
Off Label Intelligence: Books, Language Models, 
and AI As A Medical Device

Eric K. Oermann, M.D.

Associate Professor of Neurosurgery, Radiology, and Data Science

Associate Program Director, Neurosurgery Residency Program

Director of the OLAB, Health AI Research Lab at NYU Langone Health

Investigator, Neuroscience Institute, NYU

Principal Investigator, Global AI Frontier Lab

Chair of Data Science, Congress of Neurological Surgeons

Associate Editor for Data Science, Neurosurgery

Department of Neurological Surgery

Department of Radiology

NYU Institute for Neuroscience

NYU Center for Data Science

Global AI Frontier Lab



Disclosure Statement of Financial Interest

Within the past 12 months, I or my spouse/partner have had a 

financial interest/arrangement or affiliation with the 

organization(s) listed below.

Grant/research support: NIH, Keck Foundation, Ministry of Science 

and ICT (Republic of Korea)

Consultant: Google Inc., Sofinnova Inc., AlphaTec

Equity: Artisight Inc., MarchAI, Delvi

Employment: Eikon Therapeutics (wife)

2



3Division/Department Name



First, a reality check on 
the present state of AI in 

medicine
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Past or Present?
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● Computer assisted diagnosis

● Using a Chatbot

● Interpretable feedback

● … focus on augmented intelligence

Past or Present?

If it said “ChatGPT” this paper could have 

been written yesterday.

It describes all of the current trends in 

modern Medical AI research.

Physicians have been doing medical AI 

with chatbots for over 30 years.



The original knowledge 
tool in medicine



A published textbook. A predicting LLM.

BOOK · STATIC AT USE

• Same words for every reader

• Expert-curated; edition + citations visible

• Revised in discrete cycles

LLM · STOCHASTIC AT USE

• Sampled from prompt, context + model version

• Mega-corpus; provenance often diffuse

• Shifts with checkpoint, retrieval + deployment
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Defining clinically 
relevant hypotheses
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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

Large language models in clinical medicine: an 

LLM-powered large-scale systematic review

Sully Chen



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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The reality of our field (artificial intelligence)…
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4 papers are 

published per day
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LLM’s are less 

impressive 

when 

compared 

against 

attendings
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Shrutika Singh



Does it even make sense to use medical exams in 
modern era?
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Does it even make sense to use medical exams in 
modern era?

NYU Langone Health16

(1) Memorized 

in training 

data?

(2) Exploiting 

prior in 

answer 

distribution?

Chance



Base Rate Fallacy in Prior Distribution

• More real world – FRQ with 

multi-turn dialogue…

• Is this an AI physician?

• Chatbot actually chats with 

patients to arrive at a 

diagnosis!

• Compared to real doctors using 

professional actors.

The state of the art?



Base Rate Fallacy in Prior Distribution

• 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

But what about the distribution of priors?

p(disease_test) = 0.94 !!!!



Base Rate Fallacy in Prior Distribution

• 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%

Is this a model that does great on rare diseases?

Or a model that will have an unacceptable false positive rate in 

the real world?



Independent 
Assessment



A benchmark tests a 
model.

A clinical study tests a 
medical tool.
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• Two clinical AI tools already in your practice — OpenEvidence and UpToDate Expert AI

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

• Independent. 

Real World Queries…
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Three stages, each one harder to game
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• 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

The stage that counts: real clinical queries (RCQ)
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Two tiers — the clinical tools are in the second
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• 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, Dermatology, 

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

What does this really say?
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CASE 1 · PENDA AI
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Clinical chatbot integrated into care
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Clinical chatbot integrated into care
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Routine-care evidence from a pragmatic QI stud
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AI assistance reduced chart-reviewed errors 

across four domains
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The larger signal arrived with active 

implementation



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

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

34NYU Langone Neurosurgery



PENDA · THE CLUSTER-
RANDOMIZED TEST
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The same tool class was tested across 16 facilities
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Randomization replicated 

the process-quality gains
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Patient effects varied across sites
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The primary endpoint and patient outcome was missed

       TR  T   T      R 

        

    onsult  ontrol

     T     T   T 

a R     
                

P      

Ris  difference           

    CrI     to   

The trial did not establish patient benefit  its interval still permits a modest benefit 

 eplotted from the Penda cluster randomi ed trial, Nature Medicine      



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

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?
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CASE 2 · EDI + RAPID 
RESPONSE
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EDI is not the best model for patient decline

MODEL

Ordinal logistic 

regression

INPUTS

31 routinely 

collected measures

CADENCE

Recomputed 

every 15 minutes

FOOTPRINT

187 Epic 

instances

EXTERNAL 7-HOSPITAL DISCRIMINATION (AUROC)

eCART 0.895

NEWS2 0.831

NEWS 0.829

EDI 0.808

EDI discriminates worse than NEWS (pen and paper quality model)
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Model calibrated against physician expectations – 

not too many alarms

SENSITIVITY

49.0%
A local tradeoff among performance, 

feasibility, and alert burden

RED-ALERT THRESHOLD

    ≥6 
Chosen and retuned against rapid-

response workload

SPECIFICITY

98.9%
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.
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Developed a workflow to turn risk estimates into 

real rescues

    ≥6 →
Suppression

logic →
Push to 

automatically 
trigger

RRT
→

Timely in-

person

evaluations
→

Bedside 

action

IMPLEMENTATION INFRASTRUCTURE

Physician + nursing 
leadership

Frontline education
Explicit bedside-response 

expectation
Published alert volumes 

for staffing
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A staggered rollout tested the pathway across 11 hospitals



Pre Post

Ra id res onse acti ation
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 igher le el escalation
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 eplotted from Nahass et al , N  M  I   scalation is narro er than all measures of IC  use 
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More high-risk patients received bedside RRT 

evaluation
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Mortality was lower after implementation
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Rescue occurred in “reasona le” cases



Implementation fidelity tracked with outcomes—but 

remains post hoc

IMPLEMENTATION FIDELITY = NATURAL CONTROL

• Mortality fell at 9 of 11 sites

• Two exceptions had incomplete delivery

• No 24/7 rapid-response coverage

• Team never joined the notification group

LIMITS

• Staggered pre/post design

• Unequal seasonal exposure

• Inconsistent response-timing data

• Fidelity observations are ecological - not proof of 

mechanism (but as a whole, the bundle seems to have 

worked!)

49NYU Langone 

Neurosurgery



CASES 3+4 · SHAKED & 
NYUCONSULT
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SHAKED: Prospective evaluation of a large 

language model clinical decision support 

system in the emergency department 

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
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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 

consultation time.

• Declined in use from 67.9% to 29.7% over 

4 weeks.

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
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CNS-OBSIDIAN: A language model for 

neurosurgical consults

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 I, 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.



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 I, 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 GPT4o1 and OBSIDIAN on 

surgical service.

- 70 chats were generated (0.75/day)

- 38 randomized to GPT-4o1

- 32 randomized to Obsidian

- Non-inferiority of OBSIDIAN to GPT-4o1 

in terms of DDx accuracy.

-  o e er …     total consults seen in that 

time (7% utilization rate)

Conclusion = Physicians hate chat interfaces
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   isn’t a  oo      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. 

Closing Thoughts
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