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Abstract

Background and Aims: The role of artificial intelligence (Al) in hepatology is rapidly expanding. However, the ability of Al chat models such as
ChatGPT to accurately answer clinical questions remains unclear. This study aims to determine the ability of large language models (LLMs) to
answer questions in hepatology, as well as compare the accuracy and quality of responses provided by different LLMs.

Methods: Hepatology questions from the Digestive Diseases Self-Education Platform were entered into three LLMs (OpenAl’s ChatGPT-4,
Microsoft's Bing, and Google's Bard) between September 7 and 13, 2023. Questions were posed with and without multiple-choice answers.
Generated responses were assessed based on accuracy and number of correct answers. Statistical analysis was performed to determine the
number of correct responses per LLM per category.

Results: A total of 144 questions were used to query the Al models. ChatGPT-4's accuracy was 62.3%, Bing's accuracy was 53.5%, and Bard's
accuracy was 38.2% (P < .001) for multiple-choice questions. For open-ended questions, ChatGPT-4's accuracy was 44.4%, Bing's was 28.5%,
and Bard's was 21.4% (P < .001). ChatGPT-4 and Bing attempted to answer 100% of the questions, whereas Bard was unable to answer 11.8%
of the questions. All 3 LLMs provided a rationale in addition to an answer, as well as counselling where appropriate.

Conclusions: LLMs demonstrate variable accuracy when answering clinical questions related to hepatology, though show comparable efficacy
when presented with questions in an open-ended versus multiple choice (MCQ) format. Further research is required to investigate the optimal
use of LLMs in clinical and educational contexts.
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Introduction ability of different Al chat models to accurately respond to
clinical questions in hepatology. Given the broader use of Al
chat models by patients, trainees, and healthcare providers,
understanding LLMs’ ability to provide accurate responses
has both clinical and educational implications. Therefore, the
purpose of this study was to assess and compare the ability of
different AI chat models to respond to hepatology questions

as well as provide insight into their strengths and limitations.

The role of artificial intelligence (Al) in medicine is a rapidly
evolving area of study. Within the domain of hepatology, Al
models have been used to enhance the analysis of liver ra-
diology, blood work, and histopathology; diagnose; predict
of recurrence of hepatocellular carcinoma; and interpret non-
invasive tests.!

One area of recent interest has been the feasibility of using
Al chat models, also known as large language models (LLMs),
to answer clinical questions. The ability of LLMs such as
ChatGPT to accurately answer medical and subspecialty
board examination questions has been studied previously,

Methods
Question selection and use of Al-based LLMs

with variable results.”* ChatGPT has also demonstrated
a promising capacity to answer questions related to cir-
rhosis, hepatocellular carcinoma,’ and liver transplantation.®
However, to our knowledge, the use of Al chat models to
answer questions in other domains of hepatology, such as
viral hepatitis and other liver diseases, has not been studied.
Furthermore, there is a paucity of research comparing the

Multiple choice questions taken from the Digestive Diseases
Self-Education Platform (DDSEP+), created by the American
Gastroenterological Association, were used as prompts in this
study.”” This resource was chosen as it is published by an
established medical society, widely recognized by gastroen-
terology providers, and its questions are regularly updated
to reflect recent guidelines. Questions were taken from the
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end-of-chapter review questions for hepatology-focused
chapters (5-7): “viral hepatitis,” “metabolic, hereditary, in-
flammatory, and vascular diseases of the liver,” and “cirrhosis
and liver transplantation.” All published questions were in-
cluded; repeat questions were removed. When lab values were
presented in a table format, they were transcribed to sentence
form, with reference values provided as seen in the original
question.

Prompts were queried into three Al-based chat models:
OpenAl’s ChatGPT-4 (San Francisco, California), Microsoft’s
Bing (Redmond, Washington), and Google’s Bard (Mountain
View, California). Each question was posed as a new chat
conversation, and queries were input between September 7,
2023, and September 13, 2023. Questions were input twice:
first with the prompt “Answer this question,” omitting the
multiple-choice answers, and then again with the prompt
“Answer this multiple-choice question” and the multiple-choice
answers listed. For multiple-choice questions, if the LLM did
not provide an answer in line with one of the options listed,
it was prompted to choose a single answer for a maximum
of 3 attempts. Questions and responses were organized using
an Excel spreadsheet. Questions were organized into columns
related to the chapter and question number, question text,
multiple choice question options, and the answer provided by
DDSEP+. Questions were sorted into the following categories:
case scenario (ie, a specific patient scenario was presented), ep-
idemiology/risk factors (ie, a question concerned specific risk
factors or disease statistics), and guideline/policy (ie, a question
asked for management based on specific guidelines or policies
without much case detail); each question was also classified
by question type (pathophysiology, investigation, diagnosis,
management, surveillance, epidemiology, pharmacology).
Responses were organized by type of LLM. The inclusion of
laboratory values, imaging findings, and pathology findings
within the question stem were noted.

Outcomes

Responses generated by LLMs were compared to the
responses provided by DDSEP+. Answers were marked as
correct, incorrect, or unable to answer. Questions that the
LLM was unable to answer were counted as incorrect. If the
LLMs provided multiple potential courses of action, including
the correct answer, this was classified as a separate category
(“multiple answers given”) but counted as incorrect in final
analyses. Similarly, answers that required re-prompting were
classified as incorrect in order to provide a more conserva-
tive estimate of LLM capability, though whether or not the
next answer given was correct was recorded. The number of
correct answers based on subject matter and question type,
as well as the accuracy of correct answers, were assessed
by medical trainees under the guidance of a hepatologist.
Questions were separated into the following subgroups: cor-
rect, incorrect, and unable to answer. Subgroup analyses were
conducted based on the question type, with questions being
classified as epidemiology/risk factors (ie, a question con-
cerning specific risk factors or natural history of a condition),
pathophysiology (ie, regarding a specific disease process/char-
acteristic), investigation (ie, question about what diagnostic
test is most appropriate in a given scenario), diagnosis (ie,
the question asked about a most likely diagnosis/features of
a diagnosis), management (ie, the question concerning most
appropriate treatment or medication), surveillance (ie, the

question asked about surveillance for a particular condition),
and pharmacology (ie, the question asked about a medication
interaction or side effect).

Statistical analysis

All statistical analyses were performed using STATA
(StatCorp version 17, College Station, TX). Data were re-
ported as the proportion of correct answers per LLM and per
question category in percentages (%). A 2 x 3 chi-square test
was used to compare dichotomous variables. Statistical tests
were all 2-sided, and the threshold for significance was set at
P <.05. 95% confidence intervals (Cls) were provided where
applicable.

Results

A total of 144 questions were used to query the LLMs. These
included case scenarios (7 = 126), epidemiology/risk factors
(n = 3), and guideline/policy-based question (7 = 15); ques-
tion subgroups included epidemiology/risk factors (n = 135),
pathophysiology (7 = 8), investigation (7 = 22), diagnosis (7 =
15), management (7 = 69), surveillance (7 = 6), and pharma-
cology (1 = 9). Seventy-four % of questions included labora-
tory values, 34% included imaging findings (including fibrosis
index), and 6% included pathology results to interpret.

Of the 144 multiple-choice questions used, ChatGPT-4
correctly answered 90 (62.3%), Bard correctly answered 55
(38.3%), and Bing correctly answered 77 (53.5%) (Table 1).
When prompts were input into the LLMs in an open-ended
fashion, ChatGPT-4 correctly answered 64 (44.4%), Bard
correctly answered 31 (21.5%), and Bing correctly answered
41 (28.5%) (Table 2). Both ChatGPT-4 and Bing attempted
to answer all provided questions (Table 2); Bard was un-
able to answer 17 (11.8%) multiple choice questions and 18
(12.5%) open-ended questions; of these, 1 concerned diag-
nosis, 1 was related to epidemiology, 5 were investigation-
based questions, 9 were related to management, and 1 was
related to pharmacology. Re-querying Bard did not lead to an
answer in this setting, with the LLM answering “I am unable
to answer” after 3 attempts. No rationale for this was pro-
vided. ChatGPT-4 had the highest number of correct answers
across question subjects (57.1% of viral hepatitis, 68.9% of
cirrhosis and liver transplant, 62.0% of metabolic, hereditary,
inflammatory, and vascular disease of the liver), while Bard
had the lowest number of correct responses (Table 3). We also
assessed instances where multiple answers were provided in
response to a multiple choice question: this occurred for 2
questions answered by ChatGPT, 16 questions answered by
Bing, and 0 questions answered by Bard. When the LLMs

Table 1. Accuracy of provided answers for multiple choice questions by
different large language models.

Al model Correct 7 (%) Incorrect 1 (%)
Chat-GPT4 90 (62.5%) 54 (37.5%)
Bard 55(38.2%) 89 (61.8%)
Bing 77 (53.5 %) 67 (46.5%)
P-value <.001 <.001

Abbreviation: Al, artificial intelligence.
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were re-prompted to choose, ChatGPT correctly answered 1/2
(50%) and Bing correctly answered 9/16 (56 %) of questions.
The results of subgroup analysis by question type are
summarized in Table 4. ChatGPT answered significantly
more questions correctly in the diagnosis category (80% cor-
rect) compared to Bing (66.7% correct) and Bard (25% cor-
rect) (P = .002). In the surveillance category, Bing correctly
answered significantly more questions (100%) compared to
ChatGPT (83.3%) and Bard (33.3%). There were no signif-
icant differences in accuracy noted between the LLMs when
answering questions related to epidemiology/risk factors,
investigations, pathophysiology, or pharmacology.

Discussion

The present study sought to evaluate the ability of LLMs to
answer clinical questions in hepatology and it is the first to
compare the quality and reliability of provided responses. We
found a statistically significant difference in the overall accuracy

Table 2. Accuracy of provided answers for open-ended questions by
different large language models.

Al Correct n Incorrect #  Multiple answers given with
model (%) (%) correct answer included 7 (%)
Chat- 64 (44.4)  S9(41.0) 21 (14.6)

GPT4

Bard 31(21.5) 104 (722) 9 (6.3)

Bing 41(28.5) 76 (52.8) 27 (18.8)

P-value <.001 <.001 .006

Abbreviation: Al, artificial intelligence.

Table 3. Accuracy of provided answers by question subject.

Al Viral Cirrhosis Metabolic, hereditary,
model hepatitis, 7 and liver inflammatory, and
(%) n=49 transplant, 7 vascular diseases of

(%) n=45 the liver 7 (%) n =50

Chat- 28 (57.14) 31 (68.88) 31 (62.00)

GPT4

Bard 15 (30.61) 23 (51.11) 24 (47.85)

Bing 27 (55.10) 23 (51.11) 25 (50.35)

P-value 014 144 929

Abbreviation: Al, artificial intelligence.

between the three different LLMs, with ChatGPT-4 consistently
providing the highest number of correct answers both with and
without multiple choice prompts, followed by Bing, then Bard.
ChatGPT-4 and Bing attempted to answer all questions pro-
vided, while Bard did not attempt to answer a proportion of
the provided questions. Interestingly, all 3 models provided a
rationale for their responses, as well as counselling, where ap-
propriate. These findings not only highlight an emerging role
for the use of Al technology in clinical and educational settings
but also demonstrate that not all LLMs are created equal.

Given the increasing ubiquity of Al technology, its integra-
tion into medical practice and education has been an area of
recent study. LLMs are a form of Al technology that predicts
the likelihood of a given word sequence based on the context
of a prompt and the previous patterns on which it has been
trained. LLMs such as ChatGPT have gained popularity due to
their capabilities for answering questions in plain language and
performing a wide range of clinical tasks. Our study showed
that, while LLMs show a promising ability to draw conclusions
from complex clinical problems, generated answers should be
interpreted with caution. A recent study showed that ChatGPT
was unable to pass the American College of Gastroenterology’s
self-assessment examination, highlighting the limitations of
LLM:s as an educational tool.* Similarly, Yeo et al’ found that
despite showing extensive knowledge of cirrhosis and HCC,
clinical advice provided by ChatGPT lacked specific knowledge,
such as decision-making cut-offs, treatment durations, and re-
gional guideline variations. One identified pitfall of LLMs is
their ability to generate specific, fluent answers that are factu-
ally incorrect, also known as stochastic parroting.!® Providers
should proceed with caution when utilizing these modalities to
provide definitive answers to clinical questions. Interestingly,
the LLMs used in our study performed better when there were
multiple-choice options provided compared to open-ended
questions, suggesting that with appropriate training, an LLM
could serve as a useful clinical adjunct with close supervi-
sion. We also found significant variability in the accuracy and
quality of provided answers between LLMs based on the type
of question provided. Two out of three models demonstrated
high accuracy when given questions concerning surveillance
(eg, for hepatocellular carcinoma) and diagnosis, topics that
are arguably clearer cut and algorithmic in nature, suggesting
LLMs may be best suited for answering questions in situations
with well-established protocols. However, further studies are
required in order to better understand the limitations of this
technology.

Interestingly, while all 3 models alluded to the impor-
tance of consulting recent guidelines or provider expertise

Table 4. Accuracy of provided answers by question type by different large language models.

Al Diagnosis 7 Epidemiology/risk Investigations Management Pathophysiology Surveillance Pharmacology
model correct (%) factors n correct (%) n correct (%) n correct (%) n correct (%) n correct (%) n correct (%)
Total n =15 Total n =15 Total n =22 Total n = 69 Total n =8 Total n =6 Total n =9
Chat- 12 (80.0) 11 (73.3) 12 (54.5) 39 (56.5) 5(62.5) 5(83.3) 6 (66.7)
GPT4
Bard 3(25.0) 5(33.3) 8 (36.4) 29 (42.0) 3(37.5) 2(33.3) 5(55.6)
Bing 10 (66.7) 8 (53.3) 12 (54.5) 32 (46.4) 7 (87.5) 6 (100) 3(33.3)
P-value .002 .090 .379 217 118 .027 .354

Abbreviation: Al, artificial intelligence.
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while answering questions (“If you are concerned that you
or someone you know may have hepatic encephalopathy, it
is important to see a doctor for evaluation”; “This is a med-
ical question that requires professional advice”), this ten-
dency was more regularly observed in responses provided
by Bing and Bard compared to ChatGPT. Furthermore, all 3
models showed some capacity to provide non-pharmacologic
counselling, a finding that has been demonstrated previously.’
While ChatGPT-4 showed the highest overall accuracy, it is
worth noting that Bing and Bard have not been well studied
in these contexts and may have other strengths or advantages
that were not explored here. It is also important to note that
all three LLMs used were created for general use, and as such
were not specifically designed for or trained in the context
of healthcare; as such, the data used to train them was likely
sourced from readily available information. Given that many
questions used in this exercise require specialized informa-
tion only available through paid subscriptions to journals or
databases, the LLMs’ performance in this study likely does not
reflect the potential of LLMs in general. Thus, future studies
comparing LLMs’ ability to perform specific tasks (such as
patient counselling or medical education) are warranted to
determine which model—if any—is best suited for use in a
particular clinical context, as well as whether priming LLMs
with specific medical information makes a difference in their
performance. We also found that re-querying LLMs did not
appear to consistently improve performance, and further
studies may seek to investigate the capacity of LLMs to be
trained in order to provide accurate responses.

This study is not without limitations. First, LLMs are a dy-
namic, adaptable resource whose ability to perform a specific
task is constantly evolving. Though we endeavoured to use the
most up-to-date versions of each software available at the time
of our study, these models will continue to be updated and
likely will improve their accuracy over time.!"! Furthermore,
ChatGPT-4 and Bing (which uses ChatGPT-4 as its base model)
previously utilized databases last updated in September 2021,
which may have led to responses based on outdated informa-
tion, though this limitation has since been removed. Next, our
study only used a single question bank as a reference, with
answers typically based on North American guidelines, limiting
generalizability to other contexts. Previous studies have shown
that LLMs are unable to independently decide which guidelines
to follow unless explicitly specified,” which may have led to
responses that were graded as incorrect. Although we used the
most up-to-date version of the DDSEP+ question bank, it is
also possible that the provided textbook responses were out of
date by the time of this study. However, we did review all con-
trol questions to ensure their accuracy to ensure that this was
not a significant issue. This question bank also did not include
any questions including photographs or images, limiting any
assessment of the LLMs’ ability to interpret these data. Finally,
the question stems used were designed to be the level of a gas-
troenterology provider. As such, the findings of this study may
not reflect LLMs’ ability to answer questions at the level of a
layperson or healthcare provider without specialized knowl-
edge in hepatology.

Conclusion

Large language models demonstrate some ability to answer
clinical questions in hepatology, with comparable efficacy
when presented with questions in an open-ended versus

MCQ format. Of available modalities, ChatGPT-4 provided
the highest proportion of accurate responses. However, in
their present form, all three studied LLMs showed significant
limitations. As such, at this time, LLMs should not be used to
guide clinical decision-making by healthcare providers, med-
ical trainees, or patients, nor they should not be used in place
of standard clinical or educational modalities. While they
provide an exciting potential avenue for growth in the med-
ical field that may help with managing the ever-growing dis-
crepancy between healthcare needs and available resources,
further research is required to investigate the optimal use of
LLMs in hepatology, as well as potentially refine their use in
clinical and educational contexts.
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