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MODEL EVIDENCE

STAGE 1

1. BENCH CAPABILITY

Can the model perform
the task?

REAL-WORLD
SAMPLED DATA
Vishwanath et al., 2026

I

SYNTHETIC DATA
Arora et al,, 2025

=] Y

GREATER
CLINICAL
GROUNDING

SN

SYSTEM EVIDENCE

2. EXTERNAL VALIDATION 3. CLINICAL-TASK 4. STEALTH OBSERVATIONAL
Does performance travel EVALUATION ‘ STUDY
across sites, time, Does,:‘t helf;‘ cl{nicliagf perform (SILENT DEPLOYMENT)
et M | s Wil it operate safely here

before influencing care?

Reader studies « simulated cases *
virtual workflows
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El BDI
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LATENCY DRIFT FAILURES

ALERT |
VOLUME l

\ Tschand et al., 2020 « Goh et a., 2024

Zech et al., 2018 « Wong et al., 2021 Kwong et al., 2022 « Corbin et al., 2023

\

MODEL BEHAVIOR

>> OPERATIONAL TRIGGER >> CLINICIAN ATTENTION > CLIN

STAGE 4 STAGE 5

PATIENT-BENEFIT EVIDENCE

STAGE 6

5. COHORT TRIAL 6. PRAGMATIC
ETROSPECTIVE OR PROSPECTIVE «
. REEAL nmov?asrfr X RANDOMIZED TRIAL
Does the deployed Does the care policy

model-workflow bundle
change care?

improve patient outcomes?

Adams et al., 2022 « Nahass et al., 2026

Eﬁa

CARE POLIC‘I A

CARE POLICY B |

Linetal., 2024 + Agweyu et al., 2026

ICAL ACTION

PATIENT OUTCOME >

CLINICAL BENEFIT

MODEL x THRESHOLD x INTERFACE x WORKFLOW x RESPONSE CAPACITY
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First, a reality check on
the present state of Al in
medicine



Past or Present?
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0148-396X/90/2705-0837$02.00/0
NEUROSURGERY Vol. 27. No. 5. 1990
Copyright © 1990 by the Congress of Neurological Surgeons Printed in US.A

Technical note

X

o

‘Computer-Aided Intelligence: Application of an Expert System
to Brachial Plexus Injuries

Wink S. Fisher 111, M.D.

Department of Neurosurgery, Naval Hospital Bethesda. Bethesda, Maryland

When confronted with a patient with a brachial plexus injury, how often as neurosurgeons do we consult an atlas to
confirm the anatomy of the brachial plexus and then attempt to establish the location of the lesion? Similar difficulties
are encountered with lumbar and sacral plexus lesions. In a project organized to assist the neurosurgeon in this time-
consuming task, a computer program that can rapidly determine the site of a lesion in a brachial. lumbar, or sacral
plexus injury was created. Using known anatomical pathways (37 clinically relevant upper and 20 lower extremity
muscle innervations), and relying solely upon the neurological motor examination, rapid computer-assisted diagnosis is
possible. When more than one final common pathway lesion occurs (for example, multiple root avulsions of the brachial
plexus), possible lesion sites can be obtained. An interactive dialogue between the user and the program helps to
determine the location of the lesion. The program can be run on any IBM-compatible personal computer and is
presented as an instrument that provides assistance in cases of complex peripheral nerve injuries. when expert consultants
are unavailable. In addition, it can be used as an aid to learning and as a review of basic neuroanatomy. (Neurosurgery
27:837-843, 1990)

Key words: Artificial intelligence, Brachial plexus, Computer application. Expert system, Nerve injury



Past or Present?

Computer assisted diagnosis
Using a Chatbot

Interpretable feedback

... focus on augmented intelligence

If it said “ChatGPT” this paper could have
been written yesterday.

It describes all of the current trends in
modern Medical Al research.

Physicians have been doing medical Al

with chatbots for over 30 years.
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You did not select the following muscle to be weak. Is it?
SUPINATOR

y

You did not select the following muscle to be weak. Is it?
TRICEPS ‘

y

You did not select the following muscle to be weak. Is it?
DELTOID

Yy

You did not select the following muscle to be weak. Is it?
TERES MAJOR

¥

You did not select the following muscle to be weak. Is it?
LATISSIMUS DORSI

TYPE EITHER °Y® OR "N° TO ANSWER TYPE *?° FOR EXPLANATION

Hypothetical list of lesion sites - distal to proximal:

radial nerve level of the brachioradialis..100% cf level
radial nerve level of the triceps..100% cf level
posterior cord..100% cf level

| Most proximal hypothetical list of lesion site(s) after answering questions:
|
| posterior cord..100% cf level

PRESS ANY KEY TO CONTINUE OR *?" FOR EXPLANATION

M= Your original muscie choices i

EXT. INDICES EXT.POLL.BREV. EXT.POLL.LONG.
ABD.POLL.LONG. EXT DIGITORUM EXT.CARPI ULN.
BRACHIORADIALIS EXT.CARPI RADLONG.

Total lesion site possibilities include (distal to proximal):
radial nerve level ofthe brachioradialis

radial nerve level of the triceps

posterior cord

|At the present, we are starting as though the most proximal lesion is at:
radial nerve level of the triceps

DIALOG BOX
By asking if the LATISSIMUS DORS| is weak it may possible to move
to the next proximal lesion site. Now is the following muscle weak?
LATISSIMUS DORSI

TYPE EITHER “Y® OR 'N* TO ANSWER TYPE *?" FOR EXPLANATION
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A published textbook. A predicting LLM.

BOOK - STATIC AT USE LLM - STOCHASTIC AT USE

+ Same words for every reader + Sampled from prompt, context + model version
» Expert-curated; edition + citations visible » Mega-corpus; provenance often diffuse

* Revised in discrete cycles  Shifts with checkpoint, retrieval + deployment
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Defining clinically
relevant hypotheses



Sully Chen

nature medicine
Large language models in clinical medicine: an
LLM-powered large-scale systematic review

Sully F. Chen, Anton Alyakin, Andreas Seas, Eunice Yang, Joanne J. Choi,
Jin Vivian Lee, Amelia Chen, Pranav Warman, Rochelle Bitolas, Robert J.

Steele, Daniel Alber, Eric K. Oermann

N
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The reality of our field (artificial intelligence)...

Since 2020, ~5,000 papers published on just LLMs in Medicine
Majority test on multiple choice medical exams

21 studies generated actual medical evidence
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C

LLM’s are less
impressive
when
compared
against
attendings
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scientific reports

Explore content v  About the journal v  Publish with us v

Shrutika Singh

nature > scientific reports » articles > article

Article = Open access Published: 26 November 2025
The pitfalls of multiple-choice questions in generative
Al and medical education

Shrutika Singh &, Anton Alyakin, Daniel Alexander Alber, Jaden Stryker, Ai Phuong_S. Tong, Karl

Sangwon, Nicolas Goff, Mathew De La Paz, Miguel Hernandez-Rovira, Ki Yun Park, Eric Claude Leuthardt

& Eric Karl Oermann &

Scientific Reports 15, Article number: 42096 (2025) ‘ Cite this article
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Does it even make sense to use medical exams in
modern era?

Comparative Performance of LLMs on the FreeMedQA:
Multiple Choice v. Free Response

100

DMcQ BFRQ

. 86.75

78.85

Accuracy

A~
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GPT-4o GPT-3.5 Llama-3-70B Human
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Does it even make sense to use medical exams in
modern era?

LLM Performance on FreeMedQA with Increasing Masking:
Multiple-Choice vs. Free Response

100

90

(1) Memorized
in training
data?

(2) Exploiting

prior in
answer Chance
distribution?
||
A~ 0
QY/UHLeaaI}ﬁ?ne ’ ® Percentage ofs"l(']okens Masked 75 1%

16 NYU Langone Health —e—GPT-40 MC — = ~GPT-40 FR —&— GPT-3.5 MC GPT-35FR —e&— Llama-3-70B MC Llama-3-708 FR



Base Rate Fallacy in Prior Distribution

Article

Towards conversational diagnostic artificial

intelligence

htps://doi.org/10: 025-088667

Received: 18 January 2024
Accepted: 5 March 2025

Published online: 9 April 2025

Open access

Tao Tu™*=, Mil ', Anil Palepu'?, Khaled Saab', Jan Freyberg',

Ryutaro Tanno?, Amy Wang', Brenna Li', Mohamed Amin', Yong Cheng?, Elahe Vedadi',

Nenad Tomasev’, Shekoofeh Azizi?, Karan Singhal’, Le Hou', Albert Webson”, Kavita Kulkarni',
S. Sara Mahdavi?, Christopher Semturs’, Juraj Gottweis', Joelle Barral’, Katherine Chou',
Greg 5. Corrado', Yossi Matias', Alan 45 & Vivek e

« More real world — FRQ with
multi-turn dialogue...

* Is this an Al physician?

» Chatbot actually chats with
patients to arrive at a
diagnosis!

« Compared to real doctors using

professional actors.

A~
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Ouiter self-play l Auto-evaluation “

Patient agent Moderator Doctor agent : © Medical reasoning : Analyse
= : : context
® =Y & :
: Long-form : l
T l Inner self-play T : : medical QA :
E=! = B : Medical [ AMIE . Generate
= =9 : summarization : response
Vignette Simulated Critic :
generator dialogue _ H l
B B Real-world dialogue :
: Refine
Simulated dialogue - response
Simulated dialogue generatr U 'D‘ al a‘ """""" Fine-tuning Inference
reasoning chain
AMIE system design
Top-3 diagnostic | Patient’s confidence
accuracy L \ in care
/ : N
H N
/ : N,
PCP Management / H %\ Percaived openness
plan ¢ | '+ and honesty
N ! /
: AR e a4
: [ — Randomized i 4
© Patient-  Scenario : \, i PGP
actor pack h i =
T Escalahon. T Empathy Al AMIE
Al AMIE recommendation :
Simulated patient Text conversation :
1
H
Specialist physician Patient-actor
perspective H perspective
AMIE outperforms PCPs on
Randomized study design for remote OSCE multiple evaluation axes for diagnostic dialogue



Base Rate Fallacy in Prior Distribution

But what about the distribution of priors?

Better than doctors...
But really?

Massive prior shift b/c not really
being used in production and
the synthetic problem setup is
wrong.

— 159 simulated case scenarios
(OSCE)

149 positive cases
10 negative cases

—_ p(disease_test) = 0.94 !
NYULangone

Health

a 490 -

Accuracy (%)

95 —

90

85

80

75 —

70

65 —

60



Base Rate Fallacy in Prior Distribution

Table SI.10 | Neurology scenarios (N=30).

Neurological: most common dx in
primary care are headaches, back
pain, and sleep disorders.

— Eval dataset distributions:
« Low back pain: 0%
- Headache disorders: 13%
- GCA:6.6%

Real world distributions:

- Low back pain: 28%
« Headache disorders: 16%
« GCA:0.01%

Location

Ground truth

Canada

Alzheimer’s dementia

Cluster headache

Delirium tremans

Essential Tremor

Giant cell arteritis on background of polymyalgia rheumatica
Hemorrhagic stroke

Meningitis

Migraine

Migraine

Multiple sclerosis with optic neuritis

Optic neuritis which can be associated with multiple sclerosis
Parkinson’s disease

Space occupying lesion (brain tumour)

Temporal arteritis +/- Polymyalgia rheumatica

Trigeminal neuralgia

India

Carpal tunnel syndrome
Cavernous sinus thrombosis
Dermatomyositis

Dystonia

Lead neuropathy

Migraine

Myasthenia gravis
Neurocysticercosis

Optic neuritis

Parkinson’s disease
Posterior reversible encephalopathy syndrome (PRES)

Is this a model that does great on rare diseases?

Tabes dorsalis
Transient ischemic attack

/NYU\ Or a model that will have an unacceptable false positive rate in Trigeminal Neuralgia

Langone Wernicke’s encephalopathy
?
\__Heaith _ the real world?



Independent
Assessment



A benchmark tests a
model.

A clinical study tests a
medical tool.



Real World Queries...

« Two clinical Al tools already in your practice — OpenEvidence and UpToDate Expert Al

* Against three frontier models: GPT-5.2, Gemini 3.1 Pro, Claude Opus 4.6

* Independent.

N
NYULangone
Health

Brief Communication https://doi.org/10,1038/541591-026-04431-5

General-purposelarge language models
outperformspecialized clinical Altoolson
medical benchmarks

Received: 1December 2025 Krithik Vishwanath®'** -, Anton Alyakin*®, Mrigayu Ghosh ®®’, AliHage®,
Sean N. Neifert', Cordelia Orillac', Nataniel J. Mandelberg', Hammad A. Khan',
Jin Vivian Lee ®'*%, Jie J. Yao®, William Robert Small®'*""2, Aakaash Varma'",
Published online: 12 June 2026 D. Brock Hewitt's, Yindalon Aphinyanaphongs®'%'¢, Daniel Alexander Alber®" &
Eric Karl Oermann ®'5"18%

Accepted: 29 April 2026

M Check for updates

NYU Langone Neurosurgery
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Three stages, each one harder to game
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Models evaluated

Frontier LLMs

OpenAl

GPT-5.2

Three-stage evaluation

500 items

Google DeepMind

®

Gemini 3.1 Pro

c:-:t API Commercial clinical LLMs

Anthropic OpenEvidence Inc. Wolters Kluwer

Ak Y \J)

Opus 4.6 OpenEvidence UpToDate Al

Medical knowledge

USMLE-style - Multiple-choice

‘ E MedQA

MedQA + HealthBench

Scoring

aIa LLM-as-judge

GPT-5.2
OpenAl

. HealthBench

O RCQ

500 items Physician alignment

Single-turn - Free response - OpenAl

l Combined 1,000-item public mini-benchmark + independent private gold-standard benchmark

Cross-model meta-evaluation

Gemini 3.1 Pro
Google

Rounded mean consensus scoring

=1

100 items

Embedded Al system

Google Search

®

Google Al Overview

—

Real-world queries

Physician queries during routine care

| RCQ

Q Blinded physician review

Opus 4.6
[ ]

Anthropic

3 independent blinded reviews per model response
Total of 1,800 manual physician annotations

il Clinical rubric

Accuracy

Safety Completeness Clarity Harm (Y/N)

Hallucination (Y/N)

‘osurgery

23



The stage that counts: real clinical queries (RCQ)

* 100 de-identified queries physicians actually sent our HIPAA-compliant instance

+ Six systems answered each one; 12 US clinicians scored them blinded to model identity
* Three independent raters per response — 1,800 annotations, 1,704 after refusals

* Four dimensions plus binary harm and hallucination flags; refusals verified by hand

* Friedman — Nemenyi, Holm—Bonferroni throughout, cumulative link models with rater fixed effects

Y
NYU Langone NYU Langone Neurosurgery 24
\,Health



Two tiers — the clinical tools are in the second
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MedQA accuracy (%)

M Gemini 3.1 Pro
w00 @
97.4%
94.2%
95
90.2%
89.6% C
88.4%
90 A
85
8o L —
o @
Q¢ W &
~ e @ e}
. '\rb Q OQ\) Ky *\-Q
& & <
& F S
© & O &
R

W GPT-5.2

M Claude Opus 4.6

b

HealthBench score (%)

100

90 +

80 H

70

60

W OpenEvidence

71.0%
o}
62.6  g13%

M UpToDate Expert Al

[+

RCQ mean aggregate (1-4)

W Google Al Overview

4.0+
a
3.62 a
354 352
3.5
b
3.27
3.7
) I I I
25 -
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& & ©
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éo‘ 5 Qe}‘ 52 N
[© o (¢} .\OQ N
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What does this really say?

* Frontier models took the top tier on all three stages; clinical tools took the second

* Physicians at an academic medical center in Manhattan from Neurosurgery, Dermatoloqy,
Orthopedics, and Internal Medicine at the inpatient point of care rated frontier models as
being superior.

¢ Distributions matter...

+ It's likely that some models are better for certain tasks and certain populations

A~

NYU Langone NYU Langone Neurosurgery
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MODEL EVIDENCE

STAGE 1

1. BENCH CAPABILITY

Can the model perform
the task?

REAL-WORLD
SAMPLED DATA
Vishwanath et al., 2026

I

SYNTHETIC DATA
Arora et al,, 2025

=] Y

GREATER
CLINICAL
GROUNDING

SN

2. EXTERNAL VALIDATION

Does performance travel
across sites, time,
and subgroups?

Eni]

llm

Zechetal,, 2018 « Wong et al., 2021

SYSTEM EVIDENCE

STAGE 3 |

3. CLINICAL-TASK
EVALUATION ‘

Does it help clinicians perform
the task—including in
simulated environments?

Reader studies « simulated cases *
virtual workflows

| Tschandl et al., 2020 + Goh et al., 2024

\

4. STEALTH OBSERVATIONAL
STUDY
(SILENT DEPLOYMENT)

Will it operate safely here
before influencing care?

o
an E\

[H]
ooleoe
Gl

(

&l A

LATENCY DRIFT FAILURES

ALERT |
VOLUME l

Kwong et al., 2022 « Corbin et al., 2023

PATIENT-BENEFIT EVIDENCE

STAGE 5

5. COHORT TRIAL
RETROSPECTIVE OR PROSPECTIVE *
REAL DEPLOYMENT

Does the deployed
model-workflow bundle
change care?

Adams et al., 2022 « Nahass et al., 2026

STAGE 6

6. PRAGMATIC
RANDOMIZED TRIAL

Does the care policy
improve patient outcomes?

Eﬁa

CARE POLIC‘I A

CARE POLICY B |

Linetal., 2024 + Agweyu et al., 2026

MODEL BEHAVIOR >> OPERATIONAL TRIGGER >> CLINICIAN ATTENTION > CLINICAL ACTION PATIENT OUTCOME >
[ CLINICAL BENEFIT = MODEL x THRESHOLD x INTERFACE x WORKFLOW x RESPONSE CAPACITY

|
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Clinical chatbot integrated into care
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Step 1

Clinician selects Al Consult in the
EMR and chooses the type of
prompt.

Step 2

Current visit ElSave & Print  Billing Send to

Al CONSULT

Tasks Recalls  More Q Al Consult

Task:

Select l v
Request

o

Comprehensive Consult
How’s my documentation?
Management Plan
Summarised Consult

Response

Al Consult tool combines prompt
with EMR data to produce
diagnostic and management
suggestions.

Step 3

Task: Comprehensive Consult v

Request

Age: 36y

Gender: Female

Vitals:

SPO2: 94, BMI: 125.00, Weight: 80, Height: 80,
Blood Pressure: 139/90, Temperature: 34,
Respiratory Rate: 11, Pulse: 66

Chief complaints:

Headache: duration: 4; Severity: medium
Fever: Durations 4, Severity medium

Clinician reviews the Al output,
refines as needed and accepts or
rejects the recommendations.

Response

**Diagnoses:**

** Primary:** Migraine headache (based on
generalized headache, sensitivity to light, and
pain relieved by painkillers)

**Critical:** Possible bacterial meningitis
(indicated by severe headache, fever, stiff neck,
and nausea/vomiting)

**Additional Questions:**
i..Hac\’re you experienced any recent infections or
ear

Was this helpful? Iﬁ @

Interaction controls: buttons for rating the

helpfulness of the recommendations provided.

NYU Langone Neurosurgery
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Clinical chatbot integrated into care

Initial documentation Al Consult response: @ Final documentation

1 History and Clinical Notes (15 lines)

Investigations conducted:

Stool Microscopy:

* Consistency: Liquid/Loose

* Blood (Gross Appearance): Absent
* Mucous: Present

*RBC's (Microscopy): None

* Parasites: No Ova/Cyst

* Crystals -- Amount: None

* Crystals -- Type: None

Impression and Plan
GASTROENTERITIS
RX oral hydration with ORS.

Reasoning:

The treatment involves metronidazole, which is not
indicated in uncomplicated gastroenteritis with no
identified protozoal infection. This could lead to

unnecessary exposure to antibiotics.

Recommendations:

Discontinue metronidazole as there is no evidence
of protozoan infection. Focus on continued oral
rehydration with ORS and administer zinc
supplements as planned. Monitor the child's
hydration and general condition, and educate

the caregiver on signs of dehydration requiring

medical attention.

1 History and Clinical Notes (15 lines)

Investigations conducted:

Stool Microscopy:

* Consistency: Liquid/Loose

* Blood (Gross Appearance): Absent
* Mucous: Present

* RBC's (Microscopy): None

* Parasites: No Ova/Cyst

* Crystals -- Amount: None

* Crystals -- Type: None

Impression and Plan
GASTROENTERITIS
RX oral hydration with ORS.

Continue with own zinc tablets 20 milligram OD for Continue with own zinc tablets 20 milligram OD for
10 days. 10 days.
<METRONIDAZOLE PRESCRIPTION REMOVED>

Continue with ORS 115 mls after every loose stool.

Metronidazole susp 100ml dosage: 5 ml, 3 times a
day, after food for 5 days, Quantity 1.

Oral Rehydration Salt Sachets dosage: 1sachet, 1 Mother advised to continue breastfeeding
time a day, as directed for 3 days, Quantity 3. the baby.

Changes made after Al consult

Contribute to Al consult response Key Al consult findings

~
NYU Langone NYU Langone Neurosurgery 30
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Routine-care evidence from a pragmatic Ql stud

Start (Jan 30) Main study begins (Mar 1) End (Apr 18)
Non-Al group No CDSS
Jan 30 Feb 13 Feb 27 Mar 13 Mar 27 Apr 10
N
NYULangone NYU Langone Neurosurgery 31
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Al assistance reduced chart-reviewed errors

across four domains
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60%

5]
3
=

40%

30%

20%

% of visits with clinical errors for category

10%

0%

mmm Non-Al
Al

History

*

Investigations

*kk

Diagnosis

Treatment

NYU Langone Neurosurgery
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The larger signal arrived with active
implementation

60%

Group
—&— Non-Al

50% - Al
=]
L 40%
g
&
<
«n 30%
=
4
>
kS,
< 20%

10%

0% Induction period Active deployment

(o]

Jan 28 Feb 04 Feb 11 Feb 18 Feb 25 Mar 04 Mar 11 Mar 18 Mar 25 Apr 01 Apr 08 Apr 15

2025 2025 2025 2025 2025 2025 2025 2025 2025 2025 2025 2025
N
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The cohort study established process benefit

WHAT IT ESTABLISHED

» Use inside routine clinical work

* Nearly 40,000 visits across 15 clinics

* Independent review of 5,666 charts

» Fewer errors across four domains

* An implementation-sensitive mechanism

NYUL
angone
\, Health

WHAT REMAINED OPEN

* No randomized causal contrast

» Evolving prompts and workflow

* Fair interrater reliability

» Limited patient follow-up

* No demonstrated change in recovery or harm

34



PENDA - THE CLUSTER-
RANDOMIZED TEST



The same tool class was tested across 16 facilities

Clinical officer/clusters recruited (n = 103)

Patients screened for eligibility
(n =17,626)

Excluded: did not
l———————— meet eligibility

criteria (n = 6,713)

Patients who met eligibility criteria
(n=10,913)

Excluded: declined
consent (n =322)

Patients consented and eligible for
inclusion in ITT analysis

(n =10,591)
Intervention arm (52 clinical L X Control arm (51 clinical
officers): patients seen by Excluded: protocol deviations (n = 889 patients) officers): patients seen by
clinicians (n = 4,888) « Failed linkage to EMR (n = 13 patients) clinicians (n = 4,814)
« Mixed study arm consultations* (n = 306 patients)
= Unconsented clinical officers (n = 570 patients)
Withdrawn (n = 4 patients) Withdrawn (n = 6 galz:;i'g‘;v&f?; 7
—> Lost to follow-up (n = 61 patients) -
patients) Lost to follow-up (n = 29
Lost to follow-up (n =12 patients)
patients)
Multiple clinical ¥ Multiple clinical
— officers** (n =130 officers** (n =124 -
/ N patients) patients)
NYU Langone : Langone Neurosurgery 36
\ Health Analyzed (n = 4,693 patients N . . i . . Analyzed (n = 4,654
attended to by 52 clinical ansultatlons in which patients were attended by clinical attended to by 51 clinical
officers/clusters) officers from both allocation arms officers/clusters)

**Consultations in which patients were attended by multiple
clinical officers within the same allocation arm.



Randomization replicated
the process-quality gains

A~
NYULangone
\, Health

a Quality of the final clinical documentation among control and LLM-assisted consultations by doemain

The documentation
was comprehensive

The recorded treatment plan
was appropriate

The recorded diagnosis
was appropriate

Rating

100% -
B Strongly agree
W Agree
75% - W Neutral
[ Disagree
50% | B Strongly disagree
25% +
0% - — ——
Control Intervention Control Intervention Control Intervention
Study arm

b Clinical safety and clinical officer adherence to LLM recommendations

Yes 180
Yes
\ 86
18
G
Partially
487
No
Acceptable
/ // No 214
. Neutral ( jnéym priate)

| 3 Scrr_n_k_x_l,#usaffor i_napproprb‘le
A
Assessment of Did the clinician adhere Did the expert panel deem
LLM advice to the LLM’s advice? the clinician’s adherence

decision to be justified?



Patient effects varied across sites

1 1.26 [0.57, 4.5]
Zimmerman s 4
I 1.03 [0.41, 4.08]
Mathare North "
l 0.99 [0.46, 3.56]
Langata 1
0.97 [0.48, 3.15]
Sunton ﬁ
0.88 [0.44, 2.4]
Embakasi @
' 0.85 [0.41, 2.38]
Githurai 45 3 '
0.83 [0.42, 1.98]
Umoja 1 \ 2 I
0.8 [0.35, 1.97]
Kawangware '
0.8 [0.36, 1.91]
Kasarani
' 0.75[0.32, 1.58]
Kahawa West @
I 0.69 [0.23, 1.5)
Lucky Summer " 4
I 0.62 [0.15, 1.35]
CBD Kimathi Street -
0.57 [0.16, 1.16]
Umoja - Phase || &
0.51[0.12,1.2)
Kangemi
0.51 [0.11, 1.27]
Pipeline
0.51 [0.09, 1.36]
Tassia Kwa Ndege
0.76 [0.5,1.12]
Pooled Effect < I
0 1 2 3

NYU I.allgit;llc Odds Ratio NYU Langone Neurosurgery 38
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The primary endpoint and patient outcome was missed

14-DAY TREATMENT FAILURE

ADJUSTED ESTIMATE
2.2%

2.0%

aOR 0.77

95% C10.55-1.08
P=.13

Risk difference -5/ 1,000

Al Consult Control 95% Crl =13 to +1

The trial did not establish patient benefit; its interval still permits a modest benefit.
Y Replotted from the Penda cluster-randomized trial, Nature Medicine 2026.

@
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Process benefit confirmed, Patient benefit uncertain

QUALITY-IMPROVEMENT EVIDENCE

* Real-world use at scale

* Fewer chart-reviewed errors

« Stronger signal with active implementation

» Supports workflow viability and process quality
* Does not establish patient benefit

NYUL
angone
\, Health

CLUSTER-RANDOMIZED EVIDENCE

* Process-quality gains replicated

* 14-day treatment failure not shown

» Did not establish patient benefit

+ Design matters — powered for a 50% effect size!!!
* Maybe just ran the wrong study?

40



CASE 2 - EDI + RAPID
RESPONSE



EDI is not the best model for patient decline

MODEL INPUTS CADENCE FOOTPRINT
Ordinal logistic 31 routinely Recomputed 187 Epic
regression collected measures every 15 minutes instances

EXTERNAL 7-HOSPITAL DISCRIMINATION (AUROC)

ecART 0.895
NEws2  CHEED 0.831
NEWS D 0.829
EDI L) 0.808
EDI discriminates worse than NEWS (pen and paper quality model)
ﬁ-YTJ Langone NYU Langone Neurosurgery 42
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Model calibrated against physician expectations —
not too many alarms

RED-ALERT THRESHOLD
SENSITIVITY SPECIFICITY

49.0% EDI 260 98.9%

Chosen and retuned against rapid-

A local tradeoff among performance, response workload

feasibility, and alert burden

Median 1-10 alerts per hospital per day

SUPPRESS WHEN

Already in ICU Comfort care Sepsis/RRT event <6 h Prior red alert <48 h Procedural area

The threshold allocates scarce clinical attention; it is part of the intervention.

—~
NYULangone NYU Langone Neurosurgery
Health
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Developed a workflow to turn risk estimates into
real rescues

Push to i in-
Suppression automatically LD 7L Bedside
EDI 260 . triaaer — person — .
logic g9 ! action
RRT evaluations

IMPLEMENTATION INFRASTRUCTURE

Physician + nursing
leadership

Explicit bedside-response Published alert volumes

Frontline education expectation for staffing

~~
NYU Langone NYU Langone Neurosurgery 44
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A staggered rollout tested the pathway across 11 hospitals

Staggered quasi-experimental implementation

Oct 2022 Aug 2024

@ @ O @-

Each site contributed pre- and postimplementation periods around go-live.

4 ) 4 ) ( )
COHORT HOSPITALS MIX

23,132 11 2 academic

6 community teaching

3 nonteaching
- . \ J \ _J

adult med—surg patients academic + community

NYU Langone Neurosurgery 45
Study design and cohort replotted from Nahass et al., NEJM Al.



More high-risk patients received bedside RRT
evaluation

@ re @® rost

25.3% 37.5%

Rapid-response activation O ——

aOR 1.74 (1.61-1.88)

1% 1.1%
Higher-level escalation ¢
aOR 1.34 (0.97-1.85); not significant

Replotted from Nahass et al., NEJM Al. Escalation is narrower than all measures of ICU use.

NYU Langone Neurosurgery 46
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Mortality was lower after implementation

IN-HOSPITAL MORTALITY AMONG HIGH-RISK PATIENTS

23.1%

Pre

( ™
1 8_6% ADJUSTED ASSOCIATION
aOR 0.82
95% CI1 0.74-0.91
18% lower adjusted odds
- Y,

Post

Unadjusted absolute difference: —4.5 percentage points.

Association after a nonrandomized staggered rollout; not an 18% causal risk reduction.

NYU Langone Neurosurgery
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Rescue occurred in “reasonable’” cases

Adjusted odds of in-hospital death: post vs pre

55-59 (below threshold) [ J ! 0.99 (0.70-1.39)
60-69 | l ! 0.75 (0.61-0.92)
70-79 | n ! 0.78 (0.66-0.93)
80-89 | o ! 0.91 (0.76-1.09)
290 [ B =46 (0.77—1.74)
0.5 0.75 1 1.5 2
/_\ Replotted from Nahass et al., NEJM Al. Values below 1 favor postimplementation.

NYULangone

NYU Langone Neurosurgery 48
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Implementation fidelity tracked with outcomes—but
remains post hoc

IMPLEMENTATION FIDELITY = NATURAL CONTROL LIMITS

» Mortality fell at 9 of 11 sites » Staggered pre/post design
* Two exceptions had incomplete delivery * Unequal seasonal exposure
* No 24/7 rapid-response coverage * Inconsistent response-timing data
* Team never joined the notification group - Fidelity observations are ecological - not proof of
mechanism (but as a whole, the bundle seems to have
worked!)
o~
it CmEmD 49



CASES 3+4 - SHAKED &
NYUCONSULT



SHAKED: Prospective evaluation of a large
language model clinical decision support
system in the emergency department

Presented to the ED
(n=1,146)

/

/

Wing A (intervention) Wing B (control) Clinical DB
Ex:céu(%egn/) l— SHAKED access Standard care —> Exfg"g?j/) Medical History Insights
i (n=586) (n=560) el "\\ Generation Generation
" Retrieval
""""""""""""" ~ /
ITT
: SHAKED Database
Analyzed E Analyzed 8 |
(n=584) 0 (n=554) 5
1 : /
' '
' H
' H
q ' OO O O Chat A Knowledge
H H
H H
' H
Non-users 0 SHAKED users H
n=325(55.7%) ! n =259 (44.3%) H |
' H \ /
5 Per protocol ! ‘\\ /
.................................................. : ~ 4

NYULangone Division/Department Name 51
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Leibovitch, L., Ahituv, A., Gorenshtein, A. et al. Prospective evaluation of a large language model clinical decision support system
in the emergency department. Nat Med (2026). https://doi.org/10.1038/s41591-026-04601-5



SHAKED: It worked and no one used

Expert review: 99% DDx accuracy

100% test recommendation appropriateness
100% factually consistent summaries

ITT showed trend towards decreasing 2% |
consultation time.

Declined in use from 67.9% to 29.7% over

4 weeks.

A~
NYU

—
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Health

100%

Week 1 Week 2

75%

50% -

Daily adoption rate

0%
T T T
8 Nov. 13 Nov. 18 Nov.
b

60 —

40 +
=
I
< 20
E
= 0 f---- -——
Q
2
o -20 - ’
—
=

-40

-60 -

T T
Week 1 Week 2
(9-16 Nov.) (17-23 Nov.)

Leibovitch, L., Ahituv, A., Gorenshtein, A. et al. Prospective evaluation of a large language model clinical decision support system
in the emergency department. Nat Med (2026). https://doi.org/10.1038/s41591-026-04601-5



CNS-OBSIDIAN: A language model for
neurosurgical consults

c o hdun:ly
Neurosurgery Publications Open-Source e :
(Baseline) i Ben BTN

80% Te41%
— e sasen
60%
50%
a27en
5 0%
30%
20%
10%
0%

u.v»n-n cns
e m—l!

M(’l‘-ﬂ

Our Models.
(Trained In-House) Industry
(soTA)

b LLaVA-Med LLaVA-Next OpenAl Claude
(Public) (Pubiic) GPT-40  Sonnet-3.5
e
Industry
(sota)
TO%
Our Models
DLAT | T o e
PubMed PubMed NeuroPubs 50% ann “an “®an
Align IFT IFT+MCQ+DDX E - Mnmn
-
/\ POUSS. Ouein User: 32 .0.F has a o
o imaging is this? headache. Provide a .
NYUL s s
angone Tty - o s i, . Division/Department Name 53
\ et 3 —
Health e s O O | O e

©urs)  (Tral)  (GPT-only)  (Best)

Alyakin A, Stryker J, Alber DA, Lee JV, Sangwon KL, Duderstadt B, Save A, Kurland D, Frome S, Singh S, Zhang J, Yang E, Park KY, Orillac C, Valliani AA, Neifert S, Liu A, Patel A, Livia C, Lau D, Laufer |, Rozman PA, Hidalgo ET, Riina
H, Feng R, Hollon T, Aphinyanaphongs Y, Golfinos JG, Snyder L, Leuthardt EC, Kondziolka D, Oermann EK. CNS-Obsidian: A Neurosurgical Vision-Language Model Built From Scientific Publications. Neurosurgery. 2026 May 19. doi:
10.1227/neu.0000000000004070. Epub ahead of print. PMID: 42153721.



CNS-OBSIDIAN

92-day trial randomized controlled trial
comparing GPT401 and OBSIDIAN on

surgical service.

- 70 chats were generated (0.75/day)
- 38 randomized to GPT-401
- 32 randomized to Obsidian

- Non-inferiority of OBSIDIAN to GPT-401

in terms of DDx accuracy.

- However ... 959 total consults seen in that

time (7% utilization rate)

NYUL
angone
—

Health Conclusion = Physicians hate chat interfaces

Alyakin A, Stryker J, Alber DA, Lee JV, Sangwon KL, Duderstadt B, Save A, Kurland D, Frome S, Singh S, Zhang J, Yang E, Park KY, Orillac C, Valliani A/
H, Feng R, Hollon T, Aphinyanaphongs Y, Golfinos JG, Snyder L, Leuthardt EC, Kondziolka D, Oermann EK. CNS-Obsidian: A Neurosurgical Vision-Langu

Doug Kondziolka

RCT_UNKNOWN Vision Language Model

he patient's hi of laryngeal cancer, a differential diag

Brain Metastasis: Given the
asi can rn. Laryn

brain.

Primary Brain Tumor: This includes gliomas (such as gliobla

more likely.

Radiation Necrosis: If the patient

5. Vascular Lesions: This includes conditions like cavernous malformations or
arteriovenous malformations, though these are less likely given the clinical context.

. Infectious or Inflammatory Conditions: Conditions such as toxoplasmosis or other
infections could present as brain lesions, especially in immunocompromised individuals.

Further diagnostic workup, including contrast-enhanced imaging, biopsy, and additional
clinical correlation, would be necessary to narrow down the differential diagnosis.

o)

10.1227/neu.0000000000004070. Epub ahead of print. PMID: 42153721.

b.

First Message Helpfulness

1.0

0.75

0.5

0.25

0.0
CNS-Obsidian

Differential Accuracy

57.89%

GPT-40

Adjusted Differential Accuracy

0.75 65.79%

59.38%

CNS-Obsidian GPT-40

Average Conversation Length

0.75
0.5
0.25 16.88%
10.69%
0.0
CNS-Obsidian GPT-d0

f.

Follow-Up Conversation Helpfulness

Average Conversation Length

CNS-Obsidian

1.0

0.75

25.00%

0.25

0.0

CNS-Obsidian



Computers aren't the thing.

that gets us to the thing.




MODEL EVIDENCE

STAGE 1

1. BENCH CAPABILITY

Can the model perform
the task?

REAL-WORLD
SAMPLED DATA
Vishwanath et al., 2026

I

SYNTHETIC DATA
Arora et al,, 2025

=] Y

GREATER
CLINICAL
GROUNDING

SN

SYSTEM EVIDENCE

2. EXTERNAL VALIDATION 3. CLINICAL-TASK 4. STEALTH OBSERVATIONAL
Does performance travel EVALUATION ‘ STUDY
across sites, time, Does,:‘t helf;‘ cl{nicliagf perform (SILENT DEPLOYMENT)
et M | s Wil it operate safely here

before influencing care?

Reader studies « simulated cases *
virtual workflows

necae
El BDI

3l
m ‘\

e'?}llﬂ_“&

LATENCY DRIFT FAILURES

ALERT |
VOLUME l

\ Tschand et al., 2020 « Goh et a., 2024

Zech et al., 2018 « Wong et al., 2021 Kwong et al., 2022 « Corbin et al., 2023

\

MODEL BEHAVIOR

>> OPERATIONAL TRIGGER >> CLINICIAN ATTENTION > CLIN

STAGE 4 STAGE 5

PATIENT-BENEFIT EVIDENCE

STAGE 6

5. COHORT TRIAL 6. PRAGMATIC
ETROSPECTIVE OR PROSPECTIVE «
. REEAL nmov?asrfr X RANDOMIZED TRIAL
Does the deployed Does the care policy

model-workflow bundle
change care?

improve patient outcomes?

Adams et al., 2022 « Nahass et al., 2026

Eﬁa

CARE POLIC‘I A

CARE POLICY B |

Linetal., 2024 + Agweyu et al., 2026

ICAL ACTION

PATIENT OUTCOME >

CLINICAL BENEFIT

MODEL x THRESHOLD x INTERFACE x WORKFLOW x RESPONSE CAPACITY

|




Closing Thoughts

Al isn’t a book, Al is a medical tool.
Process benefit does not imply clinical benefit
We need trials of models + workflows, not just models

How clinicians use models is as important as what models they use.

NYUL
angone
\, Health
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