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AMDIS Lit Review - 2016

Is Your Doctor Getting Too Much Screen Time? e\i":side
Study finds patients are unhappy when do lot of i o

happy when doctors spend a lot of time looking at a computer screen

Transitional Chaos or Enduring Harm? The EHR
and the Disruption of Medicine

Lisa Rosenbaum, M.D.
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y patients losing their doctors to the _—— "With wider use of EHRs, physicians

screen The Burden of Inbox Notifications increasingly receive notificationsiy, test

in Commercial Electronic Health Records results, referrals, messages. The burden was
With wider use of electronic health records (EHRs), physicians real, and growing."

w WLUWE ¢ A IWRUHY # I—”M JAMAI1J U WK increasingly receive notifications via EHR-based inboxes (eg,

makes the notification tax official Epic’s In-Basket and General Electric Centricity’s Documents).
Examples of types of notifications include test results, responses

& toreferrals, requests for medi-
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interoperable apps platform for electronic
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RECEIVED 6 November 2015

Analysis of clinical decision support system REVISED 7 January 2016

) ) ACCEPTED 12 January 2016
malfunctions: a case series and survey
Adam Wright'>", Thu-Trang T. Hickman', Dustin McEvoy®, Skye Aaron’, /\NNI/\ OXFORD
Angela Ai', Jan Marie Andersen’, Salman Hussain'*, Rachel Ramoni®, e . UMIVERSITY PRESS

Julie Fiskio', Dean F. Sittig®, David W. Bates'%*

Slavitt: Meaningful Use is all but dead

Meaningful Use Stage 3 is scheduled to start
as early as 2017, but now it looks like it may

not happen at all.



Ransomware makes healthcare wannacry

What companies need to be do next to protect patient data
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By Ryan Francis
Managing Editor, CSO

JOURNAL OF MEDICAL INTERNET RESEARCH Agboola et al
Original Paper
Cer ner SCOl‘e S VA EHR SYStem Text to Move: A Randomized Controlled Trial of a Text-Messaging
Program to Improve Physical Activity Behaviors in Patients With
contract

Type 2 Diabetes Mellitus

By Rachel Z. Amndt | June 5, 2017

[ ]
Review aD Applied Clinical Informatics 12

Safe Practices for Copy and Paste in
the EHR

Systematic Review, Recommendations, and Novel Model for
Health IT Collaboration

Amy Y. Tsou'-%; Christoph U. Lehmann?; Jeremy Michel'#3; Ronni Solomon’; Lorraine Possanza'; Tejal Gandhi®’



JAMA Internal Medicine | Original Investigation | LESS IS MORE

Effect of a Price Transparency Intervention

in the Electronic Health Record on Clinician Ordering
of Inpatient Laboratory Tests

The PRICE Randomized Clinical Trial

/AMI/

Research and Applications e

Learning from errors: analysis of medication order voiding
in CPOE systems

S

A national survey assessing the number of records

allowed open in electronic health records at hospitals and
ambulatory sites

Jason S Adelman,?® Matthew A Berger,* Amisha Rai,> William L Galanter,’
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arXiv.org > cs > arXiv:1711.05225 Search or Article
(Help | Advanced seard

Computer Science > Computer Vision and Pattern Recognition

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays with Deep Learning

Pranav Rajpurkar, Jeremy Irvin, Kaylie Zhu, Brandon Yang, Hershel Mehta, Tony Duan, Daisy Ding, Aarti Bagul, Curtis Langlotz, Katie Shpanskaya, Matthew P. Lungren,
Andrew Y. Ng
(Submitted on 14 Nov 2017 (v1), last revised 25 Dec 2017 (this version, v3))

We develop an algorithm that can detect pneumonia from chest X-rays at a level exceeding practicing radiologists. Our algorithm, CheXNet, is a 121-layer convolutional neural network
trained on ChestX-ray14, currently the largest publicly available chest X-ray dataset, containing over 100,000 frontal-view X-ray images with 14 diseases. Four practicing academic
radiologists annotate a test set, on which we compare the performance of CheXNet to that of radiologists. We find that CheXNet exceeds average radiologist performance on the F1 metric.
We extend CheXNet to detect all 14 diseases in ChestX-ray14 and achieve state of the art results on all 14 diseases.

Subjects: Computer Vision and Pattern Recognition (cs.CV); Learning (cs.LG), Machine Learning (stat. ML)
Citeas:  arXiv:1711.05225 [cs.CV]
(or arXiv:1711.05225v3 [cs.CV] for this version)
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From: Pranav Rajpurkar [view email]



Figure. Number of Progress Motes With a Given Percentage

Figure. Average characters per ambulatory progress note in U.S. and international health systems.
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Interventions to Reduce the Overuse of Imaging for Pulmonary Embolism: A PPROPRI ATE USE
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AUC = The proper policy name and the sets of criteria
CDS = The unofficial policy name and the interface used to access the sets of criteria




JAMA | Original Investigation

) @ Effect of Restriction of the Number of Concurrently
AMDIS Open Records in an Electronic Health Record

on Wrong-Patient Order Errors
A Randomized Clinical Trial

Jason S. Adelman, MD, MS; Jo R. Applebaum, MPH; Clyde B. Schechter, MD, MA; Matthew A. Berger, MD; Stan H. Reissman, MSW; Raja Th

Restricting the Number of Open Patient Records
in the Electronic Health Record ONC and Joint Commission have

published that they recommend only

Is the Record Half Open or Half Closed? 1 chartto be open, but had no solid

evidence to base that

Robert M. Wachter, MD; Sara G. Murray, MD, MAS; Julia Adler-Milstein, PhD recommendation on.

Cranky comments: detecting clinical decision support
malfunctions through free-text override reasons

Skye Aaron,’ Dustin S McEvoy,” Soumi Ray,'” Thu-Trang T. Hickman,* and

Adam Wright'235 .y




— @ @ Reducing Hospital Toxicity: Impact on Patient L)
AMDIS Outcomes

Richard V. Milani, MD,”" Robert M. Bober, MD,*" Carl J. Lavie, MD,” Jonathan K. Wilt,” Alexander R. Milani,"
Christopher J. White, MD"
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Before leaving Geisinger for Google, Dr. David
Feinberg offered his plan to fix U.S. healthcare

Robert Pearl, M.D. - Wednesday, November 21st, 2018 Print | Email

Detecting middle ear fluid using smartphones

Justin Chan'*', Sharat Rajuz"", Rajalakshmi Nandakumar',
Randall Bly*?, Shyamnath Gollakota'"

Health Information Technology

-
Amazon moves into healthcare: A 2018 timeline °
Alia Paavola - Thursday, December 20th, 2018 Print | Email
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A Smartphone-Based Tool for Rapid, Portable, and . T
Automated Wide-Field Retinal Imaging Weeghone |
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A4 Northwell launches chatbot to boost use of colonoscopy
AMDIS December 3rd, 2019 Lisa Davis

Physicians’ Well-Being Linked To
In-Basket Messages Generated By

Algorithms In Electronic Health
Records

OpenNotes After 7 Years: Patient Experiences With Ongoing
Access to Their Clinicians’ Outpatient Visit Notes

Patients Over Paperwork

We’re putting patients first by reviewing and streamlining our

regulations so we can:



Implementation of Continuous Glucose Monitoring in the Hospital:
Emergent Considerations for Remote Glucose Monitoring During the
COVID-19 Pandemic

Rodolfo J. Galindo, MD'), Grazia Aleppo, MD, David C. Klonoff, MD, more... Show all authors v

First Published June 14, 2020 @ Article Commentary | Find in PubMed M) Check for updates
https://doi.org/10.1177/1932296820932903

29 Open.

Original Investigation | Emergency Medicine

Association of Display of Patient Photographs in the Electronic Health Record
With Wrong-Patient Order Entry Errors

Haojjat Salmasian, MD, PhD, MPH; Bonnie B, Blanchfield, ScD; Kelley Joyce, BS; Kaila Centeio, BA; Gordon B, Schiff, MD; Adam Wright, PhD;
Christopher W. Baugh, MD, MBA; Jeremizah D. Schuur, MD, MHS; David W. Bates, MD; Jason 5, Adelman, MD, MS; Adam B. Landman, MD, MS, MIS, MHS
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Research and Applications

Risk factors associated with medication ordering errors

Joanna Abraham ()=, William L. Galanter™, Daniel Touchette®, Yinglin Xia®,
Katherine J. Holzer', Vania Leu n»ga and Thomas Kannampallil IEIL2



Open Notes in Oncology: Patient versus Oncology
Clinician Views

Liz Salmi 2 = « Zhiyong J. Dong - Bertram Yuh - Jan Walker - Catherine M. DesRoches

Published: October 08, 2020 - DOI: https://doi.org/10.1016/j.ccell.2020.09.016 - FLIRIEEREIIEEETE

Article | Open Access | Published: 19 November 2020

Push Button Population Health: The SMART/HL7 FHIR
Bulk Data Access Application Programming Interface

Kenneth D. Mandl| =], Daniel Gottlieb, Joshua C. Mandel, Vladimir Ignatov, Raheel Sayeed, Grahame
Grieve, James Jones, Alyssa Ellis & Adam Culbertson

CancelRx: a health IT tool to reduce medication
discrepancies in the outpatient setting

Taylor L. Watterson (®," Jamie A Stone,’ Roger Brown,?* Ka Z Xiong,* Anthony
Schiefelbein,? Edmond Ramly,®® Peter Kleinschmidt,® Michael Semanik,* Lauren
Craddock,® Samantha Pitts (®,” Taylor Woodroof,” and Michelle A. Chui’
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PUBLIC HEALTH

Tennessee nurse convicted in lethal drug
error sentenced to three years probation

May 13, 2022 - 4:50 PM ET

Original Investigation | Health Informatics

Association of Hospital Public Quality Reporting With Electronic Health Record
Medication Safety Performance

A. Jay Holmgren, PhD, MHI; David W. Bates, MD, MSc

Assessing the impact of the COVID-19 pandemic on
clinician ambulatory electronic health record use

A. Jay Holmgren', N. Lance Downing?, Mitchell Tang 3, Christopher Sharp?,

Christopher Longhurst', and Robert S. Huckman*
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A qualitative study of provider burnout: do medical
scribes hinder or help?

Sky Corby’, Joan S. Ash?, Vishnu Mohan?, James Becton?, Nicholas Solberg”, Robby
Bergstrom?, Benjamin Orwoll*3, Christopher Hoekstra?, and Jeffrey A. Gold’

Clinician collaboration to improve clinical decision
support: the Clickbusters initiative

Allison B. McCoy (®'?, Elise M. Russo’, Kevin B. Johnson'??3, Bobby Addison?, Neal
Patel’23, Jonathan P. Wanderer'?#, Dara E. Mize'?®°, Jon G. Jackson?, Thomas J.




Comparing Physician and Artificial Intelligence
Chatbot Responses to Patient Questions Posted to a
Public Social Media Forum

John W. Ayers, PhD, MA:; Adam Poliak, PhD3; Mark Dredze, PhD#; et al

Journal of the American Medical Informatics Assaciation, 30(5), 2023, 899-906

https://doi.org/10.1093/jamia/ocad020 /\ M | /\
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Advance Access Publication Date: 20 February 2023
Research and Applications

RESEARCH LETTER

Association Between Billing Patient Portal Messages
as e-Visits and Patient Messaging Volume

Research and Applications

A multi-site randomized trial of a clinical decision support
intervention to improve problem list completeness

Adam Wright "%3*®, Richard Schreiber (%, David W. Bates (@7, Skye Aaron®,
Angela Ai (%, Raja Arul Cholan’, Akshay Desai®, Miguel Divo®, David A. Dorr (®’,
Thu-Trang Hickman®#, Salman Hussain®, Shari Just®, Brian Koh', Stuart Lipsitz®,
Dustin Mcevoy*, Trent Rosenbloom (3'?, Elise Russo’, David Yut-Chee Ting®,
Asli Weitkamp'®, and Dean F. Sittig ("°
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Journal of the American Medical Informatics Association, 29(9), 2022, 1461-1470
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Research and Applications

Using CDS Hooks to increase SMART on FHIR app
utilization: a cluster-randomized trial

Keaton L. Morgan ("2, Polina V. Kukhareva (", Phillip B. Warner’, Jonah Wilkof?,
Meir Snyder?, Devin Horton (»*, Troy Madsen (2 Joseph Habboushe?, and
Kensaku Kawamoto ('

The Association of the First Surge of the COVID-19 Pandemic
with the High- and Low-Value Outpatient Care Delivered =
to Adults in the USA

David M. Levine, MD MPH MA'?®, Lipika Samal, MD MPH', Bridget A. Neville, MPH',
Elisabeth Burdick, MS', Matthew Wien, BS', Jorge A. Rodriguez, MD'?,

Sandya Ganesan, BS', Stephanie C. Blitzer, BA', Nina H. Yuan, SM', Kenney Ng, PhD?,
Yoonyoung Park, ScD®, Amol Rajimane, MD, MBA?,

Gretchen Purcell Jackson, MD, PhD*%, Stuart R. Lipsitz, ScD'?, and David W. Bates,
MD, MSc'?4




Annals of Internal Medicine ORIGINAL RESEARCH

Deep Learning to Estimate Cardiovascular Risk From Chest
Radiographs
A Risk Prediction Study

Jakob Weiss, MD*; Vineet K. Raghu, PhD*; Kaavya Paruchuri, MD; Aniket Zinzuwadia, AB; Pradeep Matarajan, MD, MM5¢;
Hugo J.W.L. Aerts, PhD; and Michael T. Lu, MD, MPH

DATASETS, BENCHMARKS, AND PROTOCOLS

GPT versus Resident Physicians — A Benchmark
Based on Official Board Scores

Uriel Katz ®, M.D.,! Eran Cohen ®, M.D.,%? Eliya Shachar ®, M.D.,2'4J0nathan Somer @, B.Sc.,” Adam Fink ®, M.D.,°
Eli Morse ®, M.D.,” Beki Shreiber ®, B.Sc.,® and Ido Wolf ®, M.D.%3*

Received: October 18, 2023; Revised: January 31, 2024; Accepted: February 5, 2024; Published: April 12, 2024

Original Investigation | Medical Education

An Automated System for Physician Trainee Procedure Logging
via Electronic Health Records

Brian Kwan, MD, MS; Jeffery Engel, BA; Brian Steele, MCM; Leslie Oyama, MD; Christopher A. Longhurst, MD, MS; Robert El-Kareh, MD, MPH;
Michelle Daniel, MD, MHPE; Charles Goldberg, MD, MS; Brian Clay, MD



Original Investigation | Health Informatics

Artificial Intelligence-Generated Draft Replies to Patient Inbox Messages

Patricia Garcia, MD; Stephen P. Ma, MD, PhD; Shreya Shah, MD; Margaret Smith, MBA; Yejin Jeong, BA; Anna Devon-Sand, MPH; Ming Tai-Seale, PhD, MPH;
Kevin Takazawa, BBA; Danyelle Clutter, MBA; Kyle Vogt, BA; Carlene Lugtu, MCiM; Matthew Rojo, MS; Steven Lin, MD; Tait Shanafelt, MD;
Michael A. Pfeffer, MD; Christopher Sharp, MD

Cefepime vs Piperacillin-Tazobactam in Adults Hospitalized With Acute Infection
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Research Letter | Health Informatics

Utility of Artificial Intelligence-Generative Draft Replies to Patient Messages

Eden English, MD; Janelle Laughlin, MD; Jeffrey Sippel, MD, MPH; Matthew DeCamp, MD, PhD; Chen-Tan Lin, MD

Large Language Models Pass the Turing Test

Cameron R. Jones Benjamin K. Bergen
Department of Cognitive Science Department of Cognitive Science
UC San Diego UC San Diego
San Diego, CA 92119 San Diego, CA 92119
cameron@ucsd.edu bkbergen@ucsd. edu

By A. Jay Holmgren, Julia Adler-Milstein, and Nate C. Apathy

Electronic Health Record

Documentation Burden Crowds
Out Health Information Exchange
Use By Primary Care Physicians




Ambient Artificial Intelligence Scribes:
Learnings after 1 Year and over
2.5 Million Uses

Original Investigation | Health Informatics

Secure Messaging Use and Wrong-Patient Ordering Errors
Among Inpatient Clinicians

Original Investigation | Health Informatics

Large Language Model Influence on Diagnostic Reasoning
A Randomized Clinical Trial
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JAMA Network Open - August 2025 - Small, Austrian, O'Donnell et al. - NYU Langone Health

etk | Open. 5

Original Investigation | Health Informatics
Evaluating Hospital Course Summarization by an Electronic Health Record-Based
Large Language Model

Can an EHEmbedded LLM Write a Better
Hospital Course Than Your Residents?

THE PROBLEM

Hospital course notes have becohoager, more redundant, and less

100

Real admissions reviewed
(LOS 48 days, NYU Langone, Dec 2023)

3 |
Time given to residents to edit

each hospital course toward
the 4Cs quality standard

accuratet driven by rising patient complexity, shift handoffs, and copy
forward behavior. They arermajor source of burnouand aknown
patient safety risk.

In December 2023, Epic released an feHRedded LLM hospital course
summarization tool to its customers. This studyusing

real resident physicians, real patients, and real time pressuoreasked:
does it actually help?

15

1>

THE 4Cs STANDARD

Complete
Concise

Cohesive




HOW THEY TESTED IT - WHAT THEY FOUND

THE DESIGN

Epic LLM vs. Physician Draft

Each of 100 admissions had one Ldgdherated and one
physicianwritten hospital course. Residents were blinded to
which was which.

10 min EHR review, 3 min to edit

Simulating real clinical time pressure. 10 IM residents edited
each HC toward the 4Cs standardn random A/B order.

Attending Hospitalist Rating

8 attending hospitalists (no prior study exposure) reviewed
edited pairs and rated each on all four 4Cs dimensions-via 5
point Likert scales.

Editing metrics analyzed

Percentage of text changed, semantic shift (how much the
meaning changed), characters added vs. remavedl|
quantified computationally.

RESULTS

31.5%

LLM HC edited
vs. 44.8% physician
(p<0.001)

ATTENDING RATINGS:
10-pt scale | O =tied | positive = LLM better | negative = physician better

82.3%

More characters added
to physician HCs
(p<0.001)

I Complete +3.0 SD 5.3 p<0.001n

LLM significantly better more consistent structure

I Concise 1 1. 0 sbe1 p=0.20 ns
Not significantt raters widely disagreed (high SD)

I Cohesive +0.7 SD 6.1 p=0.60 ns
Not significantt raters widely disagreed (high SD)

I Confabulationfree T 1. 0 sD35 p=0.002n
Significantt raters agreed LLM had more hallucinations

Event sequencing errors & garbled timelinesontext window limits forced the tool to
summarize summaries of summaries, scrambling the chronological order.

For CMIOs: The LLM writes better summaries but hallucinatesm

QN

residents can't catch it in 3 minutes. Confabulation detection requires

governance, not just workflow adoption.




MedAgentBrief for Hospital Course Summarization: Safety, Use, and

I\/I e d Ag e n t B rl ef Discharge Documentation Burden

Al-Generated Hospital Course Summaries - Stanford Health Care - medRxiv Feb 2026

THE PROBLEM THE STUDY

Discharge summaries are critical for safe handoffget

writing the hospital course is among theost burdensome 384 1 274

tasksin hospital medicine. It fuels 'pajama time,' burnout, ”

and care transition errors. Hospital Al Summaries
Discharges Generated

RETRIEVE SYNTHESIZE DELIVER 1 1 — 1 O WkS

FHIR calls pull g:tr:'r;' z'SerF:trig {SOdNBE SYFAT Tb ';ﬁSp.'t"?‘"St glost'oF‘fCt.'Vg
H&P + progress notes pi%elinge + copyto-Epic button ysiclans llot Perio

TECH STACK
Gemini 2.5 Pro (Google)

Epic Systems Corporation
FHIR API + LangChain on Databricks
HIPAAcompliant MuleSoft email

Grolleau et al. - medRxiv 2026 - Stanford Health Care - AMDIS PCC 2026



Results: Safety & Utilization

LLM: Gemini 2.5 Pro - EHR: Epic - N = 384 discharges

57/% 88% 98%

Utilization Rate No Harm (unedited) Harm Deemed Unlikely
219/ 384 discharges used Al content 1% moderate harm - 0% severe or fatal Physicians rated hl?rr]?k;; unlikely" or ‘extremely

HARM SCALE BREAKDOWN (AHRQ Common Format)
No Harm .7 88%

Mild Harm 11%
Moderate Harm I 1%
Severe / Fatal 0%

BURNOUT BONUS: Physician Work Exhaustion (PFI) dropped 81%om 1.75 to 1.20 (P = .03). The real win may be me

not just minutes.

Grolleau et al. - medRxiv 2026 - Stanford Health Care - AMDIS PCC 2026



Results: Error Profile Deep Dive

Physician feedback on 100 reviewed summaries (40% response rate for utilized cases)

OMISSION

Clinically important info present in the chart was left out of the narrative

Examples:
®w 5A40KINHS LXIFya F2NJ adlofS OKN2
w LyO2YLX SdS Ozy@gSelyOS 2F RAIJy?2
w 5SUFrAfa YSYUuA2ySR odzi y2d 3IA DSyt
discharge)

Most common. Rarely altered immediate managementaught on review.

HALLUCINATION

Q¢ T >
o >

O«

INACCURACY

Factually incorrect info, contradicts the chart, or misrepresents clinical certainty

Fabricated information with no correspondence to anything in the patient's char A reference link pointed to a source note that did not support the statement

Examples:
w LY@SYiSR LINPOSRdAzNE 2NJ (Said yzi
w CAOGAGAZ2dza YSRAOIFIGAZ2Y VYIYS 2N R

w beXistent consultant recommendation cited in summary

I Raret 3-stage agentic verification reduced this from >40% in-gead LLMSs.

LJ

N

2 a

o

Examples:

¢ W {GFGAYy3 + RAF3Iy2ara a O2yFANNSR 6KSy
; LYO2NNBOG GAYAYy3 2F Of AyAOlf S@Syﬁﬁdfc’
w aAladlGdNRGddAiAYI | FAYRAYI (G2 (GKS siNRY:
I Represents grounding failuresmitigated by RAG and verification steps.

WRONG CITATION 0%

Examples:
& w b2yS NFBLR Ndifife cifatjon syskein dvorkedhat idténded

w 9FOK 'L adlFlidSYSyid tAy]1SR RANBOGEfe& G2
w t KearAOAlya 02dd R OSNATFE LINR2GSYlyOS o6 S

I Zero incidents. The citation architecture may be a key safety feature.

Grolleau et al. - medRxiv 2026 - Stanford Health Care - AMDIS PCC 2026



Evaluation of electronic health record-
integrated artificial intelligence

EHRIntegrated Al Chart Review s

Theodore C. Chan', Christopher A. Longhurst®, Karandeep Singh®* & Alan X. You'#

Qualitative Physician Feedback on LLM Note Summarization - UC San Diego Health - npj Health Systems 2026

THE PROBLEM THE STUDY
Note bloat is realnote length has increase@D%over the past
decade. Physicians spender 5 minutesreviewing a single 208 147

chart. Al summarization promises relefbut realworld _
. . Al Summaries FreeText

LLM: OpenAl GRE (March 2023 version) 10 O . 64

Physicians Cohen's Kappa

EHR: [ ive i [
Epic Systems native integration 56 EM -4 Primarz Carez SSubstantiaI Agreementz
Scope: Discharge, ED, & outpatient clinic notes
P g P ANALYSIS METHOD
Limit: 8,192 token context window
Prompt: Single static prompt across all sites Freetext feedback qualitatively coded by 2 expert physician informaticists

usingMAXQDA 2 T g NB® LYyAGALIf O2RAYy3 Ih
second independent coding round. Cohen's Kappa validated substantial

Predeployment QI safety assessment - Test environment with real patient records = .
inter-rater reliability.

AugcSep 2024

Kahl et al. - npj Health Systems 2026 - UC San Diego Health - AMDIS PCC 2026



Results: What Physicians Actually Said

LLM: GP® (Mar 2023) - EHR: Epic - n = 14Adddeedback responses - 221 coded instances

FEEDBACK CATEGORIES (n = 221 coded instances) KEY FINDINGS & REAL EXAMPLES

Positive / Accurate n=71 Omissions > Hallucinations

Missing info (n=46) dwarfs hallucinations (n=5). And it's harder to
catcht you can't notice what isn't there.
{=1"1t would have been good if the summary mentioned she is being

Missing Information

Token Limit Truncation n=27 worked up for a renal transplamt this was in the notes."
Formatting Issues n=23 Token Limits Are a Real Ceiling
8,192 token limit truncated many summaries. Long notes from-note
Confusing Content h=20 bloat ironically break the tool designed to fight ndi®at.
{=7"Token limit restricted summary to only 2 notes, which was very
limiting."

Irrelevant Information
Hallucination: A Patient Safety Signal

Severity substitution is the scariest failure modenrong disease
stage could change management.

>
1

NN

(o)}

Hallucination / Error

Bias n=1 {~7"CARDS visit noted SeveretABl summary said Moderate AS."

133 vs 75 on discrete vendor
feedback - Freext revealed

additional nuance not captured in Al Bias: An Emerging Concern
structured ratings One case: PMDD sympioms omitted despite active medication

changes. May reflect training data bias.

64% Positive 36% Negative

Al chart review is acceptable as a starting painhot a replacement for manual review. Single static prompt + 8K token lifgiis
= avoidable failures. Speciaipecific prompts and larger context windows are the obvious next step.

Kahl et al. - npj Health Systems 2026 - UC San Diego Health - AMDIS PCC 2026



Can GPT -4 Do Your Pre -
Charting?

Feasibility of Automated Precharting Using @Rt New Specialty Referrals | AMIA Stanlard Flealth Care
Proceedings (ENT clinic, single site)

Design

THE PROBLEM: lterative build +

Prechartingr reviewing labs, notes, imaging before a visits one of the most prospective pilot (6 wks)

time-consuming EHR tasks. ENT docs spend 70 min/clinic day in the EHR, 57% i Ppatients

chart review and note writing. 25 e [EINT [efarale
THE APPROACH: (nasal congestion)
Stanford built a GRZ pipeline to autegenerate previsit summaries for new ENT PilotMDs
referrals with nasal congestion answering 6 structured clinical questions from 3 ENT + 2 IM physicians
up to 12 months of EHR data.
THE RESULT: Model

: . : : _ _ Azure OpenAl GPA 32k
95% agreement with physician consensus in retrospective testing. In prospective | (PHicompliant)

pilot, 69¢75% intent to use but only 4249% felt it saved time. The accuracy

was there. The workflow wasn't. Dates

Feb 12¢c Mar 26, 2024



HOW THE PIPELINE WORKED

The GP# Pipeline (Final Design) The 6 Clinical Questions (Iteration 2)

Input EHR notes past 12 months (excl. phone/portal) + Discolored/thick nasal discharge or purulent
all prior HENT CT/MRI imaging reports drainage?
LS CUIRDE |f 32K tokens: presummarize notes >600 tokens
P Facial pressure, headache, or facial pain?

down to 4 sentences (iteratively)

SV UBN GPT4 answers 6 structured Yes/No/Noention

: Y/N/NM
clinical questions about the patient Intranasal steroid use (Flonase, Nasonex, etc.)? -

SMMCICEN  Separately summarize any prior ENT notes in 2
sentences

Nose/sinusrelated imaging results (CT/MRI)?

Output Collated summary delivered to clinician before
the visitt copied manually into note

Was referral placed by an ENT/otolaryngologist?

WA Tested 500, 600, 100@ken thresholds 600
balanced detail vs. processing in 75% of cases

O
a1 W N

Summary of prior ENT notes (2 sentences)?

Context window problem: even a single note can be 57,391 tokens. Aggregate
patient input averaged 27,541 tokemsnearly at the 32k limit.



2%

agreement with
physician consensus

Retrospective test (4 pts)

9%

ENT intent to use
(asis or with edits)

Prospective pilot

2%

felt it saved time
(ENT physicians)

9%

overall intent
to use

The gap that matters All 5 reviewers

The accuracy is there

95% agreement outperforms
physicianphysician intefrater
agreement (8£83%). The tool is
better at finding objective facts
than human reviewers who are
rushed.

The gap is real: use vs. time
savings

75% want to use it, but only 42%
say it saves time. Why? Coepy
paste workflow + they still had to
verify every answer to trust it.
Sound familiar?

Subjective > Objective
backwards

GPT4 was better at objective
findings (imaging results, steroid
use, prior ENT notes) than
subjective symptoms (purulent

discharge, facial pain). Classic ’ sy
LLM pattern. \ o, Sl B
READ'THE WHOLE CHART ulf
matpoom  MANIET 7 WS [mive F X i

Limitations: single site, single specialty, n=25 patients, no external EHR data, manyaastepyorkflowr all addressable iproduction.
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Evaluations

A (Oh and the study is immediately outdated btw)
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Is the doctor better without Al ?



First, Do NOHARM

Measuring Clinical Safety of Li®&&nerated Medical Recommendations -

THE PROBLEM

2/3 of American physicianaow use LLMsl in 5use them for
second opinions. Yet their clinical safety profiles renpaiorly
characterizedt and benchmarks like MedQA don't measure
realworld harm.

NOHARM Numerous Options Harm Assessment for Risk in
Medicine

100 real primary caréo-specialist eConsult cases
10 medical specialties

4,249 management options - 12,747 expert ratings
31 LLMs evaluated + 10 human physicians

Cases drawn from real physicitmphysician eConsults at a tertiary academic center
not stylized vignettes

Harvard / Stanford / UCSF - arXiv 2025

THREE METRICS

SAFETY

Avoidance of harmful recommendations. Sevenggighted using AHRQ
composite scale (Mild / Moderate / Severe).

M I AIKSNI T FSéSNI K¢70vaErdgs mofelsNe NE & wl y ISR

COMPLETENESS

Recommending all necessary actions. Failures = errors of omisstosn
dominant harm type found.

M | dzYly LIKeaAOAlya dzyRSNLISNF2NXYSR | OSNI

RESTRAINT

Avoiding unnecessary recommendations. Key traffemore restraint can
reduce both safety and completeness.

M Ly B3 & mlitiéhship with safety overrestraint becomes dangerous.

Wu, Haredasht et al. - arXiv 2025 - Harvard / Stanford / UCSF - AMDIS PCC 2026



NOHARM: Key Results

31 LLMs - 100 speciahglidated cases - 10 specialties - moktitutional benchmark

22.2% 76.6% 9.7% 8.0%

Severe Harm Potential Errors of Omission Best LLM > Physicians Multi-Agent Gain
Up to 22.2% of cases across 31 LLMs o severeklly har_mfu_l errors not Top model outperformed generalist MDs Diverse 3agent configs beat solo models
allucination on safety
SAFETY SCORE RANGE ACROSS 31 LLMs KEY INSIGHTS FOR CMIOs

Gemini 2.5 Pro (Best) 69.5% Omission is the Dominant Danger

76.6% of severe harms = missed actions, not hallucinations. What the Al

Claude Sonnet 4.5 65% doesn't say is more dangerous than what it fabricates.

GPT5 63% aSRv! [/ fAYAOLt {IFFSGe

Safety correlates only moderately with benchmark scores (r<0.64).

Avg. Physician 60% Acing board questions doesn't prevent harming patients.
GP4o 56% Multi-Agent Diversity = Safer Al
o1 mini (Worst) 46.1% 3 agents from 3 different companies outperformed homogeneous teams.

Model diversity closes blind spots.

Ot Jspedifid bvaluatioh Fe®rié deploym@any AliR cate Warkliaive.

Wu, Haredasht et al. - arXiv 2025 - Harvard / Stanford / UCSF - AMDIS PCC 2026



AgentClinic: When Al Has to Actually Talk to the Patient

{OKYARIAIff SO tftdx yLI 5A3FAGFE aSRAOAYS HAHE26026747 W2KyYya | 2L Aya k { G\

LLMs ace the USMLE (90% vs 60% passing thresholgt)what happens when they have to take a history, order tests, and haruidesad patient
in real time?

e N [ 9 N [ N
Al agents Medical specialties Languages tested
Doctor - Patient - Measurement - Moderator EM - Geriatrics - Psych - Peds - more Incl. Chinese, Hindi, Spanish, Persian
N\ J U J U J

Static QA scores are NOT predictive of interactive clinical performance. MedQA accuracy is only weakly correlated withliAgentC

accuracyt just like USMLE scores are poor predictors of residency performance.

Case Sources
e N\ N\ N\ N
B USMLE/ MedQA B MIMICIV EHR @ NEJM Case Challenges @ Multilingual Cases

MedQA translated to 6 languages;
agents prompted to diagnose in target
language

Deidentified real ICU records from Beth
Israel Deaconess grounded in actual
patient complexity

120 curated expert casas the hardest

Classic boargtyle vignettes converted
diagnostic challenges in medicine

to interactive dialogue format

Opensource benchmark designed to be continually updated as new models release. The leaderboard lives.



Diagnostic accuracy on Diagnostic Accuracy on Diagnostic Accuracy on
AgentClinic-Lang based on language AgentClinic-Spec based on specialty

AgentClinic-MedQA based on agent tools
* * Reflection One-
( cot
French @/

Gynaecology
Orthopaedics

Pediatrics

° . I Adaptive
\ | English = \ W ‘

= _— AgentClinic: a multimodal agent benchmark to evaluate Al
® W)= ‘ag (0" ) <= W insimulated clinical environments
e\ e / & <~/

i

Psychiatry 3
2 Adaptive
Ophthalmology Geriatrics hﬂ

RAG (Web) ~ Notebook LLM backbones Doctor agent Patient agent
E 2 E . .
‘\& ﬁ hi"i - History & QA =
0 (€0

@ cPr3s (@ Lemes7ob @ GPT4 (@ GPT-do-mini (@ GPT-4o Context Biases i 5

Composing an agent Running the AgentClinic

] Claude 35

Compliance?
g Ins 0 Doctor rating?

Symptoms Racism [
& SamuelSchmidgall / AgentClinic ' Public

Prior notes .‘7\‘ Sexism “I need a Chest X-ray PA" Diagnosis / Next steps
=l
<> Code (©) Issues 4 1 Pull requests 1 (® Actions

a
Guidelines é
[ Projects (@ Security and quality |~ Insights .

Measurement agent Moderator agent Standard of care?
¥ main ~ ¥ 1Branch © 0 Tags

B

Q Gotofile <> Code ~ 0 ) 7/ <
Patient Doctor Device Moderator Q

& samuelSchmidgall Update README.md b6570ed - 2 years ago <L) 47 Commits

generate_cases update

2 years ago
media

updated performance plots 2 years ago

https:// agentclinic.github.i6
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Accuracy drops to a fraction of static QA scores when Al must interact with a patient. Reducing interactions from 20 tn46uts
 OOdzNJ Oé AYy KFIfF opH: Th Hpz0®

AgentClinieMedQA Accuracy

OpenBioLLNM 0B _ 58.3%
Human Physicians _ 54%
Mixtral-8x7B - 37.1%

GPT4o - 34.2%

Note: Human physicians = 54988.51 wide variance

Key Findings

s _ N
Notebook Tool = 92% Lift
Llama3 improves 92% relatively with a persistent note tool. Experiential learning
across cases is a massive differentiatonot all models benefit equally

S J

T _ N
Bias Tanks Compliance
Implicit biases (gender, education) don't just reduce accuratigey destroy patient
perception scores: confidence, compliance, folopvconsultation ratings

S Y,

s N
Claude3.5 Leads Overall
Claude3.5 tops the leaderboard at 62.1% (MedQA) and 42.9% (MNQIGP®

L excels specifically on Reflection CoT. No model dominates all tools )

s N
MIMIC-IV Harder
Real EHR cases are tougher: Claude drops from 62% to 43%fiGRiT52% to 34%.
Realworld complexity is not captured by boastyle benchmarks

& J

CMIO Take: Your Al vendor's benchmark score means nothing if it can't gather a history. AgentClinic reveals thattthashkbility right question at the right timet
under pressure and bias is where current Al separates. Before deploying diagnostic Al, test it in dialogue, not multipge choic

¢



Science - April 30, 2026 - Brodeur, Buckley, Kanjee, Goh et al. - Beth Israel Deaconess / Harvard / Stanford

Has Al Eclipsed
the Physician?

LLM Outperforms Hundreds of Physicians Across
Six Experiments Including Real ER Patients

WHY THIS IS A BIG DEAL

In 1959, Ledley & Lusted publishedhrs same journakrguing that
complex cases should be the gold standard for evaluating Al in
medicine. That standard held for 65 years.

This paper, also in
Sciencesays the era of chasing physician performanceés. Al has
won the race.

89%

01 management score
vs. 34% for physicians
with conventional resources

REAL PATIENTS

76 random ER patients
Beth Israel Deaconess Boston
Blinded attending physician raters

D
—

Al identified correct diagnosis more often than eith
attending physician at every triage touchpoint




HOW THEY TESTED IT - SIX EXPERIMENTS, HUNDREDS OF PHYSICIANS

MODEL:

SIX EXPERIMENTS

NEJM Clinicopathological Cases

143 published CPGs gold standard since 1950s. Two blinded
physicians scored egpreview's differential quality.

NEJM Healer Cases

80 complex cases; measured ‘carumoiss' diagnosis
iIdentification vs. attending and resident physician baselines.
Grey Matters Management

5 vignettes scored by expert panel; compared 0l vs. physicians
with/without Al and conventional resources.

OpenAl olpreview / 01 1 advanced reasoning (“thinking") model. Prompts matched real physician task franmog
simplified QA. Physician baselines: hundreds of attendings and residents across multiple institutions.

Landmark Diagnostic Cases

6 neverpublicly-released vignettes from a landmark 1970s
computerdx studyt never published to prevent memorization.
Real ER Patients Beth Israel Deaconess

76 consecutive random patients; 3 touchpoints: initial triage, ER
physician, and ICU/floor admission. Raters blinded.

Blinding Validity Check

Physician raters asked to guess Al vs. human origin. Success|rate
3¢15%t effectively chance. Blinding held.



THE RESULTS 1T ALSO PUNCHY DECLARATIVE CLAUDE STATEMENTS!!!

EXPERIMENT SCORECARD

NEJM CPQGs correct Dx in differential

Best prior model: ~60%

Healer cases top performance

Attendings 28/80 | Residents 16/72

Physicians + conventional resources: 34%

ER triaga exact/close Dx (initial)

Attending 1: 55.3% | Attending 2: 50.0%
ER physician touchpoint
Attending 1: 61.8% | Attending 2: 52.6%

At admission (most clinical data)

Attending 1: 78.9% | Attending 2: 69.7%

I Grey Matters management score

78.3%

47/80

89%

67.1%

72.4%

81.6%

WHAT CMIOs SHOULD DO WITH THIS

The benchmark era is over

We can no longer govern Al deployment by asking 'does it pass a test?'
T itdoes. The question now: does it help the right patient safely?

Prospective trials are urgently needed

The authors call this out explicitly. Remdrld deployment requires IRB
supervised prospective studies CMIOs should be designing these
now.

Triage is where Al has the biggest edge

Advantage was most pronounced at initial triayeeast information,
highest urgency. That's exactly where physician cognitive load peaks.

Hallucinations are no longer the main risk

Blinding heldr raters couldn't tell Al from human. Automation bias
and overreliance are now the primary patient safety concerns.



The Headlines vs. The Reality
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Headlines pitted o1's fulhote result (74%) against physicians at triage (52%apples to oranges. Matched at the same touchpb
the gap nearly closes: 74% vs 72% at admission.

What the Press Said What Critics Said
Forbes (Pines, 2026) Only 2 Physicians
"Did Al really beat ER doctors at DiagnosisAsks us to pump the brakes. Only 2 Effect could disappear with a larger, experienced comparison grok/
physicians tested, no imaging, textly inputs specialists vs. hospitalists matters
Fortune No Images, No Exam
"We're already at the ceilingt’ Al may be approaching limits of what texdsed ER diagnosis without auscultation, palpation, or imaging interpretation is a
diagnosis can achieve fundamentally different task
Nature Real != Messy Enough
"How good are Al doctors and will they take over medicine?" Framed the Even 'real' cases were filtered through documentation. Intoxicated patients,
study as milestone, not verdict language barriers not tested

Pal - A
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JAMA Dermatology - 2025 - Anriot et al. - Munstitutional

Al Dermatology:
Not As Good As
Advertised

Limits of Al Models for Skin Cancer Diagnosis in Realistic Clinical Settings

THE STUDY

Prospective multiinstitutional diagnostic study (20282025).Each of 652
physicians read 100 stratified, randomly selected casesme dataset as the Al
models.

Common lesionsmelanoma, BCC, SCC/actinic keratosis, nevus, seborrheic
keratosis, dermatofibroma, angioma

Rare/atypical:amelanotic melanoma, Merkel cell carcinoma, acral melanoma
the cases prior Al benchmarks quietly excluded

WHY THIS MATTERS

The 'Al beats dermatologists' headline was always from controlled settings. This is
what happens when you test in the real world.

1,117

Realworld skin lesion cases
(clinical + dermoscopic + metadata)

652

Physicians tested
(<1 yr to >10 yrs experience)

3 Al Models
Head -to -Head

CNN (ResNet50) - PanDerm Unimodal
PanDerm Multimodal (2M+ training images)




EXPERIENCE MATTERS o AND SO DOES WHICH METRIC YOU PICK

MULTICLASS ACCURACY BY EXPERIENCE LEVEL WHERE Al ACTUALLY HELPS

10 yro) I % Al as 'Virtual Mentor' for Novices
3¢10 yrs _ 68% Multimodal Al outperformed physicians with <1 yr experience hy

+7.2 percentage points (p<0.001). For the least experienced

PanDerm 66% clinicians, Al meaningfully improves accuracy.
Multimodal

Ao I
(all) Experts Still Win on What Counts
1¢3 yrs _ 63% Physicians with >10 yrs outperformed both Al models on

multiclass accuracy (74%) and sensitivity (77%). The hardest,

PanDerm

Unimodal 63% rarest cases still require human expertise.
<1y [ oo
CNN 570 _ a0 . . L
(ResNet50) 0 PanDerm Multimodal: 97% specificity but only47% sensitivity.

It barely missed cancers worse than a coin flip. High specificity,
Il cxpert physician B other physicians Al model not the same as clinically safe.




Your $699/Year Clinical Al STUDY swAaPsHOT
Tool Lost to Google Search.

GeneralPurpose LLMs Outperform Specialized Clinical Al Tools on Medical Benchmarks | Naty + 17 institutions
Medicine 2026

THE PROBLEM: 3-stage comparative

- _ _ _ benchmark study
Specialized clinical Al tools (OpenEvidence, UpToDate Expert Al) are entering

practice at scale without independent evaluation. Do they actually outperform AP Gemini 3.1 Pro
generalpurpose LLMsS? Claude Opus 4.6 vs.

OpenEvidence,

THE APPROACH: UpToDate Expert Al

NYU/NYLangone team tested 5 models across 3 benchmarks: 500 MedQA items N
500 HealthBench items, and 100 real physician queries from live clinical 12885' phySt'C;?”S
deploymentt blind-reviewed by 12 US clinicians (1,800 annotations). Baadalle Sl

General'purpose large l anguage models Nature Medicine, 2026

outperform specialized clinical Al toolson
medical benchmarks







