trained with AI-​tailored feedback 
reported greater preparedness and demonstrated superior 
performance in objective structured clinical examinations 
compared with peers using conventional methods.34 This 
personalization can also extend to the ability to evaluate 
trainees; in a separate study, a multimodal AI system suc-
cessfully evaluated anesthesia residents during simulated 
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clinical scenarios, demonstrating strong agreement with 
expert human examiners in the competency domains.35 The 
results of this single trial, however, should be interpreted in 
the context of a broader body of literature, with a recent 
meta-​analysis suggesting no difference in general knowl-
edge acquisition, though with specific advantages over an 
extended period of time and practical skill development.36

The potential of AI for upskilling or deskilling in medicine 
remains a subject of significant debate. While a long-​appre-
ciated phenomenon, the risks of automation bias remain 
relevant in the use of AI. The general body of literature 
suggests a high risk of deskilling, with a recent scoping 
review highlighting detriments across diagnostic special-
ties such as radiology, gastroenterology, and pathology.38 
Researchers even warn of “never skilling,” referring to the 
concern that trainees may never acquire certain skills.39 In 
contrast, there are some data to suggest that AI can upskill 
trainees,7,8 and in a recent study, medical students using 
ChatGPT-​4o outperformed both control groups and the AI 
model alone in diagnostic reasoning tasks.37

Advancements in AI Capabilities
Many advancements have pushed the frontier of clinical AI 
this past year and are likely to shape the field going forward. 
One major area of advancement was training substantially 
larger foundation models and incorporating longitudinal 
data. Examples include Epic’s foundation model, which 
was trained on over 16 billion encounters in Cosmos40; this 
model matched or exceeded task-​specific models across 78 
prediction tasks. Similarly, a transformer model trained on 
data in the U.K. Biobank demonstrated disease risk predic-
tion on par with or better than task-​specific approaches.41 
Nevertheless, substantial technical challenges remain, as 
current models are optimized for prediction and not causal 
understanding.42

Multimodal capabilities also saw significant advances. 
Google’s MedGemma 1.5 incorporates high-​dimensional 
imaging modalities and demonstrates improved interpre-
tation of clinical documents, with substantial gains across 
MRI and pathology classification, anatomical localization, 
and longitudinal x-​ray analysis.43 Open-​source models will 
help the field collaboratively advance capabilities of clinical 
AI models.

Finally, a growing area of interest is to expand clinical AI 
beyond hospital or clinic walls. Multiple multimodal foun-
dation models were developed to synthesize complex sen-
sor data and behavioral data.44,64 Integrating these data 

enables continuous, longitudinal phenotyping beyond 
episodic care, with particular consequence for conditions 
whose progression can be subclinical and therefore invisi-
ble to traditional clinical encounters.

Outlook
The medical field’s relationship to clinical AI shifted over 
the period 2025–2026 from speculative adoption toward 
rigorous evaluation and accountability. Research from 
this period has demonstrated that AI’s success in health 
care does indeed follow a jagged frontier: While carefully 
designed AI systems have achieved measurable improve-
ments in patient outcomes, other studies have unmasked 
real-​world challenges when deploying AI into clinical work-
flows and consumer products. We highlight several urgent 
priorities for the coming year. First, more widespread pro-
spective evaluation of AI’s effect on clinical outcomes is 
needed. Second, the field requires robust tooling, guide-
lines, and regulation for life cycle management of clinical AI 
tools, particularly in the rapidly expanding consumer-​fac-
ing space. Finally, we must better understand and address 
the systemic impacts of clinical AI systems, on medical skill 
retention and development, labor markets, and the envi-
ronment. Nonetheless, we remain optimistic about AI’s 
prospects, given the deep engagement from the clinical AI 
community in advancing and validating the capabilities of 
these systems both inside and outside hospital walls.
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