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Goals

How did we get here?
Where could this road take us?

What vulnerabilities lie along the way?
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How did we get here?
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How did we get here?
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Where could this road
take us?
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What Disease does this Patient Have?

Wh ere couy / d th / S roa d ta ke US ? A Large-scale Open Domain Question Answering Dataset from Medical Exams

Di Jin,' Eileen Pan,! Nassim Oufattole!
Wei-Hung Weng,' Hanyi Fang, Peter Szolovits!

1 Computer Science and Atrtificial Intelligence, MIT, USA
2 Tongji Medical College, HUST, PRC
{jindi15,eileenp,nassim,ckbjimmy,psz} @mit.edu, fanghanyi @hust.edu.cn
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Jin, Di, Eileen Pan, Nassim Oufattole, Wei-Hung Weng, Hanyi Fang, and Peter Szolovits. “What
Disease Does This Patient Have? A Large-Scale Open Domain Question Answering Dataset from
Medical Exams.” arXiv, 2020. https://doi.org/10.48550/ARXIV.2009.13081.
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ChatGPT-4 Omni Performance in USMLE Disciplines
Where could this road take uys? and Clinical Skills: Comparative Analysis

Brenton T Bicknell! &; Danner Butler? @; Sydney Whalen3 ®; James Ricks* ®;
Cory J Dixon® ®; Abigail B Clark® @; Olivia Spaedy’ @; Adam Skelton! ®;
Neel Edupuganti8 ; Lance Dzubinski® @; Hudson Tate! @; Garrett Dyess2 (iDJ
Brenessa Lindeman' @; Lisa Soleymani Lehmann® 10
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USMLE dataset: Kung TH, Cheatham M, Medenilla A, Sillos C, De Leon L, et al. Performance of ChatGPT on USMLE:
Potential for Al-assisted medical education using large language models. PLOS Digital Health.
2023;2(2):e0000198. doi:10.1371/journal.pdig.0000798. 8/15/25

Bicknell, Brenton T, Danner Butler, Sydney Whalen, James Ricks, Cory J Dixon, Abigail B Clark, Olivia Spaedy,
et al. “ChatGPT-4 Omni Performance in USMLE Disciplines and Clinical Skills: Comparative Analysis.” IMIR
Medical Education 10 (November 6, 2024): e63430-e63430. https://doi.org/10.2196/63430.
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Where could this road take us?
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DATASETS, BENCHMARKS, AND PROTOCOLS
GPT versus Resident Physicians — A Benchmark
Based on Official Board Scores

Uriel Katz ®, M.D.," Eran Cohen ®, M.D.,2* Eliya Shachar ®, M.D.,* Jonathan Somer @, B.Sc.,* Adam Fink ®, M.D.,°
Eli Morse ®, M.D.,” Beki Shreiber ®, B.Sc.,® and Ido Wolf ®, M.D.2**

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

Figure 1. Distribution of GPT Examination Score Percentiles among Physicians.

Katz Uriel, Cohen Eran, Shachar Eliya, Somer
Jonathan, Fink Adam, Morse Eli, Shreiber Beki, and
Wolf Ido. “GPT versus Resident Physicians — A
Benchmark Based on Official Board Scores.” NEJM
Al 1, no. 5 (April 25, 2024): Aldbp2300192.
https://doi.org/10.1056/Aldbp2300192.
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Where could this road take us?
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Towards conversational diagnostic artificial
intelligence

https://doi.org/10.1038/541586-025-08866-7  Tao Tu"*™, Mike Schaekermann'**, Anil Palepu'?®, Khaled Saab', Jan Freyberg',

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

Nenad Tomasev?, Shekoofeh Azizi?, Karan Singhal', Le Hou', Albert Webson?, Kavita Kulkarni',
Accepted: 5 March 2025 S. Sara Mahdavi?, Christopher Semturs', Juraj Gottweis', Joelle Barral? Katherine Chou',
Greg S. Corrado’, Yossi Matias', Alan Karthikesalingam'*™ & Vivek Natarajan'*™

Received: 18 January 2024
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Published online: 09 April 2025
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AMIE outperforms PCPs on
multiple evaluation axes for diagnostic dialogue

Tu, Tao, Mike Schaekermann, Anil Palepu, Khaled Saab, Jan Freyberg, Ryutaro Tanno, Amy Wang, et al. “Towards
Conversational Diagnostic Artificial Intelligence.” Nature, April 9, 2025. https://doi.org/10.1038/s41586-025-08866-7.
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ORIGINAL ARTICLE

Randomized Trial of a Generative AI Chatbot for
Mental Health Treatment

Where Could Z-h/'S road take US ? Michael V. Heinz ®, M.D.,"? Daniel M. Mackin @, Ph.D.,”? Brianna M. Trudeau @, B.A.," Sukanya Bhattacharya ®, B.A.,’

Yinzhou Wang ©, M.S.,' Haley A. Banta @, Abi D. Jewett ©, B.A." Abigail ). Salzhauer ©, B.A,' Tess Z. Griffin ©, Ph.D.;
D

and Nicholas C. Jacobson ©, Ph.D."#3*
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Heinz, Michael V., Daniel M. Mackin, Brianna M. Trudeau, Sukanya Bhattacharya, Yinzhou Wang, Haley A. Banta, Abi D.
Jewett, Abigail J. Salzhauer, Tess Z. Griffin, and Nicholas C. Jacobson. “Randomized Trial of a Generative Al Chatbot for
Mental Health Treatment.” NEJM Al 2, no. 4 (March 27, 2025). https://doi.org/10.1056/Al0a2400802.

Received: August 11, 2024; Revised: November 18, 2024; Accepted: February 2, 2025; Published March 27, 2025
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ORIGINAL ARTICLE

Randomized Trial of a Generative AI Chatbot for
Mental Health Treatment
y Michael V. Hei , M.D.,"? Daniel M. Macki , Ph.D.,"2 Bri M. Trud ,B.A.," Suk Bhattach , B.A.
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Heinz, Michael V., Daniel M. Mackin, Brianna M. Trudeau, Sukanya Bhattacharya, Yinzhou Wang, Haley A. Banta, Abi D.
Jewett, Abigail J. Salzhauer, Tess Z. Griffin, and Nicholas C. Jacobson. “Randomized Trial of a Generative Al Chatbot for
Mental Health Treatment.” NEJM Al 2, no. 4 (March 27, 2025). https://doi.org/10.1056/Al0a2400802.
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Top 10 Gen Al Use Cases —

The top 10 gen Al use cases in 2025 indicate a shift P
Large Lang from technical to emotional applications, and in ’t

Wh e re a re \ ‘l I | H e Fa b I | | ;E I e S: L particular, growth in areas such as therapy, personal

productivity, and personal development.
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Jones, Cameron R., and Benjamin K. Bergen. “Large Language Models Pass the Turing Test.” arXiv, March 31, 2025. https://doi.org/10.48550/arXiv.2503.23674.

Zao-Sanders, Marc. “How People Are Really Using Gen Al in 2025.” Harvard Business Review, April 9, 2025. https://hbr.org/2025/04/how-people-are-really-using-gen-ai-in-2025.
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Where are \whrerabHites?—

FDA-APPROVED Al/ML-ENABLED MEDICAL DEVICES
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Cheatham, Morgan, and Kraus, Steve. “Roadmap: Healthcare Al.” Bessemer Venture Partners, September
25, 2024. https://www.bvp.com/atlas/roadmap-healthcare-ai.



https://www.bvp.com/atlas/roadmap-healthcare-ai

Where are (actual) vulnerabilities?



Rebuttal Strength

SycEval: Evaluating LLM Sycophancy

AARON FANOUS* and JACOB N. GOLDBERG?®, stanford University, USA
(it P ANK A. AGARWAL, stanford University, USA
Where are (actual) vulnerabilities” N ACARWAL St e
ANSON ZHOU, Stanford University, USA
ROXANA DANESHJOUT, Stanford University, USA
SANMI KOYEJOT, Stanford University, USA
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Fanous, Aaron, Jacob Goldberg, Ank A. Agarwal, Joanna Lin, Anson Zhou, Roxana Daneshjou, and Sanmi
Koyejo. “SycEval: Evaluating LLM Sycophancy.” arXiv, 2025. https://doi.org/10.48550/ARXIV.2502.08177.
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Where are (actual) vulnerabilities? Large Language Models lack essential
metacognition for reliable medical reasoning
Metacognition e

A 47-year-old man with a history of HIV1 infection presents to his HIV clinic to discuss his
antiretroviral medications. He is interested in including maraviroc in his maintenance regimen after
seeing advertisements about the medication. On exam, his temperature is 98.8°F (37.1°C), blood
pressure is 116/74 mmHg, pulse is 64/min, and respirations are 12/min. His viral load is undetectable
on his current regimen, and his blood count, electrolytes, and liver function tests have all been within
normal limits. In order to consider maraviroc for therapy, a tropism assay needs to be performed.
Which of the following receptors is affected by the use of maraviroc?

A) gpl20 gp240
B) gpl60

C) p24

D) Reverse transcriptase

E) None of the above

F) 1don’t know or cannot answer

Answer the Question AND Give a Confidence Rating (1-5)

Griot, Maxime, Coralie Hemptinne, Jean Vanderdonckt, and Demet Yuksel. “Large Language Models Lack Essential Metacognition for
Reliable Medical Reasoning.” Nature Communications 16, no. 1 (January 14, 2025): 642. https://doi.org/10.1038/s41467-024-55628-6.
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Where are (actual) vulnerabilities?

Metacognition

Griot, Maxime, Coralie Hemptinne, Jean Vanderdonckt, and Demet Yuksel. “Large Language Models Lack Essential Metacognition for
Reliable Medical Reasoning.” Nature Communications 16, no. 1 (January 14, 2025): 642. https://doi.org/10.1038/s41467-024-55628-6.
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Large Language Models lack essential

metacognition for reliable medical reasoning

Received: 23 July 2024 Maxime Griot ®'2 |, Coralie Hemptinne ®'3, Jean Vanderdonckt ®2 &
Demet Yuksel @'

Accepted: 19 December 2024

High Confidence Accuracy: For responses with a confidence
score of 5.

Medium Confidence Accuracy: For responses with scores
between 3 and 4.

Low Confidence Accuracy: For responses with scores below 3.

We observed that most models consistently assigned a maximum

confidence level of 5, rendering them unsuitable for the confidence
analysis. Only GPT-3.5-turbo-0125, GPT-40-2024-05-13, and Qwen2-72B
exhibited varying confidence levels, as shown in Table 3. For these
models, higher confidence levels were correlated with higher accuracy,

& oﬁ&\?&@ &8 & d‘\é‘ @"‘b&i& Q@% \‘.‘\é“f} .(\"‘?
GPT-3.5-turbo-0125 I GPT-40-2024-05-13 I Qwen2-72B
Average confidence 4.37 (+£0.03) 4.69 (+0.03) 4.25 (+£0.02)
High confidence accuracy 56.9% (+ 4.1%) I 83.2% (+2.3%) I 77.9% (+ 4.2%)
Medium confidence accuracy 44.8% (+3.4%) 45.9% (+5.2%) 59.3% (+3.0%)
Low confidence accuracy N/A I 16.7% (+32.7%) I N/A
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Acknowledging both the
power

and

vulnerabilities

How do we take
the path ahead?




	At the CrossroadsGenerative AI &Mental Health
	Disclosures
	Goals
	How did we get here?
	Where could this road take us?
	Where are vulnerabilities? 
	Where are (actual) vulnerabilities? 




