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ABSTRACT

Background and Aims: Advances in artificial intelligence, particularly large language models (LLMs), hold promise for trans-
forming chronic disease management such as Hepatitis C Virus (HCV) infection. This study evaluates the impact of retrieval-
augmented generation (RAG) and supervised fine-tuning (SFT) on both open-ended question answering (accuracy and clarity)
and on LLM-recommended treatment regimens for clinical scenarios.

Methods: We employed OpenAI's GPT-4 Turbo in four configurations—baseline, RAG-Topl, RAG-Top 10 and SFT—using
the 2020 EASL HCV guidelines as external knowledge or fine-tuning data. For the question set, guidelines were segmented at
the paragraph level and encoded into 3072-dimensional embeddings. Fifteen questions covering general, patient and physician
perspectives were scored on a 10-point accuracy scale and binary accuracy/clarity by four experts. Separately, we created 25
simulated clinical scenarios; a consensus of four hepatologists defined the gold-standard DAA regimens. Model performance
on these cases was measured by two metrics: ‘partial accuracy’ (>one correct DAA without errors) and ‘complete accuracy’ (all
correct DA As without errors).

Results: On open-ended questions, RAG-Topl0 outperformed baseline in accuracy (91.7% vs. 36.6%; p < 0.001) and clarity (91.7%
vs. 46.6%; p<0.001). RAG-Topl achieved 81.7% accuracy and 86.6% clarity (both p <0.001), while SFT reached 71.7% accuracy
and 88.3% clarity (p <0.001). Similarly, RAG-Topl0 achieved the highest performance in prescribing the correct DAA regimen
according to expert consensus in 76% of cases (vs. 24% for baseline model, p <0.001).
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Conclusions: Both RAG-Topl0 and SFT markedly enhance LLM performance in guideline-driven HCV management—improv-

ing not only response accuracy and clarity but also DAA selection in clinical scenarios. RAG-Topl0's broader context retrieval

confers the greatest gains, while SFT underscores the value of domain-specific alignment. Rigorous, expert-informed evaluation
frameworks are essential for the safe integration of LLMs into clinical practice.

1 | Introduction

Large language models (LLMs) represent a novel technology that
has the potential to increase the availability of expertise across a
variety of industries, including healthcare. LLMs may have par-
ticular value in the management of Hepatitis C Virus (HCV) in-
fection, where complex management decisions span the spectrum
of clinical activity such as answering medical queries, interactive
dialogue systems with patients and understanding clinical reports
[1-5]. The management of chronic HCV infection is a complex chal-
lenge for healthcare providers, who must choose the most appro-
priate treatment strategy from a wide range of options [6-8]. This
decision-making process typically involves reference to current
clinical guidelines to ensure the application of best evidence-based
practices. However, uptake of guideline-based recommendations
for HCV can be suboptimal [9-11], which may be in part due to de-
creased ability to integrate guidelines rapidly at the point of care,
especially for screening and follow-up recommendations. LLMs
may be helpful for clinical decision support, offering the ability to
rapidly process relevant patient information and provide custom-
ised treatment or follow-up recommendations according to estab-
lished guidelines [12].

LLMs currently demonstrate variable accuracy in digestive dis-
eases, with reported accuracy ranging from 6.4% to 91.4% [13, 14].
Ensuring the accuracy and completeness of the information gen-
erated is crucial in clinical practice, where over-reliance on in-
accurate LLM-generated recommendations could lead to patient
harm [15, 16]. Current research in the use of LLMs in digestive
diseases is limited by the lack of a widely accepted definition of ac-
curacy and the absence of standardised methods regarding model
version and settings, the number and experience of the human
evaluators, and the number and type of questions asked. Strategies
to increase output accuracy are being explored, using retrieval
augmented generation (RAG) or supervised fine-tuning (SFT) to
align foundational LLMs to human expectations [2, 17-23]. With
RAG, the foundational model retrieves information from an exter-
nal information dataset and binds its response generation to the
relevant information contained in the context and the instruction
provided by the user through prompt engineering. Fine-tuning,
on the other hand, is the adaptation of a pre-existing LLM under-
going additional training phases on a more task-specific labelled
(supervised) dataset by changing existing parameters (e.g., weights
and biases in the neural network architecture). Integrating RAG
allows LLMs to access large amounts of external data, offering
real-time updates and contextually enriched responses [17]. Fine-
tuning can create highly specialised models tailored to specific
domains [19, 20, 24]. However, this process can inadvertently
narrow the model's breadth of knowledge. It can also be resource-
intensive, requiring continuous updating with new data to prevent
the model from becoming outdated, which may limit its practical-
ity in rapidly evolving fields such as medicine. Recent changes to
the increased availability of user-friendly fine-tuning through the

OpenATI application programming interface now allow for explor-
ing these techniques in medical applications. To date, only two
studies have investigated the potential of fine-tuning in digestive
disease [21, 25], with few studies using RAG strategies to improve
the accuracy of GPT-4 in predicting adequate follow-up recom-
mendations after polypectomy, finding that RAG implementation
with relevant guidelines improved GPT-4 accuracy by approxi-
mately 30% (from 50.5% to 79%, p<0.01) [26, 27].

The primary outcome of this study is to explore the variation in
accuracy and clarity by the implementation of RAG or SFT, with
outputs graded by a series of experts among the main authors and
chairs of the relevant European Guidelines for HCV manage-
ment and hepatologists from a tertiary referral centre. We also
aim to determine the optimal RAG strategy by comparing differ-
ent text chunking approaches (sentence-based, fixed-length and
paragraph-based) and retrieval configurations (single chunk vs.
multiple chunks) to identify the most effective framework for clin-
ical guideline retrieval. Furthermore, we investigate the impact of
model hyperparameter tuning, specifically examining how tem-
perature and top-p values affect model performance and response
similarity to expert answers. Additionally, we evaluate these opti-
mised models’ ability to provide accurate treatment recommenda-
tions in clinical scenarios. To this end, we test baseline, RAG and
SFT models across 25 simulated HCV clinical cases, assessing their
ability to recommend appropriate direct-acting antiviral (DAA)
regimens that align with expert consensus. These comprehensive
evaluations will help determine whether augmented LLMs can re-
liably support clinical decision-making in HCV management and
identify which enhancement approach—RAG or SFT—offers the
most substantial improvements in accuracy, clarity and clinical
applicability.

2 | Methods
2.1 | Question and Clinical Cases Generation

Two junior hepatologists, M.G. (4years of experience, 100 pa-
tients treated/yearly) and N.P. (6years of experience, 100 HCV
patients treated/yearly), selected four principal domains in the
guideline (i.e., general indications to treatment, pre-therapeutic
assessment, drug-drug interactions and treatment of HCV pa-
tients with renal impairment) and five principal topics within
the four domains and drafted representative questions to reflect
general, patient-oriented and physician-oriented perspectives
for each of the topics (Table 1). Each question was generated to
specifically target the retrieval of a set of information contained
in single or multiple paragraphs of the guideline. Each ques-
tion was reviewed and approved by an expert hepatologist who
contributed as one of the main panel members of the European
Association for the Study of the Liver (EASL) HCV guidelines,
A.A. (20years of experience, 100 HCV patients treated/yearly).
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Summary

+ Advances in large language models (LLMs) research
offer the potential for transforming and automating
chronic disease management, such as Hepatitis C
Virus (HCV)infection. This study evaluates the impact
of retrieval augmented generation (RAG) and super-
vised fine-tuning (SFT) on the accuracy and clarity of
LLM-generated HCV management recommendations.

Retrieval strategies that incorporate broader con-
textual information significantly improved model
performance. Models with retrieval-augmented gen-
eration demonstrated higher accuracy (up to 91.7%)
and clarity (up to 91.7%) compared to the baseline
GPT-4 Turbo model (36.6% accuracy, 46.6% clarity).
Similarly, SFT-enhanced GPT-4 improved accuracy
(71.7%) and clarity (88.3%).

Integrating RAG and SFT into LLMs enhances the
quality of HCV management recommendations by re-
fining outputs to align with gold-standard guidelines.
These approaches support faster access to medical
knowledge in clinical decision-making, potentially
increasing adherence to guidelines and providing pre-
cise, understandable advice for patient care.

In addition, the two junior hepatologists (M.G. and N.P.) who
drafted the questions also provided free-text answers, which
were reviewed and approved by the senior hepatologist (A.A.).
These approved answers were then used as the gold standard
text to which LLM responses were compared using various
text-similarity metrics to assess the best chunking strategy and
hyperparameters tuning.

In addition to the question set, M.G. and N.P. developed 25 sim-
ulated clinical cases (fully reported in the Data S1) to evaluate
the models’ performance in recommending appropriate HCV
treatments. These cases were reviewed and validated by the se-
nior hepatologist (A.A.) to ensure clinical relevance and accu-
racy. The clinical cases were designed to represent the diverse
spectrum of patients encountered in HCV clinical practice. Each
case included specific details about: patient demographics (age,
sex), HCV genotype and viral load, previous treatment history
(treatment-naive or treatment-experienced), presence and de-
gree of liver fibrosis/cirrhosis, renal function status, relevant
comorbidities and concomitant medications with potential for
drug-drug interactions.

2.2 | Qualitative Answer Evaluation
of Open-Ended Questions

The primary aim of the study was to have HCV experts evalu-
ate qualitatively the accuracy and clarity of LLM-generated re-
sponses. To ensure comprehensive assessment, we recruited two
distinct groups of evaluators. The first group consisted of four
expert hepatologists selected from the main authors and chairs
of the EASL HCV guidelines [8] (F.N., M.P,, JM.P. and X.F.),
which were used as the dataset for both the RAG external knowl-
edge and for training in SFT. The second group comprised four
expert hepatologists from a tertiary hepatology referral center

(Humanitas University Hospital, Milan) who had no direct role
in HCV guideline development, providing an independent per-
spective from clinical practitioners. None of the evaluators from
either group were involved in any phase of question creation,
answer generation or dataset creation for fine-tuning purposes.
Evaluators, who were blinded to model configuration, reviewed
the same set of responses from all configurations for each ques-
tion before moving on to the next group of responses. Each expert
was free to review and score the response sets at their own pace,
taking as much time as needed to ensure a thorough assessment.
This self-paced approach helped mitigate potential fatigue or
rush-related biases.

2.2.1 | Accuracy

Given the lack of a widely accepted definition of accuracy and
the absence of standardised quantification methods, as well as
the use of multiple accuracy definitions in current literature, we
opted to evaluate accuracy using both a binary grading system
and a 10-point Likert scale. We chose a 10-point scale, despite
other studies using 5- or 7-point scales [13], because scales with
<10 points have been proven to offer greater sensitivity and the
ability to detect more nuanced differences in responses, while
increasing reliability, validity and data consistency [28, 29]. This
dual approach enables us to distinguish not only completely
correct answers from incorrect ones but also to gauge the level
of inaccuracy among the incorrect responses. While the binary
classification helps identify totally accurate answers, the Likert
scale provides insights into the relative accuracy of all answers,
which is especially important for identifying and addressing
partial inaccuracies. The complete classification for the 10-point
Likert scale is reported in Table 2. For the binary scale, graders
assigned a score of one for answers that were entirely correct
and presented informative text without any hallucinations, and
a score of zero for answers that did not meet these criteria.

2.2.2 | Clarity

Clarity was defined as the presence of relevant information that
could be easily understood, straight to the point, explicit and
free from ambiguity. In evaluating clarity, the graders provided
a binary score of one for clear answers and a score of zero for
unclear answers.

2.3 | Quantitative Answer Evaluation
of Open-Ended Questions

Two junior hepatologists (M.G. and N.P.) who drafted the ques-
tions also provided free-text answers, which were reviewed
and approved by the senior hepatologist (A.A.). The expert re-
sponses were used as the reference text to develop and evaluate
embedding-based text similarity metrics (i.e., cosine similarity)
to determine the best chunking strategy in the RAG framework,
and in the process of hyperparameter tuning. For the embedding-
based metrics, text was first tokenised internally by OpenAlI's
cl100k_base tokenizer, which splits text into subword tokens
using byte-pair encoding (BPE), and then converted into its em-
bedding representation. An embedding is a high-dimensional
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TABLE 2 | Grades and definitions of the 10-point scale to evaluate
the accuracy of answers generated by each model.

Grades Definition

Grade: 0 Completely Inaccurate: The output is
entirely irrelevant, incorrect or nonsensical,

showing no understanding of the query.

Grade: 1 Extremely Inaccurate: The response contains
major errors and misunderstandings, with

very little relevant or accurate information.

Grade: 2 Highly Inaccurate: Significant inaccuracies
dominate the response, though there might be

a minor element of relevance or accuracy.

Grade: 3 Very Inaccurate: While mostly inaccurate,
the response shows some basic understanding

of the topic, but with major errors.

Grade: 4 Inaccurate: The response has a mix of
correct and incorrect information, but

the inaccuracies are more prominent.

Grade: 5 Moderately Accurate: The response is a balance
of accurate and inaccurate information, showing

an equal mix of correct insights and errors.

Grade: 6 Somewhat Accurate: The response is more
accurate than not, with some notable inaccuracies

but a general understanding of the topic.

Grade: 7 Mostly Accurate: The response contains
mostly correct information, with

minor errors or inaccuracies.

Grade: 8 Very Accurate: The response is
highly accurate, with only very slight

inaccuracies or areas of uncertainty.

Grade: 9 Highly Accurate: The response is extremely
accurate, showing a deep understanding of

the topic with almost no inaccuracies.

Grade: 10 Completely Accurate: The response is entirely
accurate, with no discernible inaccuracies

or errors, perfectly addressing the query.

vector representation of data, typically text, which captures
the semantic and syntactic nuances of the input [30]. We used
one of the currently available text-embedding models provided
by OpenAl (i.e., text-embedding-3-large) [31], which generates
embeddings with 3072 dimensions for each text input. The em-
bedding vectors were then used to compute similarity scores be-
tween expert responses and model-generated answers. For better
visualisation of the relative gap between the cosine similarity
score from different models, we provide the transformation of
first normalising the similarity raw score with its maximum at-
tainable score and then applying the logit function.

2.4 | Quantitative Evaluation of Clinical Scenario
Treatment Recommendation

For each case, a gold standard for appropriate DAA regimen se-
lection was established through a consensus process involving

four independent hepatologists from tertiary referral centers,
who were not involved in case creation. Their recommenda-
tions were determined by majority vote, with subsequent ex-
pert review for cases lacking initial consensus. We used these
consensus-based gold standard recommendations to evaluate
the performance of each model configuration across all 25
clinical scenarios reported in detail in Data S1. Model perfor-
mance was assessed by comparing model recommendations
to the expert majority consensus, using complete accuracy as
the metric: ‘all recommended treatment regimens without any
incorrect recommendations’. This metric assessed whether
the model could identify all appropriate treatment options
according to the expert consensus, without suggesting any
treatments that diverged from the consensus. This represents
an optimal standard for clinical decision support, as it would
provide clinicians with the full range of appropriate treatment
options.

2.5 | Model Configurations and Answer
Generation

Experiments were conducted on a local Python (version 3.11)
environment, using the OpenAI Application Programming
Interface (API) (version 1.17) to interact with GPT models
using the model ‘gpt-4-turbo-2024-04-09-preview’ according to
OpenAl's nomenclature. We deliberately chose not to evaluate
advanced prompting strategies in this study, as our previous
research has demonstrated that performance gains achieved
through sophisticated prompting techniques are substantially
less significant compared to those obtained through retrieval
augmentation or fine-tuning approaches [26, 27]. Additionally,
limiting the number of experimental conditions allowed us to
reduce the substantial labour burden associated with expert
human grading while focusing on the most promising enhance-
ment methods for clinical applications.

However, we developed and integrated tailored heuristic
prompts to direct answer generation for each model configura-
tion, with specific prompting strategies designed separately for
the 15 open-ended questions and the 25 clinical scenarios. These
prompts were crafted to elicit relevant medical information and
treatment recommendations in a clinically appropriate format,
as detailed in Tables S1 and S2.

Prior to the main evaluation, we conducted a comprehensive
hyperparameter optimisation process, which is essential to
determine the correct hyperparameter combination that re-
duces the model's tendency to explore less likely tokens, thus
reducing the risk of hallucinations [32-34]. Using the open-
ended questions as a test bed, we systematically explored
the impact of Temperature and Top_p settings on response
quality. For Temperature, we generated 10 responses at each
threshold from 0 to 2.0 in increments of 0.2, while holding
Top_p constant at its default value. Similarly, for Top_p, we
generated 10 responses at thresholds from 0 to 1.0 in incre-
ments of 0.1, while maintaining Temperature at its default set-
ting. Response quality was evaluated by measuring similarity
to expert-provided answers using embedding-based metrics.
We simultaneously optimised the RAG framework by testing
three different chunking strategies across varying numbers
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A. Retrieval Augmented Generation

Question + Relevant
Retrieved Text

Generate Answer

- > E

—_—

Question: Smart Research Hidden Prompting Baseline Generated Answer:
*Is therapy with direct-acting antivirals Interface Large Language “The EASL guidelines state the following: all
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Example: ‘| am a medical chatbot that
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screening, therapy, and follow-up |...]”
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External Knowledge
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Instructions, Inputs, and Outputs.
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Inputs, and Outputs based on Q/A Pairs.
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FIGURE1 | Overview of retrieval-augmented generation and supervised fine-tuning. In the retrieval-augmented generation approach (Section

Temperature = 0.8.
+ Hidden Prompting Interface

Chronic Hepatitis C?"

Generate Answer

Answer Generation

Generated Answer:
The EASL guldelmes s(ale the followmg all
patients
with reoently acqulred or chronic HCV infection must
be offered treatment without delay.”

A), a user question initiates a question-to-text similarity search that retrieves relevant information from external knowledge datasets, such as HCV
guidelines. A hidden prompting interface then provides structured instructions to guide the large language model in generating an accurate answer
based on the query and retrieved text. The baseline large language model, such as GPT-4 Turbo, processes the question and relevant text to generate
a comprehensive answer. In the supervised fine-tuning (Section B), the process begins with a baseline large language model, which undergoes a first
fine-tuning stage using a dataset that includes HCV guidelines text. This is followed by a second fine-tuning stage (instruction fine-tuning) incorpo-
rating a curated dataset of Q/A pairs. The final fine-tuned model responses are guided by hidden prompting instructions and can generate responses

without searching external datasets. HCV, hepatitis C virus; SFT, supervised fine-tuning; Q/A, question/answer.

of retrieved chunks, generating 10 responses for chunk num-
ber. This systematic evaluation allowed us to identify the op-
timal chunking strategy and retrieval depth. Based on these
optimisation experiments, we selected the highest-performing
hyperparameter values and RAG configuration to generate
the responses for expert evaluation. For qualitative grading,
only the first generated response was considered, simulating
real-world application conditions. The optimised parame-
ters were subsequently applied to generate responses for the
25 clinical scenarios, where we again conducted 10 interac-
tion rounds per case to assess recommendation accuracy and
consistency.

2.5.1 | Baseline Model

As the baseline, we used the model employing only the heuristic
prompts detailed in the Tables S1 and S2 without any enhance-
ment techniques.

2.5.2 | Retrieval Augmented Generation

For the RAG [35] framework, we chose the EASL guidelines
on HCV [8] as the reference text based on our group of expert
regions of origin and medical practice. The reference text was
provided in an LLM-friendly version as previously validated by
manually removing non-informative data (e.g., headers or ref-
erence numbers), and converting all non-textual sources (e.g.,
graphical tables containing drug-drug interactions) to text-
based lists [27]. We explored the impact of the number of re-
trieved chunks across three chunking strategies [36] to optimise
retrieval within the RAG framework: sentence-based chunking,
in which a special delimiter was inserted at each period to isolate
individual sentences; fixed-length chunking, which segmented
the text into 512-token units with a 100-token overlap between
adjacent chunks; and paragraph-based chunking, in which
paragraphs were manually delineated to preserve semantic co-
herence. Each chunk was then encoded into a 3072-dimensional
embedding vector by the embedding model using OpenAI's
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text-embedding-3-large [31]. To optimise retrieval efficiency,
we utilised the Facebook AI Similarity Search (FAISS) library
for vector indexing and similarity search. The embeddings
were normalised and stored as float32 numpy arrays to ensure
computational efficiency. For retrieval, user queries underwent
the same tokenisation and embedding process; cosine similar-
ity scores were computed between the query embedding and
each chunk embedding using FAISS, and chunks with the
highest score were ranked accordingly. To generate answers,
we employed the paragraph-based chunking strategy (which
performed best across all tests) with two distinct retrieval con-
figurations: a ‘RAG-Topl’ configuration that retrieved only the
single most relevant chunk, and a ‘RAG-Topl0’ configuration
that retrieved the top 10 most relevant chunks based on cosine
similarity scores. While the similarity improvement from 1 to 10
chunks was not dramatically different (with both configurations
providing good performance), our analysis (Figure 2) showed
that performance gains reached a plateau after approximately
10 chunks, offering an optimal balance between answer quality
and computational efficiency. Finally, the code for the complete
RAG-based interface is available in our GitHub Repository [37].

2.5.3 | Supervised Fine-Tuning

The fine-tuning framework was conducted on OpenAT's platform
through a structured process involving two stages and four cu-
rated datasets developed according to OpenAT's instructions [38]
using the jsonl file format. Each entry in the dataset contained a
json object with fields for role, content and metadata. The train-
ing hyperparameters of batch size, learning rate multiplier and

the number of epochs were set to ‘auto’ OpenAl internally ran
extensive experiments on billions of tokens and hundreds of tasks
during the development of InstructGPT. The default hyperparam-
eter with the ‘auto’ set-up is those that, on average, offer the best
trade-off between convergence speed, robustness and the risk
of overfitting on heterogeneous datasets [39]. To avoid the loss
of relevant information by splitting the EASL guideline dataset,
we used the EASL guideline to build the training dataset and the
HCV guidelines developed by the American Association of the
Study of The Liver to construct the validation dataset [6]. As re-
ported on the fine-tuning command panel, this initial fine-tuning
phase used 723837 tokens and showed a 0.45 training loss and
0.97 validation loss (these parameters are determined automati-
cally after successful training and validation and reported on
OpenAT's fine-tuning platform). We further enhanced the fine-
tuned model using a curated question-and-answer dataset based
on expert knowledge to align the model's outputs with the exper-
tise. For this stage of Instruction Fine-Tuning, a curated dataset
was created combining the original training data with question-
answer (Q/A) pairs derived from the EASL guidelines to capture
all the content contained in the guideline text in a Q/A format. A
separate validation set from the American guidelines was used to
evaluate model performance. As reported on the fine-tuning com-
mand panel, the second stage used 172887 tokens and showed a
0.01 training loss and a 1.34 validation loss (these parameters are
determined automatically after successful training and validation
and reported on OpenAI's fine-tuning platform). The interpreta-
tion of these metrics remains proprietary to OpenAl and, there-
fore, is reported only for reproduction purposes. The Q/A pairs
used for each round of instruction fine-tuning differ from the
questions used for performance evaluation, and they are available
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FIGURE 3 | Impactof hyperparameter settings on answer similarity across different model configurations. Panel A shows the effect of tempera-

ture values (0-2.0) on similarity to expert answers, while Panel B illustrates the impact of Top-p values (0-1.0).

for download in our GitHub repository [37]. A summary of the
SFT framework is depicted graphically in Figure 1B.

2.6 | Statistical Analysis

For the continuous 10-point Likert Scale, agreement among
graders was evaluated using the One-Way Random Intraclass
Correlation Coefficient [40], with values reported in an interval
between 0 and 1. According to Cicchetti et al. [41], we considered
the following interpretations: ICC <0.40: poor agreement; ICC
>0.40 and <0.60: fair agreement; ICC >0.60 and <0.75: good
agreement; ICC >0.75: excellent agreement. For the categori-
cal evaluations, agreement among graders was evaluated using
Fleiss' Kappa, whose values were interpreted as follows: Kappa
<0.20: slight agreement; Kappa > 0.20 and < 0.40: fair agreement;
Kappa >0.40 and <0.60: moderate agreement; Kappa >0.60 and
<0.80: substantial agreement; Kappa >0.80: almost perfect or
excellent agreement [42]. Data were reported as the mean and
standard deviation for the 10-point accuracy scale. We employed
the chi-squared test to compare (binary) accuracy and clarity
between all configurations of experimental settings (baseline,
RAG and SFT) and the paired sample Student's ¢-test to compare
differences among the 10-point accuracy scale grading between
all configurations (baseline, RAG and SFT). We employed the
Mann-Whitney test to compare differences among accuracy for
all configurations across all 25 clinical cases. Due to the number
of multiple comparisons (n=4), we applied the Bonferroni cor-
rection and considered significant a two-tailed p-value <0.012.
To conduct the analysis, we used Python v3.11 and SciPy v1.11.

3 | Results

3.1 | Optimal Number and Strategy of Text
Chunking

To build the optimal RAG framework, we evaluated three chunk-
ing strategies—sentence-based, fixed-length and paragraph-
based—across nine different chunk counts [1-5, 10, 15, 19, 26|

and measured similarity to free-text expert answers (Figure 2).
Paragraph-based chunking consistently outperformed both the
sentence-based baseline (55%-70% similarity) and fixed-length
chunking (60%-78%), achieving 81%-90% similarity as the number
of chunks increased. Notably, most of the gain in paragraph-based
performance occurs by retrieving the top 10 chunks, reaching a
plateau thereafter. To strike the best balance between answer
quality and computational cost, we therefore focused subsequent
comparisons on two retrieval scenarios: Top-1 versus Top-10
chunk numbers using the paragraph-based strategy. By doing so,
we capture the steep initial improvement afforded by paragraph
chunks while containing the overhead of larger retrieval sets.

3.2 | Optimal Hyperparameters Tuning

Prior to generating responses for expert evaluation, we con-
ducted a comprehensive hyperparameter analysis to determine
the optimal settings for answer generation using cosine similar-
ity with the free-text answers provided by one of the guideline
authors using the question sample reported in Table 1. Figure 3
illustrates the impact of temperature and Top-p hyperparam-
eters on model response similarity to expert answers. For all
models (Baseline-GPT4, RAG-Topl-GPT4, RAG-Topl0-GPT4
and SFT-GPT4), optimal performance is achieved with low val-
ues of both temperature (0-0.8) and top-p (0-0.5). Notably, the
RAG-Topl0-GPT4 model maintains high similarity (>85%) up
to temperature 1.2 and top-p 0.6, while other models deterio-
rate more rapidly. All models exhibit a dramatic performance
decline with temperature >1.4 and Top-p>0.7, confirming
that higher values introduce excessive variability in responses.
These findings suggest that to optimise accuracy in specialised
question-answering tasks, it is preferable to maintain tempera-
ture between 0 and 0.8 and Top-p between 0 and 0.5, with the
RAG-Topl0-GPT4 model offering the greatest robustness to
variations in these parameters. Based on these results, we se-
lected the final values of temperature=0.8 and Top-p=0.5 for
response generation, as these represent the highest parameter
values before the rapid performance decline, balancing response
quality with appropriate diversity.
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3.3 | Inter-Grader Agreement

The inter-grader agreement between experts was evaluated
using the Intraclass Correlation Coefficient (ICC) for the 10-
point scale and Fleiss' kappa for binary evaluations, as sum-
marised in Table 3. Among guideline authors, the highest
agreement was observed for RAG-Topl with an ICC of 0.87 (95%
CI0.76-0.94, p < 0.001) for 10-point accuracy and a kappa of 0.68
(95% CI 0.45-0.88, p<0.001) for binary accuracy, while RAG-
Topl0 showed the highest clarity agreement with a kappa of 0.49
(95% CI 0.30-0.82, p=0.031). Among tertiary referral centre ex-
perts, RAG-Topl0 demonstrated the highest agreement across
all metrics with an ICC of 0.72 (95% CI 0.56-0.82, p<0.001) for
10-point accuracy and kappa values of 0.51 (95% CI 0.19-0.78,
p<0.001) and 0.59 (95% CI 0.10-0.92, p<0.001) for binary ac-
curacy and clarity, respectively. For complete results across all
configurations, see Table 3.

3.4 | Evaluation of Accuracy and Clarity by
Human Graders

The comparative performance in accuracy and clarity grading
between the baseline GPT-4 Turbo, RAG-Topl, RAG-Topl0
and SFT configurations is summarised in Table 4. Among
guideline authors, RAG-Topl0 showed the highest mean ac-
curacy of 9.45 (+1.42), significantly higher (p < 0.001) than the
baseline GPT-4 Turbo's 6.4 (+2.30). RAG-Topl achieved 8.1
(£3.13), while the SFT model performed well with 8.3 (£2.03),
both significantly outperforming the baseline (p=0.001 and
p<0.001 respectively). In binary accuracy grading, RAG-
Topl0 showed the highest performance (91.7% accuracy), fol-
lowed by RAG-Topl (81.7%) and SFT (71.7%), all significantly
outperforming the baseline (36.6%, p<0.001). Regarding
clarity, RAG-Topl0 (91.7%), RAG-Topl (86.6%) and SFT
(88.3%) all significantly outperformed the baseline (46.6%,
p<0.001). Among tertiary referral centre experts, RAG-Topl0

demonstrated the best performance with a mean accuracy of
8.40 (£0.99), significantly higher than baseline's 7.23 (+1.66,
p<0.001) and RAG-Topl's 7.38 (+1.42, p<0.001), with no
significant difference from SFT's 8.25 (£1.43). For binary ac-
curacy, RAG-Topl0 achieved the highest rating (93.3%), sig-
nificantly outperforming baseline (50%, p <0.001), RAG-Topl
(60%, p<0.001) and SFT (76.7%, p=0.010). In clarity evalu-
ations, RAG-Topl0 again led with 96.7%, significantly better
than baseline (65%, p <0.001) and RAG-Topl1 (75%, p <0.001),
with no significant difference from SFT (83.3%).

3.5 | Model Performance on Simulated Clinical
Scenarios

To establish a gold standard for direct-acting antivirals (DA As)
regimen selection, recommendations were determined by ma-
jority vote among four hepatologists from tertiary referral
centres across 25 simulated clinical scenarios. Expert consen-
sus was achieved for 25 (100%) sofosbuvir-alone recommen-
dations, 20 (80%) sofosbuvir-velpatasvir recommendations,
23 (92%) glecaprevir-pibrentasvir recommendations, 20 (80%)
grazoprevir-elbasvir recommendations and all 25 (100%) deci-
sions regarding ribavirin addition. For cases lacking initial ma-
jority consensus, subsequent expert review yielded final gold
standard prescribing patterns: sofosbuvir-alone in 0 (0%) cases,
sofosbuvir-velpatasvir in 23 (92%) cases, sofosbuvir-velpatasvir-
voxilaprevir in 7 (28%) cases, glecaprevir-pibrentasvir in 18
(72%) cases, grazoprevir-elbasvir in 3 (12%) cases and ribavirin
in 0 (0%) cases. We evaluated various model configurations by
conducting 10 independent interactive sessions per configu-
ration across all 25 clinical scenarios, using identical prompts
throughout. Model performance was assessed using median and
interquartile ranges (IQR). The baseline model demonstrated a
median accuracy of 24.0% (IQR: 22%), the RAG-Topl configu-
ration showed marked improvement with a median accuracy
of 58.0% (IQR: 10%, vs. baseline, p<0.001), the RAG-Topl0

TABLE 3 | Inter-grader agreement was calculated using the Intraclass Correlation Coefficient (ICC) for the 10-Point Likert Scale and using Fleiss'

Kappa for the binary evaluation of accuracy and clarity.

10-point scale

accuracy grading Binary accuracy grading Binary clarity grading
Configuration ICC (95% CI) Significance  Kappa (95% CI) Significance Kappa (95% CI) Significance
Expert Hepatologists (Guideline Authors)
Baseline 0.76 (0.49-0.91) p<0.001 0.30 (0.09-0.50) p=0.049 0.10 (=0.13-0.45) NS
RAG-Topl 0.87 (0.76-0.94) p<0.001 0.68 (0.45-0.88) p<0.001 0.42 (0.16-0.67) p=0.002
RAG-Topl0 0.83 (0.61-0.93) p<0.001 0.41 (0.20-0.65) p=0.01 0.49 (0.30-0.82) p=0.031
SFT 0.80 (0.70-0.90) p<0.001 0.39 (0.21-0.50) p=0.042 0.41 (0.20-0.59) p=0.032
Expert Hepatologists (Tertiary Referral Center)
Baseline 0.24 (0.10-0.47) p=0.004 0.24 (—0.04-0.48) NS 0.12 (—=0.16-0.33) NS
RAG-Topl 0.41 (0.10-0.71) p<0.001 0.43 (0.10-0.67) p=0.033 0.45 (0.30-0.60) p=0.026
RAG-Topl0 0.72 (0.56-0.82) p<0.001 0.51(0.19-0.78) p<0.001 0.59 (0.10-0.92) p<0.001
SFT 0.47 (0.22-0.65) p<0.001 0.41 (0.22-0.69) p=0.037 0.45 (0.10-0.60) p=0.031

Abbreviations: 95% CI, 95% confidence interval; NS, not significant.
9of 14

85U8017 SUOWWIOD AITID 8|t jdde ay) Aq peusencb 8. ool VO ‘88N JO S9N 10} ARIq1T 8UIUO A8]1/W UO (SUORIPUOD-PUR-SLLIBI WD A8 | im AReq 1 jpulU0//SANY) SUORIPUOD Pue SWie | 8y} 8eS *[9202/S0/6T] Uo AkidiTaulluo A8|IM ‘S1seu L IaeIseAIUN AQ 602" AIl/TTTT OT/I0P/W0D A8 | Ale.q1pul|uoy/:Sdny Woiy pepeojumoq ‘0T ‘SZ0Z ‘TEZESLYT



TABLE 4 | Comparisons of accuracy and clarity grading between the baseline model and the RAG and SFT model pipelines.

10-point scale

accuracy grading Binary accuracy grading Binary clarity grading
Configuration Mean (xSD) Significance Number (%) Significance Number (%) Significance
Expert Hepatologists (Guideline Authors)
Baseline 6.4 (£2.30) vs. RAG-Topl: 22 (36.6%) vs. RAG-Topl: 28 (46.6%) vs. RAG-Topl:
p=0.001 p<0.001 p<0.001
vs. RAG-Top10: vs. RAG-Top10: vs. RAG-Topl10:
p<0.001 p<0.001 p<0.001
vs. SFT: p<0.001 vs. SFT: p<0.001 vs. SFT: p<0.001
RAG-Topl 8.1 (+3.13) vs. Baseline: 49 (81.7%) vs. Baseline: 52 (86.6%) vs. Baseline:
p=0.001 p<0.001 p<0.001
vs. RAG-Topl: vs. RAG- vs. RAG-
p=0.005 Topl: NS Topl0: NS
vs. SFT: NS vs. SFT: NS vs. SFT: NS
RAG-Topl0 9.45 (+1.42) vs. Baseline: 55(91.7%) vs. Baseline: 55(91.7%) vs. Baseline:
p<0.001 p<0.001 p<0.001
vs. RAG-Topl: vs. RAG- vs. RAG-
p=0.005 Topl: NS Topl: NS
vs. SFT: p<0.001 vs. SFT: NS vs. SFT: NS
SFT 8.3(%2.03) vs. Baseline: 43 (71.7%) vs. Baseline: 53 (88.3%) vs. Baseline:
p<0.001 p<0.001 p<0.001
vs. RAG- vs. RAG- vs. RAG-
Topl: NS Topl: NS Topl: NS
vs. RAG-Top10: vs. RAG- vs. RAG-
p<0.001 Topl0: NS Topl0: NS
Expert Hepatologists (Tertiary Referral Center)
Baseline 7.23 (£1.66) vs. RAG- 30 (50%) vs. RAG- 39 (65%) vs. RAG-
Topl: NS Topl: NS Topl: NS
vs. RAG-Top10: vs. RAG-Top10: vs. RAG-Top10:
p<0.001 p<0.001 p<0.001
vs. SFT: p<0.001 vs. SFT: p=0.002 vs. SFT: NS
RAG-Topl 7.38 (£1.42) vs. Baseline: NS 36 (60%) vs. Baseline: NS 45 (75%) vs. Baseline: NS
vs. RAG-Top10: vs. RAG-Top10: vs. RAG-Top10:
p<0.001 p<0.001 p<0.001
vs. SFT: p=0.001 vs. SFT: NS vs. SFT: NS
RAG-Topl0 8.40 (+0.99) vs. Baseline: 56 (93.3%) vs. Baseline: 58 (96.7%) vs. Baseline:
p<0.001 p<0.001 p<0.001
vs. RAG-Topl: vs. RAG-Topl: vs. RAG-Topl:
p<0.001 p<0.001 p<0.001
vs. SFT: NS vs. SFT: p=0.010 vs. SFT: NS
SFT 8.25 (%£1.43) vs. Baseline: 46 (76.7%) vs. Baseline: 50 (83.3%) vs. Baseline: NS
p<0.001 p=0.002 vs. RAG-
vs. RAG-Topl: vs. RAG- Topl: NS
p=0.001 Topl: NS vs. RAG-
vs. RAG- vs. RAG-Top10: Topl0: NS
Top10: NS p=0.010

Note: Statistical testing is based on pairwise comparison (paired Student's T-test for continuous variables and chi-squared test for binary variables). According to the
Bonferroni correction, a p-value <0.012 can be considered statistically significant.
Abbreviations: RAG, Retrieval Augmented Generation; SFT, Supervised Fine-Tuning.

configuration emerged as the superior performer, achieving a
median accuracy of 76.0% (IQR: 8%, vs. baseline, p <0.001) and
the SFT model demonstrated a median accuracy of 66.0% (IQR:
19%, vs. baseline, p <0.001).

4 | Discussion

This is one of the first studies in the literature to investigate the
potential of SFT for answer generation and grading by multiple
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guideline panel experts in the field of digestive diseases [21, 25].
Both the RAG and SFT frameworks outperform the baseline
model in terms of accuracy and clarity for questions related to
HCV management. In addition, the use of binary metrics for
evaluating accuracy and clarity resulted in a slight to fair agree-
ment among graders, in contrast to using a point-based scale,
which resulted in a higher agreement.

4.1 | Hyperparameter Optimization and Best
Chunking Strategy

Our hyperparameter optimization findings align remarkably
well with those reported in a recent study that evaluated 27
LLM configurations [21]. We similarly identified optimal tem-
perature values between 0 and 0.8 and top-p values between 0
and 0.5. Our study confirms that paragraph-based chunking
significantly outperforms both sentence-based and fixed-length
strategies, achieving 81%-90% similarity to expert answers [21].
This superiority stems from paragraphs preserving semantic
context and thematic coherence while providing an optimal
information unit size for LLM processing. Additionally, we ob-
served that most performance gains occur within the first 10 re-
trieved chunks, after which returns diminish—a threshold that
mirrors recently published optimal configurations [43, 44]. This
convergence of results across independent studies strengthens
confidence in these hyperparameter settings for clinical LLM
applications, particularly in hepatology, where guideline adher-
ence is critical for patient safety.

4.2 | RAG and SFT Increase Accuracy
of LLM-Generated Text

Our study suggests significant improvements in accuracy and
clarity when utilising RAG and SFT frameworks when generat-
ing answers for open-ended questions. Our RAG-Topl0 frame-
work was the most accurate model for both guideline experts
(average 10-point scale: 9.45, binary evaluation: 91.7%) and
hepatologists from the tertiary referral centre (average 10-point
scale: 8.40, binary evaluation: 93.3%). Similarly, SFT improved
performance with mean accuracy scores for the two groups of
evaluators when compared to baseline. This confirms that in-
corporating domain knowledge through RAG with relevant
guidelines reduces hallucinations (i.e., plausible sounding but
incorrect responses) and training bias (absence of relevant infor-
mation in the training knowledge) [15, 16, 42-43].

In terms of accuracy of the baseline GPT-4 model, similar per-
formance was demonstrated with larger question datasets on
colorectal cancer, inflammatory bowel disease and irritable
bowel syndrome [45]. Other studies have reported higher accu-
racy metrics, up to 91.4%, when GPT-4 Turbo was queried about
common patients' requests on colonoscopy or follow-up after
polypectomy [46, 47]. However, when RAG-enhanced GPT-4
was compared to foundational GPT-4 for predicting adequate fol-
low-up recommendations after polypectomy, accuracy increased
from 50.5% to 79%, similar to our study [26]. In contrast, our pre-
vious exploration using a framework for retrieving information
from guidelines achieved an accuracy of 99% [27]. However, this
could indicate a reduction in accuracy performance compared

to the method itself. This methodological framework prioritised
the fidelity of the extracted information from the external text
dataset. Each question was directed toward a specific part of the
text, avoiding nuances of significance and the need for interpre-
tation as in the case of this manuscript, and we lacked world
experts as both question designers and graders.

Interestingly, when world experts graded the responses gener-
ated by the LLMs, there was a notable gap in inter-rater agree-
ment across different configurations. Specifically, the Fleiss'
Kappa for binary accuracy for the RAG-Topl0 was 0.41 accord-
ing to the guideline experts and 0.51 for the tertiary referral cen-
ter hepatologists. By contrast, the 10-point Likert scale showed
good to excellent agreement, with an ICC of 0.83 (guideline ex-
perts) and 0.72 (tertiary referral center hepatologists). This pat-
tern suggests that the apparent disagreement in binary ratings
may reflect the inherent limitation of forced binary choices in
capturing the nuanced quality of LLM responses rather than
fundamental inconsistency in expert judgement. The substan-
tially higher agreement on Likert scales indicates that experts
can reliably assess response quality when provided with appro-
priately granular rating options. These findings have important
implications for LLM validation methodology: binary accuracy
metrics, while seemingly objective, may paradoxically intro-
duce measurement error by forcing experts to collapse complex
clinical judgement into oversimplified categories. The variabil-
ity observed in this study underscores the challenges in align-
ing human-perceived accuracy with standardised evaluation
metrics. It also highlights the need for improved methodologies
that can better accommodate the nuances of LLM performance,
especially in high-stakes fields like clinical medicine.

4.3 | RAG and SFT Increases Perceived Clarity
of LLM-Generated Text

We also measured the impact of RAG and SFT with HCV guide-
lines on clarity (e.g., ‘straight to the point’, ‘explicit’ and ‘free from
ambiguity’). In particular, RAG-Topl0 achieved the highest clar-
ity, with clear answers in 91.7% of cases, compared to 86.6% for
RAG-Topl, 88.3% for SFT and only 46.6% for the baseline GPT-4
Turbo model. A similar trend was found with a second, indepen-
dent panel of tertiary-referral hepatologists. The addition of RAG
or SFT, which bounds responses to a specific knowledge dataset,
was shown to refine the model output, providing answers that are
not only more accurate, but also more concise and targeted. The
decision to use a binary evaluation for clarity, rather than a scale
as employed for accuracy, was based on several considerations.
Firstly, clarity is a more qualitative and subjective measure com-
pared to accuracy. While accuracy can be more easily quantified
on a scale, clarity often presents as an either/or proposition—an
answer is either clear or it is not, with less room for gradation.
Unlike accuracy, where nuances in correctness can be meaning-
ful, clarity benefits from a more straightforward assessment.

4.4 | RAG and SFT Increases Accuracy in
LLM-Recommended Treatment

We evaluated LLM performance on selecting the appro-
priate DAAs across 25 clinical scenarios. The RAG-Topl0
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configuration prescribed all recommended treatment reg-
imens without any incorrect recommendations in 76% of
cases (vs. baseline: 24%), whereas SFT yielded lower rates of
accuracy (i.e., 66%). Similar results were reported in a recent
study of multiple LLMs in the context of upper gastrointesti-
nal bleeding, where SFT-GPT4 slightly outperformed the RAG
configuration (though the difference was not statistically sig-
nificant) in answering open-ended questions, whereas the
RAG configuration demonstrated clear superiority when han-
dling the less-structured prompts derived from clinical simu-
lation exercises [21].

4.5 | Strengths and Limitations

Strengths of the study include the novel exploration of an SFT
framework and RAG-enhanced LLMs for HCV management
and the use of European Guidelines influence and its effects
on response quality. The involvement of world experts in HCV
as evaluators adds a significant layer of credibility to the accu-
racy estimates of these LLM enhancements. Having guideline
experts as both graders and answer designers ensures we ap-
proach the gold standard in defining the accuracy of outputs,
a feature not yet presented in the literature. We note that only
the default settings available through the OpenAI API were
utilised, which may be suboptimal for fine-tuning on clinical
guidelines. Our study serves as an initial exploratory effort in
this domain, laying the groundwork and baseline expected
performance that could be improved with more sophisticated
frameworks. Furthermore, it aims to uncover the problem
of robust evaluation methodologies. The involvement of ex-
perts as evaluators is particularly crucial due to the lack of
established benchmarks for evaluating responses generated
by LLMs, which could delay their safe deployment in clinical
practice. In addition, most of the previous studies [13] on LLM
applications in digestive diseases failed to provide transpar-
ent information regarding model specifications (e.g., version,
hyperparameters), prompt engineering frameworks, pre-
cise definition of accuracy measurement and did not involve
guideline experts as graders. Our study is the first in evaluat-
ing LLMs fine-tuned on a specific domain knowledge set for
generating medical advice, as opposed to the existing studies
that evaluate the performance of fine-tuned models for note
summarization [48, 49].

Limitations include a narrow problem-based focus, persistent
gaps in accuracy and the representativeness of the questions
to real-world clinical care. The focus on HCV may limit the
generalisability of the findings to other diseases or health-
care issues. Furthermore, although using RAG reduces the
incidence of hallucinations, it does not eliminate the risk, and
the lack of established benchmarks for LLM outputs remains
a challenge. In addition, we only used one medical guideline
in a forward pass for each new query in the RAG framework.
This may affect accuracy in the case of multiple guidelines
that exceed the LLM context window, leading to a chunking
strategy that may affect context retrieval from the external
dataset [50].

Our evaluation dataset comprised 40 distinct queries (15
open-ended questions and 25 clinical scenarios), which, while

consistent with sample sizes reported in previous LLM evalu-
ation studies in gastroenterology [13], may be insufficient for
broad clinical deployment of these tools, even within a single
disease area. This limitation underscores the critical absence of
standardised, publicly available benchmarks developed by rel-
evant scientific societies for comprehensive clinical validation
of LLMs. Without such established evaluation frameworks,
individual studies remain constrained by resource limitations
and may not capture the full spectrum of clinical complexity re-
quired for safe healthcare integration.

Another limitation is that we only evaluated GPT models,
excluding other models such as open-source alternatives.
However, we have demonstrated previously the increased
performance in accuracy of proprietary models when com-
pared to open-source models such as Meta's Llama-2 across
multiple model configurations [21]. This focus is due to the
current availability of OpenAl within hospital systems. Also,
we did not implement reinforcement learning from human
feedback (RLHF) in our current study due to limitations on
expertise and cost. RLHF represents the pivotal force driving
the enhancement of LLMs and ensuring their alignment with
human expectations. We are actively exploring the possibility
of applying effective RLHF implementation as an area of fu-
ture research.

5 | Conclusion

The study shows that baseline LLMs have suboptimal accuracy
and require approaches to inject domain-specific expertise to im-
prove accuracy and perceived clarity. RAG or SFT frameworks
provide more accurate and clear responses than the baseline
model, especially when grounded in authoritative guidelines
for HCV management. Development and deployment costs can
limit real-life implementation, and generalisability remains an
issue due to privacy concerns and absence of representative da-
tabases of real-world questions.
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