
Guideline-enhanced large language models outperform 

physician-test takers on EASL Campus quizzes multiple 

choice questions

To the Editor:
Recent advances in large language models (LLMs) have 
garnered widespread attention in the medical community, 
especially given their ability to handle multimodal data such as 
images or audio-recordings. Safe deployment into clinical 
practice remains unclear, with a recent systematic review 
identifying a broad range of accuracy (6.4-91.4%) when 
ChatGPT answered clinical questions on digestive disease- 
related topics.1 This wide range of performance can be 
attributed to the use of baseline models without incorporating 
external medical knowledge from relevant medical guide
lines.2–4 A valuable resource to provide a useful benchmark for 
hepatology is the publicly available multiple-choice question 
(MCQ) database from the European Association for the Study 
of the Liver (EASL) Campus, designed to test knowledge of the 
content of current EASL guidelines. This benchmark is espe
cially critical because, unlike other digestive disease societies, 
it offers a comprehensive, guideline-referenced, and publicly 
accessible tool that sets a new standard for evaluating LLMs’ 
performance in the field.

We compiled a dataset of 110 MCQs from all available 
quizzes up to November 30th, excluding questions on basic 
science (n = 2) and rare liver diseases (n = 3) due to insufficient 
knowledge outlined in guideline documents. To establish a hu
man performance benchmark, we used data from previous on
line physician test-takers. Specifically, for each question, we 
determined the percentage of participants who answered 
correctly, then averaged these percentages across all questions 
to obtain an overall physician accuracy of 56.9%. We evaluated 
state-of-the-art LLMs including Gemini-1.5-Pro (Google’s AI), 
Claude-3-Opus (Anthropic), and GPT-4o (OpenAI). We incor
porated specific domain knowledge from current EASL guide
lines (published up to October 15th, 2024), using retrieval- 
augmented generation (RAG), supervised fine-tuning (SFT), 
only available for GPT-4o, or a combined approach. Full details 
are reported in the supplementary materials.5–7 The accuracy of 
each LLM configuration was measured as the percentage of 
correctly answered questions and compared against human 
performance by physician test-takers, using Fisher’s exact test. 
We defined statistical significance as a two-tailed p value less 
than 0.05.

As shown in Fig. 1, the baseline performance of each 
LLM showed varying degrees of improvement over human 
performance, with GPT-4o and Gemini-1.5-Pro achieving 
non-statistically significant higher accuracies of 65.7% and 
67.6%, respectively, while baseline Claude-3-Opus 
demonstrated statistically significant higher accuracy than 
physicians (72.4%, p = 0.026). The implementation of RAG 
consistently enhanced model performance across all 

models, with RAG-enhanced versions showing significant 
improvements over physician performance: GPT-4o (72.4%, 
p = 0.026), Gemini-1.5-Pro (74.3%, p = 0.017), and Claude- 
3-Opus (81.9%, p < 0.001). SFT-GPT-4o also yielded sub
stantial improvements (78.1%, p = 0.002). The combined 
SFT-RAG-GPT-4o configuration achieved the highest over
all accuracy of 87.6% (p < 0.001). Performance across 
different topical domains is reported in the supplemen
tary materials.

This study confirms both the comparable performance 
among baseline LLM configuration and physician test-takers,7–9

and the fact that injection of domain knowledge improved 
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Fig. 1. Evaluation framework of liver disease knowledge using EASL 
Campus multiple choice questions. A total of 105 multiple choice questions 
were collected and used to assess both human performance and various LLM 
configurations. The LLMs were tested in three configurations: (1) Baseline per
formance using standard models, (2) RAG-enhanced models incorporating 
relevant EASL guideline content, and (3) models improved through SFT or 
combined RAG-SFT approaches. Performance is shown as percentage accuracy 
for each configuration compared to human baseline performance. n.s., not sig
nificant; *p <0.05; **p <0.01. LLM, large language model; RAG, retrieval- 
augmented generation; SFT, supervised fine-tuning.

JHEP Reports, October 2025. vol. 7 | 101523 

Letter to the Editor 

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jhepr.2025.101523&domain=pdf


accuracy over the pooled human baseline. Previous studies have 
highlighted concerning limitations in LLM performance on stan
dardized medical assessment, with Suchman et al.9 demon
strating that ChatGPT-3 and ChatGPT-4 failed to pass the 
American College of Gastroenterology (ACG) self-assessment 
tests, achieving only 65.1% and 62.4% accuracy, respectively, 
below the required 70% passing thresholds. Similarly, in a pre
vious study we focused on questions related to upper gastroin
testinal bleeding from the ACG self-assessment tests, 
confirming that baseline models did not surpass average 
physician-test takers’ scores (average score: 75%), with SFT- 
GPT-4o outperforming test takers with accuracy approaching 
90%.7 With this study we confirm the potential of domain- 
knowledge injection to increase LLMs’ accuracy on a publicly 
available dataset released by one of the leading hepatological 
societies worldwide. The improvement in performance with SFT- 
GPT-4o is primarily due to its ability to internalize domain- 
specific knowledge from the fine-tuning process, enhancing 
the model’s understanding of clinical concepts, while RAG 
strengthens accuracy by dynamically incorporating relevant 
guideline-based information during inference, thus suggesting 
that integrating domain-specific knowledge is crucial for 
enhancing LLM performance in specialized medical fields.

However, we acknowledge that MCQ databases, while 
valuable for standardized assessment, have inherent limita
tions for evaluating LLM-based systems in clinical practice. 
Real-world clinical scenarios differ substantially from this 
controlled environment, requiring physicians to gather patient 
information through open-ended questioning, integrate multi
ple data sources, and employ multistep reasoning for diag
nosis and treatment planning.10 Future work should focus on 
creating comprehensive benchmarks that incorporate these 
aspects of clinical practice, capturing not only guideline 

recommended practices but pooled expertise to answer more 
complex clinical scenarios. Clinical questions posed by pa
tients and providers rarely exist within a vacuum, and bench
marks should be designed to handle uncertainty quantification, 
sequential decision-making across different providers and 
systems, and multimodal data (laboratory results, imaging, 
clinical notes) irregularly sampled over time.
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