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Al as a Scientific &eilot

Prompt: Please provide a list of the 20 most promising drugs for
repurposing in the treatment of Alzheimer's disease based on their
potential efficacy, and indicate the diseases they were originally
developed to treat. Please rank them in descending order of
potential effectiveness and use the JSON format to include the
"Drug" and "Disease" keys.

Chao Yan, et al. NPJ Digital Medicine. 2024.




Top 10 drug repurposing
candidates in frequency
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— Hypothesis testing using clinical datasets \
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Yan C, et al. NPJ Digital Medicine. 2024.
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Drug

Metformin

Losartan

Minocycline

Simvastatin

Pioglitazone

Candesartan

Rapamycin

Lithium

Yan C, et al. NPJ Digital Medicine.

HR (95% CI)
0.67 (0.54-0.82)
0.66 (0.36-1.20)
0.67 (0.55-0.81)
0.73 (0.57-0.92)
1.40 (0.53-3.68)
0.76 (0.60-0.95)
0.34 (0.13-0.89)

0.87 (0.74-1.01)
0.56 (0.31-1.01)
0.84 (0.73-0.98)
0.75 (0.47-1.18)
0.33 (0.07-1.49)
0.70 (0.45-1.08)
1.23 (0.67-2.26)

0.50 (0.05-4.55)

1.12 (0.49-2.55)

2024.

. All of Us Research Program. Meta-analysis
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Hazard ratio

4.5

P

<0.001
0.172
<0.001
0.009
0.494
0.017
0.028

0.067
0.056
0.024
0.205
0.151
0.103
0.505

0.537

0.784

N

71,625
15,675

53,883
10,794

4,563

98,895

21,285

11,850

3,924

4,242
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Al as a Clinical Diagnhostic

AGPTvs.Locally Trained Models (Boosting)
AMIMIC ICU Transfer Prediction
AVUMC Discharge Prediction

AVanillaGPTvs.Retrieval Augmented Generation (RAEDT
AlIn other wordswe gave various examples to assist the LLM

Katherine Brown, et al. JAMIA. 2025.



Local Mode

Vanilla GPT RAG GPT

GPT 4.6- _ _
VUMC VUMC March 8, 2025

GPT 3.

Vanilla GPT RAG GPT

MIMIC MIMIC

Lo Katherine Brown, et al. JAMIA. 2025.



GPT 5.

ROC - VUMC Discharge

0.4 0.6 0.8 1.0

FPR
—— GPT-3.5 | AUC: 0.541 —— Traditional ML | AUC: 0.847
—— GPT-4 | AUC: 0.642 -— ance Level (AUC = 0.5)
—— GPT-5 Mini | AUC: 0.671

ROC - MIMIC-IV ED

0.0 0.2 0.4 0.6 0.8 1.0
FPR
—— Traditional ML | AUC: 0.895

—— GPT-3.5 | AUC: 0.501
—— GPT-4 | AUC: 0.582 -—=
— GPT-5 Mini | AUC: 0.618

Chance Level (AUC = 0.5)

ROC - VUMC Discharge

TPR

0.0 0.2 0.4 0.6 0.8 1.0
FPR

—— GPT-3.5 RAG CWC | AUC: 0.594 —— Traditional ML | AUC: 0.847

—— GPT-4 RAG CWC | AUC: 0.652 --- Chance Level (AUC = 0.5)

—— GPT5 Mini RAG CWC | AUC: 0.680

RQOC - MIMIC-IV ED

TPR

0.0 0.2 0.4 0.6 0.8 1.0
FPR

—— GPT-3.5 RAG CWC | AUC: 0.595 —— Traditional ML | AUC: 0.895
—— GPT-4 RAG CWC | AUC: 0.688 --- Chance Level (AUC = 0.5)
— GPT-5 Mini RAG CWC | AUC: 0.734

Katherine Brown, et al. JAMIA. 2025.
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Home | JAMA Network Open | Vol. 9, No. 4

Original Investigation | Health Informatics ) { Metrics  —  Comments

ini JAMA Netw Open .
Large L:':mguage Model Performance and Clinical o e i 13, 2026 Apl’l| 13, 2026
Reasoning Tasks 2026,9:(4):€264003.

doi:10.1001/jamanetworkopen.2026.4003
Arya S. Rao, BA!'Z; Kaiz P. Esmail, BA'-2; Richard S. Lee, BS'Z; et al

Results LLMs were tested across 29 clinical vignettes (representing 16 254 responses in total). PrIME-
LLM scores ranged from 0.64 (range, 0.63-0.65) (Gemini 1.5 Flash) to 0.78 (range, 0.77-0.79) (Grok 4),
with reasoning-optimized models outperforming nonreasoning models and GPT models scoring highest

overall. Differential diagnosis was less accurate than diagnostic testing, while final diagnosis, manage-

ment, and miscellaneous reasoning were more accurate. [FEIEIEREIGEEE S NO RO (s Se R0y N0 o))

for differential diagnosis in all models but were less than 0.40 (range, 0.09-0.39) for final diagnosis.

Multimodal performance was robust; most LLM models showed improved accuracy with image inputs.
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Performance of a large language model on the reason-
ing tasks of a physician

PETER G. BRODEUR () . THOMAS A. BUCKLEY (), ZAHIR KANJEE (), ETHAN GOH (), EVELYN BINLING (). PRIVANK JAIN ) . STEPHANIE CABRAL ()
RAJA ELIE ABDULNOUR (5, ADRIAN D. HAIMOVICH &, [-], AND ADAM RODMAN {5 +15 authors Authors Info & Affiliations
N
SCIENCE -+ 30 Apr2026 + Vol 392, issuc 6797 + pp. 524527 « DOI Aprll 30’

More than 65 years ago, complex clinical diagnostic reasoning cases were intro-
duced as the gold standard for the evaluation of expert medical computing sys-
tems, a standard that has held ever since. In this study, we report the results of a
physician evaluation of a large language model (LLM) on challenging clinical cases
across five experiments with a baseline of hundreds of physicians. We then report a
real-world study comparing human expert and artificial intelligence (Al) second

opinions in randomly selected patients in the emergency room of a major tertiary

Ele:le @O EIRGSaradin all experiments, the LLM outperformed physician

baselines and displayed continued improvement from prior generations of Al clini-
cal decision support. Qur study suggests that LLMs have eclipsed most benchmarks

of clinical reasoning, motivating the urgent need for prospective trials.

2026

10



naturemedicine View

Explore content v About the journal v  Publish with us v

nature > nature medicine > brief communications > article

Brief Communication  Open access = Published: 12 June 2026

General-purpose large language models outperform
specialized clinical Al tools on medical benchmarks

Krithik Vishwanath B, Anton Alyakin, Mrigayu Ghosh, Ali Hage, Sean N. Neifert, Cordelia Orillac, Nataniel J.

Aakaash Varma, D. Brock June 12 2026
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Al Governance Matters

VUMC envisions a future in which Al is embedded into hospital systems
to optimize patient outcomes, improve patient and clinician experience
FYR 2 YFEAYATS 2LISNIIA2YyIFEE STTA

Xoe F2tft26Ay3 | FILANE OGN yal
Al development, review, use, and monitoring

Thanks to Susannah Rose for the slide 13



VUMC Standard Operating Proced(5OP)

At al/ Qa ! OOSLJilloftS 'asS 2F ! L

o9y adz2Nka Ftf 'L IfA3Iya gAGK ! a

regulatory requirements, safeguards data privacy and security, and
promotes transparency and accountability

o Established

0 AIT Governance Subcommittee as the authority responsible for reviewing
and approving all Al usage at VUMC

0 Acceptable Use of Al requirements and responsibilities

Based on a Susannah Rose slide



Metrics AVUMC Al Policy and SOP Approved in January 2025
A287 Approved (as of Feb 2026)

Number of Al Models Submitted for Al Governance review by month

Al Model Usage by Category
Clinical ‘ Clinicat 13%

Research Research42%

0 Clinical Operations _ Clinical Operationl5%

Aug Sep Okt Nov Dez Jan Feb Mrz Apr Mai Jun Jul Aug Sep Okt Nov Dez Jan
24 24 24 24 24 25 25 25 25 25 25 25 25 25 25 25 25 26

Thanks for Susannah Rose for the slide



Example Al Review Domains (SOP)

Overall Level of Risk of Tool & Assessment of Risk Mitigation Plan

Privacy Protections Assessment (and referral to Privacy Office if needed)
Cybersecurity

Accountability (who is responsible for this tool?)

Regulatory and compliance standards assessment: Are these met?

Ethics review (example: do participants/patients need to be notified?)

Assessment of tool effectiveness for all people

Intellectual Property (IP) (are submitters aware of what IP is, and how to protect it?)
ThirdParty Risk assessment (work with other VUMC entities)

Liability evaluation (work with legal when needed)

Conflicts of Interest (assess COI, and referral to VUMC/VU when needed)

A Susannah Rose for the slide



Current Al Review Process (simplified)

NEW! Fast
Pass

Direct Submission or
Referral from IT, VEC,
IRB, etc.

Approved: Memo
provided, next steps in thg
process communicated,
Phase 2: Deepebive Phase 3: a g I NI -2KF- FyeR
Review, may include .
meeting with 223 AIT Sub AIT SusCommittee
committee Members Reviews Not Approved: Memo

Yes¢ Go to Phase 2

Phase 1: Brief Review fro

provided with rationale
AIT (REDCap Survey)

and offer for support and
education

No ¢ Decision
communicated

Support and Education
Provided

Nimble, customer servic&lriven approach

A Susannah Rose slide 17



Al Knowledge Can Be
Stranger Than Fiction



Hallucinations Happen

Journal of the American Medical Informatics Association, 30(7), 2023, 1237-1245

https://doi.org/10.1093/jamia/ocad072 A M l /\

Advance Access Publication Date: 2
Research and A

Table 3. Top 20 suggestions and their ratings for acceptance (A), relevance (R), understanding (U1), and usefulness (U2)

Alert Suggestion A R Ul U2
H Anesthesia postoperative nausea and vomiting Scope of roles should include fellow. 4.8+0.5 4.8+0.5 4.8=0.5 4.8+0.5
H Immunocompromised, live virus vaccine Pregnant patients. 3:0:2::1.0 4.8x0.5 4.4=0.9 4.8%0.5
A Immunocompromised, live virus vaccine Some examples of additional medications or treatments thar 24+1.1 4.8+0.5 4.8 0.5 4.6*0.6
. . may have immunosuppressive effects include certain cancer
R esearc h an d Ap p I IC atl ons rre;;tmcms. such as cﬁimmhempy or radiation therapy, as
well as certain medications used to treat autoimmune disor
a a ders, such as rituximab or infliximab.
Usl ng Al-g enerated sSu ggestlons from ch A Immunocompromised, live virus vaccine Exclude: Patient is currently receiving radiation or chemother- 26%1.5 44206 38216 4.520.6
apy treatment.
- - - - - - 5 A . . . = E8
opt‘ m lze cl 1 n‘ca' deCIS|on su pport H Immunocompromised, live virus vaccine Add an active chemotherapy criterion. 24+0.9 4.8+0.5 4.8=0.5 4.4+0.6
A Immunocompromised, live virus vaccine Add biologic agents, such as adnlimumab.lsxcl". 22%1.1 4.8*0.5 4.6 =0.6 4.4*0.6
. 2ccq " " 1.2 3 and golimumab, which are used to treat autoimmune
Siru Liu’, Aileen P. Wright ', Barron L. Patterson”, Jonathan | disorders.
Robert W. Turer @5,6' Scott D. Nelson @1' Allison B. Mccoy C A Immunocompromised, live virus vaccine Exclude: Patients \\:-hn have recently undergone bone marrow 22%1.3 4.6+0.6 40=17 43+0.5
5 1 transplant or solid organ transplant.
Adam erght @ H Immunocompromised, live virus vaccine Make the list of immunosuppression medications more 24x1.1 4.6 £0.6 4.6 =0.6 42*0.8
complete.
H 1P allergy documentation Fxclude NTICU and newborn departments. 34+13 4.2+0.5 4406 4.2+0.5
9l ySNU3Idzi Aa SAGKSNI |
] 24x1.1 4.4 206 4.6 20.6 40x1.2
. . . .
from a computer, or a nonexistent medication hallucinat [ TP TRPTRE
b Ch G PT n 1.8x1.1 4.2 0.5 3.6=1.5 4.0%0.8
y at 24+09 42205 44 =0.6 4.0%0.7
. S 9 3.2*+1.6 3.8+ 1.6 38— 1.6 3.8+1.6
ate order used during this encounter.
H Artificial tears frequency »>6/day Restrict inpatient options to only formulary. 3.2%0.8 3.8x11 4012 3.8+ 1.1
H Artificial rears frequency >6/day Add inpatient orders. 3.6:0.9 3.8+ 1.1 38=1.1 3.8x1.1
A Pediatrics bronchiolitis patients with inappropri- Exclude patients who are receiving palliative care or end-of- 3.2*16 Iex1T 44-09 3.6+1.7
ate order life care, as these patients may require chest radiography or
albuterol treatment for symptom management.
H Immunocompromised, live virus vaccine Add patients with transplant on problem list. 26*13 4.620.6 4.6-0.6 3.6 1.5
A Anesthesia postoperative nausea and vomiting Patients who have had previous PONV episodes, as they may 20110 4.6 0.6 46206 3.6+ 1.1

be at higher risk for developing PONV again.

“Etanerfigut is either a misspelling, which is hard to imagine from a computer, or a nonexistent medication hallucinated by ChatGPT.

NICU: nconatal intensive care unit; PONV: postoperative nausea and vomiting: ED: emergency department; CD3: cluster of differentiation 3; H: human-generated suggestions; A: Al-gencrated suggestions.




Semantic-Aware Cross-Check Consistency

AAsk thesamequestiondifferentways (semantic rewrites)
esponse . . ]
ion-level Cross-check Model-level Cross-check | A Pair Consistency Check

I 0
?) Queried Question Q Target LM | Response Semantically
(@ n | { arge Y menicall | g

+ Semantically Equivalent Perturbations ® @ . ) .
22F Verifier LM ( -
o] [ =51 |@Em £ o

\ ResponseAL

l‘:
[_@Candidate Questions ﬂj

Prime number Senator search
100 A 100 A

80 A 80 A
>
§ 60 A 60 A
=
(5 Q
£ 40 A 40 4\

20 1 20 1

0 T T T T T O T T T ‘; -l
. 0.4 0.5 0.6 0.7 0.8 0.4 0.5 0.6 0.7 0.8
SC = Selchecking Threshold Threshold
ConS|Stency SCOlreo- sc2 (gpt-3.5-turbo) —o— SAC3-QM (Falcon) —A— SAC3-all (Falcon)

—)— SAC3-Q (gpt-3.5-turbo)  —C— SAC3-QM (Guanaco) —v— SAC3-all (Guanaco)

Zhang J, Li Z, Das K, Malin B, Kumar S. Proceedings of Empirical Methods in Natural Language Processing (EMNLP). 2023.
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Distribution of the
test statistics

(a) Online Testing Scenario: Identify

single out-of-knowledge queries

4 'Rejectzone |
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A

: cardiovasculal t
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abetic
Ipatients?A: Ye B N M aybe.
IA: A I
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fJCL Retriever 5 E; Test statistics
3 "‘ =
A [ A
Vector (8 ,° : i
database “gl© | _
. o 5
Online query ]
--------------- f % Embedding model F--
> [
g ———{ Text chunk
‘a Q: Is fenoldopam more effective
than Iow dose dopam ne n
Corpus im nal functio
'corrglate With d k ' ritic ||y || p 1 nts w|th Iy
Idy sfunction? A: Yes; B: No.

fQ: Does the admin 't“ nof statins |
1
1

Corpus-based query examples

Synthetic

in-knowledge query

|/

\F

% Li Z, Zhang J, Yan C, Das K, Kumar S, Kantarcioglu M, Malin B. EMNLP . 2024.

Know What

¢ Onlinetesting procedure
U Evaluating theelevanceof queries
to the knowledge corpus
U Flaggindow-relevance guerief
reattime that cannot be adequately
addressed using the available
knowledge

21



We Can Make (and Test!) Synthetic Queries

You are a professor setting up quiz questions for medical students.

The qustions should be based only on context from textbook and should be Corpus Data Source Metric Test Statistics
diverse in nature. a=>5% | MSS KNN  AvgKNN Entropy Energy Fisher % Simes
. ‘ TPR | 09960 0.9960 0.9966  0.0930 0.9973 0.9976 %0.9956
Below is a chunk of context from textbook. In-knowledge Queries i % ’ % i’
PubMed DER | 0.0251 00213 0.0244 04786 00253 00321 0.0249

TPR | 09963 09973 09973  0.1410 0.9976 0.9976 / 0.9960
DER | 0.0273 0.0268 00278  0.4623 0.0286 0.0441 0.0265
{Context} ‘ TPR | 09993 1.0 1.0 08160 1.0 1.0 0.9996
. In-knowledge Queries
DER | 0.0153 0.0088 00101 0.1186 00116 0.0471 0.0241
Textbooks

. . TPR | 09990 009990 09990  0.6446 0.9990 0.9990 0.9990

. . . .. . . Synthetic Queries
Given the context information, please generate similar question following the DER | 0.0081 00025 00035 0.1861 00039 00181 0.0069

json format.

Synthetic Queries

PubMed Corpus

0.08
Synthetic Queries

IK Queires (PubMedQA)

0.06 A OoK Queires (TruthfulQA)

—— Critical Value (IK): -108.60

=== Critical Value (Synthetic): -109.55

Frequency
o
o
S

o

o

N
1

0.00 T f T T T T
-180 -160 -140 -120 -100 -80



2

Ke



Prediction accuracy
(relative to Europeans)
o
(&)

o

1.00 -

o

~

(&)
|

0.25 -

0.00 -

Review Article | Open Access | Published: 25 February 2020

Evaluating the promise of inclusion of African
ancestry populations in genomics

Amy R. Bentley, Shawneequa L. Callier & Charles N. Rotimi

npj Genomic Medicine 5, Article number: 5 (2020) | Cite this article

QO Qo & , Q
2 Qofa» © o0 i}&
R % \s \s <
N & & & v
< Y @0\} ((/‘b-
Population
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How Do We Mitigate Overreliance on Al?

Artificial intelligence suppression as a strategy to
mitigate artificial intelligence automation bias

c'x ¢ dZNy 2 -_I_- -_F E' l.,l K S ' L Q é LJN\E R 7\ Ding-Yu Wang, Jia Ding, An-Lan Sun, Shang-Gui Liu, Dong Jiang, Nan Li ™, Jia-Kuo Yu

Author Notes

SuUs pe Ct th e Al Wl | I p red | Ct | ncorre Ctly Journal of the American Medical Informatics Association, Volume 30, Issue 10, October

2023, Pages 1684-1692, https://doi.org/10.1093/jamia/ocad118

>

Irrnt
Highquality
prediction

G
Low-quality
prediction 25



Suppressing Al When We Suspect it Could be
Wrong Can Accentuate Inequalities

Imagine a nosrivial unfairness in an algorithm
associated with race !
0.8
If we suppress the Al for black patients, then  os
performance is the same as without the algorithm,
0.2
But if the Al is near perfect for white patients, then
their performance skyrockets Before Al Suppression

m White Patients Black Patients



Testing the Idea

Simulated decision;
Al Al Auditor / %

LILll] Humanrecorded ESI

Al
Gradient boosting tree Decision tree trained on B Human accepts Al
model to predict ED training set to predict = = prediction
patient outcome whether individual TTTTTT

prediction is incorrect

)
Y72
Selectively

suppressed Al Human accepts Al

= predictionwhen it is
T sufficiently certain

Katherine Brown, et al. JAMIA. 2026. 27




Suppression Improved Overall Fairness AND Boosted Performance
(with MIMIC ED Data)

0.5

»
»

0.4 1

0.3 1 /ﬁ}
0.2 A 8 yf_j )

ats +

0.0 T T T T T T T
0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

AUROC

| ess Fair

Better performance

Katherine Brown, et al. JAMIA. 2026.




Why the Al Emperor
Has No Clothes



January 7,2026 Product Company

Introducing ChatGPT Health

healtrﬁi\:zgi:zﬁ;r?;ﬁﬂges UnitedHealthcare Introduces AI Companion

PRESS RELEASE

Jan 11,2026

Written b

Empowering People with Simpler Navigation,

Written by Prakash Bulusu, Chief Technology Officer, Amazon Health Services
Andrew Diamond, Ph.D., M.D., Chief Medical Officer, Amazon One Medical

.. Personal Experience

nd

Key takeaways

e Amazon's new Health Al agent can provide personalized

take meaningful action including booking appointments and managing prescriptions to help

you get and stay healthier.

* Eligible Prime members using Health Al get free direct message care visits with a One Medical % and verifiable citations.

provider for any of 30+ common conditions.

Introducing Copilot Health
(From Microsoft)

March 12 2026 Health qu Gross, Pe‘ter_Hames, Chris Kelly, Dominic LT X FB
' King, Harsha Nori

, some want to learn deeply about a diagnosis.

ch for this kind of knowledge because of our

Health, a suite of connectors to your personal

. | personal uses of Perplexity Computer,
providing accurate health information for the most important questions.

30



Multi-turn Conviction

Original Multiple Choice Question
Patient Vignette: A 6 y/o boy is brought into the pediatrician
for acute chest pain, shortness of breath, elevated...
What is the diagnosis?

A

Initial binary choice (t=1)

Patient Vignette...

What is the diagnosis?
A. Asthma
B. Distal radial fracture

LLM Response
The answer is A. Asthmal!

Model selects
correct answer

Kevin Guo, Yan, Baidya, Brown, Gao, Xiong, Yin, & Malia.2026.

A

A. Asthma

B. Distal radial fracture
C. Pneumothorax

D. Pneuomia

Turn 2: stick or switch (t=2)

What about pneumothorax?
Would you like to:

A. Stick to Asthma

B. Switch to pneumothorax

LLM Response
I will stick with A. Asthmal!

Turn 3: stick or switch (t=3)

Model selects

What about pneumonia?
correct answer

Would you like to:
A. Stick to Asthma
B. Switch to Pneumonia

A

K2 LLM Response Q
00 | will stick with A. Asthma! [0]0]

Positive conviction:
defended correct diagnosis
incorrect suggestions

31



Accuracy

Original Multiple Choice Question

Patient Vignette: A 6 y/o boy is brought into the pediatrician
for acute chest pain, shortness of breath, elevated...
What is the diagnosis?

A. Asthma

B. Distal radial fracture

C. Pneumothorax

D. Pneuomia

R Patient Vignette (t=1)
A 6 y/o boy is brought into the pediatrician for acute chest

pain, shortness of breath, elevated...
What is the diagnosis?

A. Asthma

B. Distal radial fracture

32



Positive Conviction (How long does the bot stay correct?)

a) ruraey b) MedQA
1.0+ ; SS MT
: GPT:5.2  GPT-5.2 90.5 89.8
GPT-40 GPT-40 85.5  80.0
Qwen-2.5 (72B) 72.4  70.8
> 728 Llama-3.1 (70B) 73.6  56.3
Qwen-3 (32B) 70.2 | 5.9
R Gemma-3 (27B) 64.6 42.6
5;: 0.6 - 308 Qwen-3 (14B) 61.8 = 6.0
g Gemma-3 (12B) 56.3  47.4
g Llama-3.1 (8B) 56.8 34.1
2 Qwen-3 (8B) 58.2 5.9
8% 88 Qwen-2.5 (7B) 56.1  52.2
Gemma-3 (4B) 40.0 47.2
Qwen-3 (4B)  56.3  57.2
0.2 1 Qwen-2.5 (3B) 42.2 30.6
Qwen-2.5 (1.5B) 38.0 48.7
A Single-Shot Accuracy Gemma-3 (1B) 24.7 15.0
-== Random Chance ; Llama-3.2 (1B) 28.6 8.2

0.0 T T —= 1B
t=1 t=2 t=3

Turn (t)



Accuracy vs. Abstention

Original Multiple Choice Question

Patient Vignette: A 6 y/o boy is brought into the pediatrician
for acute chest pain, shortness of breath, elevated...
What is the diagnosis?

A. Asthma

B. Distal radial fracture

C. Pneumothorax

D. Pneuomia

R Patient Vignette (t=1) Patient Vignette (t=1)
A 6 y/o boy is brought into the pediatrician for acute chest

pain, shortness of breath, elevated...
What is the diagnosis?

A. Asthma

B. Distal radial fracture

A 6 y/o boy is brought into the pediatrician for acute chest
pain, shortness of breath, elevated...
What is the diagnosis?

A. Pneumonia

B. None of the Above

34



Negative Conviction (How long does the bot correctly abstain?)

Negative Conviction (Cy)

0.8 A

o
o

e
N

0.2

0.0

Single-shot
abstention
GPT-5.2
GPT-40
72B
- 30B
- 8B
= . | E /
A Single-Shot AC !
--- Random Chance ;o
H .
T T T 1B
t=1 t=2 t=3

Turn (t)

b)

GPT-5.2

GPT-40
Qwen-2.5 (72B)
Llama-3.1 (70B)
Qwen-3 (32B)
Gemma-3 (27B)
Qwen-3 (14B)
Gemma-3 (12B)
Llama-3.1 (8B)
Qwen-3 (8B)
Qwen-2.5 (7B)
Gemma-3 (4B)
Qwen-3 (4B)
Qwen-2.5 (3B)
Qwen-2.5 (1.5B)
Gemma-3 (1B)
Llama-3.2 (1B)

MedQA

SS MT
90.5 69.5
85.5 41.0
72.4 33.8
73.6 32.7
70.2 6.1
64.6 15.4
61.8 5.8
56.3 16.7
56.8 52.6
58.2 6.2
56.1 37.5
40.0 6.7
56.3 33.9
42.2 38.2
38.0 21.2
24.7 1.8
28.6 5.4
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