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ABSTRACT

Introduction: This study aimed to evaluate the performance of GastroGPT, a
gastroenterology-specific large language model (LLM), compared to ChatGPT
and expert physician notes using real-life hepatocellular carcinoma (HCC)
cases.

Materials and Methods: Ten cases similar to HCC patients in the MIMIC-III
dataset were constructed and evaluated using GastroGPT, ChatGPT, and
expert notes. Model outputs were blindly scored using an evaluation system
covering seven clinical domains.

Results: GastroGPT scored higher than ChatGPT across seven clinical doma-
ins: Assessment and Summary Evaluation (8.80 + 0.84 vs. 6.31 + 1.69),
Additional Questions and History Taking (8.56 + 0.82 vs. 3.54 + 2.44,
p< 0.05), Diagnostic Evaluation (9.09 £+ 0.97 vs. 5.11 + 3.04, p< 0.05),
Treatment Plan (7.36 + 2.75 vs. 3.90 £ 3.60, p< 0.05), Follow-Up Plan (8.31
+1.70 vs. 4.75 £ 1.36, p< 0.05), Referral and Consultation (8.80 + 0.85 vs.
5.40 £ 1.69, p< 0.05), and Patient Education (7.76 + 1.85 vs. 2.89 + 1.81,
p< 0.05). GastroGPT also demonstrated higher scores compared to the atten-
ding physician in all evaluated domains: Assessment and Summary Evaluation
(8.80 £ 0.84 vs. 7.50 £ 0.81, p< 0.05), Diagnostic Evaluation (9.09 + 0.97
vs. 7.00 + 2.01, p< 0.05), Treatment Plan (7.36 + 2.75 vs. 7.15 £ 2.08,
p< 0.05), Follow-Up Plan (8.31 + 1.70 vs. 6.83 £ 0.92), and Referral and
Consultation (8.80 + 0.85 vs. 4.58 + 1.25, p< 0.05). In the overall rubric,
GastroGPT scored 8.73, while ChatGPT scored 4.69.

©Copyright 2025 by Turkish Archives of Internal Medicine. Available online at www.ichastaliklaridergisi.org
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Evaluating the Performance of GastroGPT on Hepatocellular Carcinoma

Conclusion: This study demonstrates the feasibility and potential of specialized clinical LLMs in managing HCC. GastroGPT exhibited
superior scores compared to ChatGPT and expert notes. Future research should focus on validating the model with real clinical data and
assessing its performance across various medical fields.
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Giris: Bu ¢alismada, gercek hepatoselliiler karsinom (HCC) vakalari kullanilarak, gastroenterolojiye 6zgii bir bliytik dil modeli (LLM) olan
GastroGPT’nin performansinin, ChatGPT ve uzman hekim notlariyla karsilastirilarak degerlendirilmesi amaglanmustir.

Materyal ve Metod: MIMIC-III veri setindeki HCC hastalarina benzer on vaka olusturulmus ve GastroGPT, ChatGPT ve uzman notlari
kullanilarak degerlendirilmistir. Model ciktilari, yedi klinik alani kapsayan bir degerlendirme sistemi kullanilip kér olarak puanlanmustir.

Bulgular: GastroGPT, yedi klinik alanda ChatGPT’den daha yiiksek puan aldi: Degerlendirme ve Ozet Degerlendirme (8.80 + 0.84%e
karst 6.31 = 1.69), Ek Sorular ve Anamnez Alma (8.56 + 0.82'ye karsi 3.54 + 2.44, p< 0.05), Tani Degerlendirmesi (9.09 + 0.97°ye
kars1 5.11 + 3.04, p< 0.05), Tedavi Plani (7.36 + 2.75e karsi 3.90 £ 3.60, p< 0.05), Takip Plani (8.31 +1.70% karsi 4.75 £+ 1.36, p<
0.05), Sevk ve Konstiltasyon (8.80 £ 0.85% karsi 5.40 £ 1.69, p< 0.05) ve Hasta Egitimi (7.76 £ 1.85% karsi 2.89 + 1.81, p< 0.05).
GastroGPT, degerlendirilen tiim alanlarda da ilgili hekime kiyasla daha yiiksek puaniar almistir: Degerlendirme ve Ozet Degerlendirme
(8.80 + 0.84%e karsi 7.50 + 0.81, p< 0.05), Tani Degerlendirme (9.09 + 0.97°ve karsi 7.00 + 2.01, p< 0.05), Tedavi Plani (7.36 +
2.75% kars1 7.15 £ 2.08, p< 0.05), Takip Plani (8.31 + 1.70’e karsi 6.83 + 0.92) ve Sevk ve Konsliltasyon (8.80 + 0.85e karsi 4.58
+ 1.25, p< 0.05). Genel dederlendirmede GastroGPT 8.73 puan alirken, ChatGPT 4.69 puan almistir.

Sonug: Bu calisma, HCC yénetiminde ézel klinik LLMlerin uygulanabilirligini ve potansiyelini géstermektedir. GastroGPT, ChatGPT ve

uzman notlarina kiyasla (stiin puanlar almistir. Gelecekteki arastirmalar, modeli gercek klinik verilerle dogrulamaya ve cesitli tibbi alan-
larda performansini degerlendirmeye odaklanmalidir.

Anahtar Kelimeler: Hepatoseliiler karsinom, yapay zeka, biiyiik dil modelleri

INTRODUCTION

Hepatocellular carcinoma (HCC) ranks as the sixth
most prevalent malignancy and the third principal
contributor to cancer-related mortality on a global
scale (1). Furthermore, prognostic trends indicate a
projected rise in both mortality and incidence rates over
the forthcoming decade (2). The treatment landscape
for HCC is evolving and requires a multidisciplinary
approach that includes surgery, transplantation,
locoregional therapies, and systemic treatments,
and a personalized plan should be devised for every
patient by a multidisciplinary team, considering liver
function, patients functional status, comorbidities,
cancer characteristics, and patient preferences (3,4).

extensive and various datasets, LLMs can retrieve
information and produce human-like text, making
them potentially valuable for clinical applications.
However, current general-purpose LLMs, such as
ChatGPT face limitations, including inconsistency,
unreliability, and the risk of generating misleading or
incorrect information (7,8). If used, LLMs can be useful
in virtually every setting of patient care, but these
limitations impede their direct use in clinical settings.
To effectively integrate LLMs into patient care, one
solution may be to develop specialized models tailored
to specific clinical domains, ensuring enhanced
reliability, consistency, and accuracy (9).

One effort of this specialized clinical LLMs is GastroGPT.

However, this necessary multidisciplinary expertise
is limited to centers with high volume, at the end
restricting access to care for HCC patients, and
solutions to standardize and democratize care is
required.

In the recent years, artificial intelligence (Al) is
transforming various aspects of medicine and providing
solutions to long-standing problems in diagnostics,
drug discovery, risk analyses and other domains of
healthcare (5). Among Al models, Large Language
Models (LLMs) are being used more frequently
with new advancements in the field (6). Trained on

GastroGPT is a deployable, gastroenterology specific
Al model trained and tuned for clinical tasks using
up-to-date evidence-based documents. GastroGPT
showed potential benefit when used in more specific
clinical tasks. As such in this study, our objective was
to compare the performance of GastroGPT with that
of general knowledge LLMs and human experts using
real-life patient cases. To ensure patient privacy and
adhere to ethical standards, we employed an open,
publicly available, anonymized dataset. By evaluating
GastroGPT’'s performance in a simulated real-world
environment, we aimed to assess its feasibility and
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utility in clinical practice. We also aimed to identify the
level of expertise needed to create effective clinical
task models for improving patient care. We believed
that GastroGPT would perform better than general
knowledge language models and produce text similar
in quality to that of human experts. The results of
this study could help in the development and use
of specialized clinical language models, ultimately
improving patient care and outcomes in managing
HCC and other medical conditions.

MATERIALS and METHODS
Study Design and Patient Data

This study employed a blinded, controlled experimental
design to evaluate the feasibility, performance and
potential utility of a domain-specific Al system,
GastroGPT, in the context of managing patients with
HCC. The study aimed to compare the outputs of
GastroGPT, with general-purpose language model
(ChatGPT), and attending physician notes to assess
the feasibility and benefits of using a specialized
clinical Al system in gastroenterology.

ChatGPT, a widely adopted and state-of-the-art general-
purpose language model, was selected to compare the
performance differences between domain-specific and
general Al systems in managing HCC patients. Although
ChatGPT has not been specifically designed for clinical
applications, it has demonstrated capabilities in
various clinical tasks, including question answering,
text summarization, and content generation (10). The
ChatGPT model used in this study was GPT-4.0.

This study was based on the Medical Information
Mart for Intensive Care Il (MIMIC-IIl) database, which
contains de-identified and comprehensive clinical
patient data from hospital admissions at Beth Israel
Deaconess Medical Center in Boston, Massachusetts
(11). To identify relevant cases, a screening process
was conducted on over 18.000 patient records
using Medical Subject Headings keywords. This
screening process categorized patients based on
the presence of HCC and various gastroenterology
subspecialties, including hepatology, oncology, and
emergency admissions. Based on this categorized
dataset, ten HCC-like cases were constructed rather
than directly selecting patients, ensuring alignment
with real-world clinical scenarios. A representative
example of GastroGPT’s structured recommendation
alongside the original physician note is provided in
Supplementary Table S1 to illustrate key differences in
clinical phrasing and rubric grading.

Gastroenterology Specific Large Language Model

GastroGPT is an Al system designed specifically for
clinical tasks within the field of gastroenterology. The
model’s architecture is modular, which allows for
potential future enhancements such as incorporating
imaging data and specializing in gastrointestinal
subspecialties. GastroGPT is built upon a transformer-
based neural network architecture with attention
mechanisms, aiming to generate clinically relevant
language related to gastroenterology. The model
employs an encoder-decoder structure and multi-
headed self-attention to handle complex clinical
notes. During development, GastroGPT underwent
an iterative process with expert-curated data with
frequent performance evaluations to align with model
with clinical needs and optimize content. Notably,
the model was trained solely on expert-curated data,
omitting patient cases or clinical data to isolate the
effects of its design and enhance transparency.
Current evidence suggests GastroGPT can be more
successful than the available general LLMs and can be
comparable to human notes in real life patient cases
(12-14).

GastroGPT was developed by fine-tuning OpenAl’s GPT-
3.5-turbo base model using a corpus of approximately
500.000 de-identified, expert-curated gastroenterology
resources, including clinical guidelines, academic
literature, radiology/pathology reports, and synthetic
cases. No identifiable patient data were used during
training

Evaluation

The study involved providing LLMs with case
presentation notes and comparing their outputs to
the corresponding attending notes for each case. To
facilitate a comprehensive evaluation, an extensive
rubric was developed by experts, covering tasks
in seven domains that mirror the clinical workflow:
Assessment and Summary, Additional History
Gathering, Diagnostic Studies, Proposed Management,
Follow-up Recommendations, Referral Guidance,
and Patient Counseling and Communication. The
model outputs were evaluated in a blinded manner. A
systematic scoring system was developed to evaluate
the quality of model outputs across seven clinical task
domains, using a scale ranging from 1 to 10. This rubric
considered aspects such as comprehensiveness,
relevance, evidence support, safety, feasibility, and
patient focus for each task. Each domain was assigned
a weight factor to compute the comprehensive score
based on its relevance in patient care (20%, 15%,
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15%, 20%, 5%, 10%, and 20%, respectively). Each
reviewer individually assessed all model outputs for
each case and provided qualitative feedback when
necessary (15).

Statistical Analysis

All statistical analyses were performed using R (version
4.1.0) and Python (version 3.9.5) software. The
normality of score distributions was assessed using
the Shapiro-Wilk test. Descriptive statistics, including
means, standard deviations, and percentages,
were used to summarize reviewer ratings. Interrater
reliability was evaluated using the intraclass correlation
coefficient (ICC) with a two-way random-effects model
and absolute agreement.

The primary outcome was the overall weighted
performance, calculated as the average of scores
across all clinical tasks. Secondary outcomes included
individual task performances and consistency across
case complexity. Due to the lack of relevant responses
in the attending notes for Additional History Gathering
and Patient Counseling and Communication, these
sections were excluded from the analyses.

Paired t-tests were employed to compare the
performance of GastroGPT with general language
models for each clinical task. Analysis of variance
(ANOVA) was used to assess overall performance
differences between the models. Subgroup analyses
were conducted to investigate potential interactions
between model scores and case characteristics, such
as complexity, clinical presentation, and disorder
frequency, using ANOVA and linear regression
techniques. Levene’s test was used to compare score
variance between models.

Multiple comparisons were addressed using
Bonferroni correction to control the familywise error
rate. Statistical significance was set at a two-tailed
p-value <0.05. Effect sizes were reported using
Cohen’s d for pairwise comparisons and partial eta-
squared (n2p) for ANOVA. Confidence intervals (95%
Cl) were provided for all point estimates.

Qualitative feedback from reviewers was analyzed
using an inductive thematic analysis approach. Two
researchers independently coded the responses and
identified emerging themes. Discrepancies in coding
were resolved through discussion until consensus was
reached. The frequency of each theme was reported,
and representative quotes were selected to illustrate
key findings. Likert scale responses were compared
between models using the Mann-Whitney U test, with
response categories coded as numerical scores (1-
5). The null hypothesis assumed no difference in the
responses generated by the two models and attending
notes.

RESULTS

Based on the MIMIC-IIl dataset, a total of 10 HCC-
like cases were constructed for this proof-of-concept
study instead of directly selecting patients. Detailed
information regarding the ages, genders, case
complexity, chief complaints, and chronic diseases of
the constructed cases is provided in Table 1. The word
counts of the patient document as well as the word
counts of the LLM output are displayed in Table 2.

Across seven clinical domains, GastroGPT scored
higher than ChatGPT: Assessment and Summary
Evaluation (8.80 + 0.84 vs. 6.31 + 1.69), Additional
Questions and History Taking (8.56 + 0.82 vs. 3.54
+ 2.44 <0.05), Diagnostic Evaluation (9.09 + 0.97
vs. 5.11 + 3.04 <0.05), Treatment Plan (7.36 + 2.75
vs. 3.90 + 3.60 <0.05), Follow-Up Plan (8.31 + 1.70
vs. 4.75 + 1.36 <0.05), Referral and Consultation
(8.80 £ 0.85 vs. 5.40 £ 1.69 <0.05), and Patient
Education (7.76 + 1.85 vs. 2.89 + 1.81 <0.05).
Likewise, GastroGPT demonstrated higher evaluation
scores across all evaluated domains compared to
the attending physician: Assessment and Summary
Evaluation (8.80 + 0.84 vs. 7.50 = 0.81 <0.05),
Diagnostic Evaluation (9.09 + 0.97 vs. 7.00 + 2.01
<0.05), Treatment Plan (7.36 + 2.75 vs. 7.15 %
2.08 <0.05), Follow-Up Plan (8.31 + 1.70 vs. 6.83 +
0.92), and Referral and Consultation (8.80 + 0.85 vs.
4.58 + 1.25 <0.05). When comparing ChatGPT with

Attending Physician Note
72-year-old male with chronic HBV
RUQ pain, AFP 450 ng/mL.
MRI: 3.5 cm lesion in segment V,
no vascular invasion. Child-Pugh A.
Plan: Transarterial chemoembolization (TACE).

GastroGPT Output (Case 4)
Staging: BCLC A (solitary =5 cm, CP-A)
Primary recommendation: RFA
Alternative: Surgical resection
Follow-up: MRI g3 months x 1 year
Rubric scores:
- Diagnostic interpretation: 9/10
- Treatment plan: 8/10
- Guideline concordance: 9/10

Figure 1. Comparison between the attending physician note and GastroGPT output for case 4.
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Table 1. Age, sex, complexity, chief complaint, and chronic diseases of the cases

Age Sex  Complexity Chief Complaint Chronic Diseases
1. 61 M Middle Fevers/cholangitis Alcoholic cirrhosis, hepatocellular carcinoma (HCC),
delayed hepatic arterial thrombosis, ischemic
cholangiopathy, bile lakes
2 84 M High Falls and hip pain NASH cirrhosis, hepatocellular carcinoma (HCC), portal
vein thrombosis, grade Il varices, hepatic encephalopathy,
refractory ascites, spontaneous bacterial peritonitis
(SBP), Clostridium difficile infection (CDI), arteriovenous
malformations (AVMs) in the cecum, coronary artery
disease (CAD), benign prostatic hyperplasia (BPH), type 2
diabetes mellitus (DM2), hypothyroidism, anemia, gastric
cancer
3. 75 M Low Coffee ground Hepatocellular carcinoma (HCC), hepatitis B cirrhosis,
emesis varices
4 64 M Middle IVC thrombus Hepatitis C (hep C), hepatocellular carcinoma (HCC),
extending into the hypertension (HTN)
right atrium
5 66 F Middle Chest pain Cirrhosis secondary to hepatitis C virus (HCV),
hepatocellular carcinoma (HCC), history of TIPS procedure
6. 71 M Low Worsening Multifocal hepatocellular carcinoma (HCC), cirrhosis of
weakness and unclear etiology
fatigue
7. 66 M Low Gastrointestinal Hepatitis B cirrhosis, hepatocellular carcinoma (HCC)
bleeding
8 58 M High Mild abdominal End-stage liver disease (ESLD), hepatitis C (HepC),
pain and hepatocellular carcinoma (HCC), encephalopathy,
spontaneous esophageal varices, ascites refractory to paracentesis,
bacterial peritonitis failure to thrive (FTT), hepatorenal syndrome
(SBP)
9 69 F High Slowly progressive  Metastatic hepatocellular carcinoma (HCC), nonalcoholic
weakness, acute steatohepatitis (NASH) with cirrhosis, type 2 diabetes,
renal failure, hypertension, hidradenitis, arthritis, history of hip and
hyponatremia, knee replacements, history of D&C, smoking history
hypotension
10. 77 M Middle Shortness of Alcoholic cirrhosis, hepatocellular carcinoma (HCC) status
breath (SOB) post-ablation, congestive heart failure (CHF), chronic atrial
fibrillation (afib), portal vein thrombus, chronic obstructive
pulmonary disease (COPD)

attending notes, the attending notes achieved higher Statistical analysis results indicate significant

scores in Assessment and Summary Evaluation (7.50
+ 0.81 vs. 6.31 + 1.69 <0.05), Diagnostic Evaluation
(7.00 £ 2.01 vs. 5.11 £ 3.04 <0.05), Treatment Plan
(7.15 + 2.08 vs. 3.90 + 3.60 <0.05), and Follow-Up
Plan domains (6.83 £ 0.92 vs. 4.75 + 1.36 <0.05).
However, ChatGPT attained a higher score in the
Referral and Consultation domain (5.40 + 1.69 vs.
4.58 + 1.25 <0.05). In the overall rubric, GastroGPT
outperformed ChatGPT with a score of 8.73, whereas
ChatGPT obtained a lower score of 4.69. The mean
scores and overall scores of the models and attending
notes are presented in Table 3.

differences in scores among GastroGPT, ChatGPT, and
Attending Notes. GastroGPT and ChatGPT resulted in
a statistic of 145 and a p-value of 0.01, indicating a
significant difference in scores favoring GastroGPT.
Similarly, comparing GastroGPT and Attending Notes
showed a statistic of 130 and a p-value of 0.02, again
indicating a significant difference favoring GastroGPT.
However, the comparison between ChatGPT and
Attending Notes yielded a statistic of 170 and a p-value
of 0.15, which is not statistically significant.
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Table 2. Word counts of model outputs

Input GastroGPT ChatGPT Attending Notes
1623 222 477 435
1199 150 395 475
636 91 365 395
618 111 406 143
895 261 426 385
851 309 424 631
1154 241 376 477
833 237 378 210
989 180 385 534
873 261 403 254

Table 3. Gastrogpt, Chatgpt, and attending notes scores across various clinical domains, including assessment and

summary, additional questions and history taking, diagnostic evaluation, treatment plan, follow-up plan, referral and

consultation, and patient education

Additional
Assessment Questions
and and
Summary History = Diagnostic Referral and Patient
Evaluation Taking Evaluation Treatment Follow Up Consultation Education
(20% (15% (15% Plan (20% Plan (5% (10% (20% Total
weight) weight) weight) weight) weight) weight) weight)  Score
GastroGPT 8.80+0.84 8.56+0.82 9.09+0.97 7.36+275 831+1.70 880+0.85 776+1.85 8.73
ChatGPT 6.31+1.69 354+244 511+3.04 390+3.60 475+1.36 540+1.69 289+1.81 4.69
Attending 7.50+0.81 6.00+£1.50 7.00+2.01 7.15+2.08 6.83+0.92 4.58+1.25 5.00+1.75 6.50
Notes
Pearson’s correlation coefficient analysis was and history, diagnostic evaluation, treatment plan,

conducted to assess the agreement between the
ratings provided by Rater 1 and Rater 2. The analysis
revealed a strong positive correlation between the
ratings (r= 0.75, p< 0.05), indicating statistically
significant agreement. Levene’s test confirmed
significant differences in variances among the scores
(statistic= 5.997, p= 0.007).

DISCUSSION

In this study, we evaluated the feasibility of a specialized
clinical language model in managing HCC cases of
varying complexities by comparing it with general-
purpose LLMs and attending notes. We focused on
criteria that simulated the comprehensive clinical care
of these patients. Each criterion was assigned a specific
weight to comprehensively assess the capabilities
of the LLMs and attending notes. GastroGPT scored
higher than ChatGPT in seven clinical domains:
assessment and summary, additional questions

follow-up plan, referral and consultation, and patient
education. GastroGPT also scored higher the attending
physician in all evaluated domains. ChatGPT scored
higher than the attending notes in the referral and
consultation domain, while the attending notes’ scores
were higher in all other domains. Nevertheless, these
findings underscore the potential of Al-driven tools to
standardize HCC therapeutic decisions across varied
clinical settings. We acknowledge that constructing ten
HCC-like scenarios from the MIMIC-III intensive-care
dataset-rather than enrolling consecutive, real-world
patients with intermediate (BCLC B) and advanced
(BCLC C) disease-inevitably limits the external validity
of our proof-of-concept model. Management of BCLC
B and C HCC exhibits considerable heterogeneity,
encompassing diverse downstaging protocols (e.g.,
transarterial chemoembolization, radioembolization),
expanded transplant eligibility frameworks (UCSF, up-to-
seven criteria), and varying surgical resection thresholds
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across Eastern and Western high-volume centers.
Moreover, region-specific use of systemic agents
(sorafenib, lenvatinib, atezolizumab-bevacizumab)
and absence of dynamic tumor biomarkers (AFP
kinetics, molecular subtypes) in our simulated
cohort further constrain generalizability. Prospective,
multicenter investigations that enroll unselected BCLC
B/C populations, employ standardized eCRF-based
data capture and align with Transparent Reporting
of a multivariable prediction model for Individual
Prognosis Or Diagnosis (TRIPOD) reporting guidelines,
are therefore essential to validate and extend these
preliminary findings (16).

There has been previous efforts on utilizing Al
technology in care of HCC patients, with most
models focusing on liver metastasis detection, tumor
classification, differentiation of liver conditions, HCC
nuclei grading, nucleus segmentation, diagnosis and
prognosis after treatment (17-20). The comprehensive
review can be found in other resources (21,22).
Yasaka et al. utilized a convolutional neural network
(CNN) to classify liver masses into five categories
using dynamic contrast-enhanced CT images (23).
From the prognosis side, the recently developed and
validated a machine learning model demonstrated
the model’s superior accuracy in predicting the risk
of post-liver transplant hepatocellular carcinoma
recurrence compared to other conventional scores
(24). Another study constructed a traditional Al model,
a gradient boosting machine learning algorithm,
predicting patient survival at six time points and
included 100 HCC patients (80% male) with a
median overall survival of 43 months (range: 0.7-256
months). Survival rates at six, 12, 24, 36, 60, and 120
months were 88%, 81%, 67%, 60%, 40%, and 11%,
respectively. The model’s mean area under the curve
(AUC) was 0.92 for survival beyond six months, 0.81
for beyond one year, 0.78 for beyond two years, 0.81
for beyond three years, 0.82 for beyond five years,
0.81 for beyond eight years, and 0.66 for beyond
10 years. The machine learning model effectively
predicted both short- and long-term survival for HCC
patients (25).

More recently, LLMs have been studied in HCC,
as in many fields of medicine. However, the lack
of standardized methods for evaluating LLM
performance has led most research to rely on multiple-
choice questions and pre-made standardized tests
typically used in board examinations (26-28). In
gastroenterology, a study found that ChatGPT achieved

passing scores on the 2021 and 2022 American
College of Gastroenterology Self-Assessment (ACG-SA)
exams when provided with an engineered prompt to
optimize its reasoning approach. ChatGPT scored an
average performance comparable to that of human
test-takers (10). However, an earlier study using
minimal prompt instructions found that ChatGPT failed
to pass these exams, which indicatesthat prompt
optimization is crucial for maximizing the clinical
reasoning capabilities of general LLMs (29).

Yeo et al. assessed the accuracy and reproducibility
of ChatGPT’s responses to 164 questions regarding
cirrhosis and HCC. Two transplant hepatologists
independently graded the responses, with a third
reviewer resolving any discrepancies. ChatGPT
accurately answered 79.1% of questions about
cirrhosis and 74.0% of questions about HCC; however,
only 47.3% and 41.1% of the responses, respectively,
were deemed comprehensive. The model successfully
provided basic knowledge, lifestyle advice, and
treatment information but was less effective in
addressing diagnosis and preventive medicine.
Despite lacking specifics on regional guidelines,
ChatGPT offered practical advice on next steps and
adapting to a new diagnosis, indicating its potential
as a supplementary informational tool for both
patients and physicians (30). In another study, Ge et
al. developed a liver-specific LLM utilizing retrieval-
augmented generation (RAG) alongside the University
of California - San Francisco’s PHI-compliant text
embedding platform. It demonstrated proficiency in
providing binary responses to all 10 questions posed.
However, detailed justifications were inaccurate for
three questions. While their model exhibited promise in
addressing clinical hepatology inquiries with specificity,
limitations in the diversity of documents used for RAG
contributed to some knowledge deficiencies. Despite
these constraints, their model serves as a proof of
concept for harnessing RAG to tailor LLMs for clinical
contexts, thereby paving the path towards personalized
medicine in the future (31).

CONCLUSION

Our investigation demonstrated numerous advantages,
which encompass a meticulously controlled and
replicable direct assessment between GastroGPT,
ChatGPT and Attending Notes, alongside the
employment of diverse simulated scenarios that
reflect actual HCC clinical care. Nevertheless, we did
not utilize real clinical data for validation, which may
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impact the generalizability of the model’s performance
to real-world settings. Additionally, the study’s reliance
on expert feedback introduces a degree of subjectivity,
which could affect the reliability of the results. Finally,
the scope of the dataset, limited to ten patient cases,
restricts the comprehensiveness of the evaluation.

Future research should focus on validating the
model with real clinical data, minimizing biases, and
assessing its performance across various medical
fields to establish broader applicability. In this regard,
the focus should be on comparing the efficacy of Al
models with that of human specialists, enhancing
GastroGPT by augmenting its training datasets, and
assessing its applicability across diverse medical and
surgical disciplines to ascertain its generalizability.
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