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What is a Large Language Model?
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LLMs in Medicine
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Clusmann, J., Kolbinger, F.R., Muti, H.S. et al. The future landscape of
large language models in medicine. Commun Med 3, 141 (2023)

LLMs could support medical

practice transversally, across
many tasks



LLMs show promising performance
on multiple medical benchmarks

MedHELM
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121 tasks

Providing clinical
knowledge
support

A
Ex: generate
differential
diagnosis ...

Documenting care
plans

.
Ex: generate visit
progress notes ...

Enhancing patient
understanding
and accessibility

Facilitating patient
engagement and
support
v
Ex: triage and
route patient
messages ...

Ensuring clinical
research quality

Managing
research
enrollment

v
Ex: statistically
analyze trial data

Care coordination
and planning

Ex: generate
billing codes

Bedi, S., Cui, H., Fuentes, M. et al. Holistic evaluation of large language
models for medical tasks with MedHELM. Nat Med

* 9 models

e 37 datasets



Mean-normalized scores by model and category
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Living leaderboard

Leaderboard Meodels Scenarios  Predictions  GitHub  Release v5.0.0 (2026-05-08) latest

MedHELM

Leaderboard: MedHELM Scenarios Selecta group:

Scenarios for the medical domain MedHELM Scenarios b
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Benchmark performance
necessarily translate in clinical practice

* Benchmark fail to capture the complexity of real
practice

e Performance are sensitive to institutional
and regional contexts

* Benchmarks do not capture multidimensional
dimensions such as bias, harmfulness and
alignment to local guidelines



sk RhRGER6]d approaches have been
proposed as [ERINEIs)for LLM adaptation
and contextualization
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Why an in-house clinically aligned

LLM is [l ?

* Patient data privacy

* Context-adaptation

* Control and governance over LLM lifecycle
* Integration with EHR

* No vendor lock-in



Assessing feasibility and effect of
human-in-the loop approach at CHUV
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231 experts participated to the study

a) Pharmacy
Infectious Diseases
Pediatrics

Internal medicine
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38 b)
Seniority
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27%

31%
27%
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3394 vignettes (10k+ evaluations)

a)

Infectious Diseases
Clinical Pharmacology
Pharmacy

Visceral surgery

Internal medicine

Head and neck surgery
Radiology

Neurology

Pediatrics

Medical coding

Nursing quality and safety
Geriatrics

Orthopaedics and Traumatology
Cardiology

Psychiatry

Intensive Care Medicine
Rheumatology

b)

I 27

ee———r

I 22
I 226
I 22 |
I 23
—_—
I 200
I 200
I 200
I 200
I 153
I 152
I 151
= 106
I 164
I 147

Medical research
assistance

Providing clinical knowledge support

Patient communication Predicting risks and outcomes

and education

\
Administration and ‘\| /
workflow ‘

0
Professional 8%
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c) “l am a neurology specialist at the CHUV in Lausanne, who has been asked a —— Context

question by the emergency room physician. He is taking care of a 42-year-old wornari

who is 24 weeks pregnant, presenting with a first generalized tonic-clonic seizure.

Clinical vignette

She has no prior epilepsy history but is known for preeclampsia. Blood pressure is
180/110 mmHg, and fundoscopy shows papilledema. What are the differential —— Question
diagnoses and immediate management priorities in this case?”

Carra et al. under review



Collecting clinician’s preferences
with the MOOVE platform
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@ Question

I’'m an infectious disease specialist at the CHUV hospital in Lausanne, who has been asked a
question by the emergency room physician. He is taking care of a 67 year old caucasian married
women presenting at the emergency room a Friday night with altered mental state. The brain MRI
shows multiple ring-enhancing brain lesions, with edema.

What are the next diagnostics steps? Should | start an empirical treatment?

. v,
B ' A
Answer 1 Answer 2
Given the presentation of a 67-year-old woman with altered mental As an infectious disease specialist, the presence of multiple ring-
status and muitiple ring-enhancing brain lesions with edema on MRI, enhancing lesions in a 67-year-old woman with altered mental state is
several conditions could be considered, including infections, highly concerning for a severe CNS infection or other
malignancies, or inflammatory conditions. Infectious causes such as inflammatory/neoplastic process. Given the urgency and the fact it's a

Eridav niakht wa naad ta act dacicivaly
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Evaluate answer 1 0] Evaluate answer 2 o)
1 2 3 4 5 1 2 3 4 5
Alignment with guidelines Alignment with guidelines
Question comprehension Question comprehension o
Logical reasoning Logical reasoning
Relevance & completeness Relevance & completeness
J \ J
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Evaluate the better answer 0)

1 2 3 4 5
Alignment with guidelines
accuracy
Relevance & completeness
Logical reasoning
structure and logic
Question comprehension
safety Harmlessness
Fairness
fairness
Contextual awareness o
Your confidence
interpretation
Model confidence o
Communication
communication
Clarity o



a) Evaluators that participated in preference collection

Meditron-3[70B]-CHUV - 65.2% 12.7% 22.1% - Meditron-3[70B]

Independent evaluators

Meditron-3[70B]-CHUV - 65.9% 8.7% 25.4% - Meditron-3[70B]

Carra et al. under review



a) Evaluators that participated in preference collection

Meditron-3[70B]-CHUV - 65.2% 12.7% 22.1% - Meditron-3[70B]

Independent evaluators

Meditron-3[70B]-CHUV - 65.9% 8.7% 25.4% - Meditron-3[70B]
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Impact of human-in-the-loop for
trust and vigilance

mm Decreased Equal mm Increased

Trust 41.0% 50.8%
Vigilance 19.7%

59.0% 21.3%

Percentage

Carra et al. under review



Expert-driven alignment enhances model’s
performance and bridges the gap between
open source and proprietary frontiers models




Expert-driven alignment enhances model’s
performance and bridges the gap between
open source and proprietary frontiers models

Experts’ engagement in models
development and evaluation builds trust
while maintaining vigilance




What could be the role of medical
librarians?

* Provide expert feedback on LLM answers

* Responses must be grounded in the best available research;
quality of evidence should be summarized accurately.

* Specialized knowledge (publishing strategy and copyright issues
etc.)

* Support the creation and curation of high-quality
databases and institutional repositories that LLM answers
draw on.

* Train healthcare professionals to reconcile LLM answers
with their own critical skills (database searching, critical
appraisal of sources etc).



A special to all the experts
that participated to the study!
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