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Highlights:

PHENO-RAG is an Al system that extracts clinical data from real-
world notes to provide guideline-based HCC treatment guidance.

Automated structuring of clinical notes significantly improved de-
cision accuracy.

PHENO-RAG achieved 86.5% concordance with physicians for
treatment allocation.

Clinical complexity assessment showed 88.6% agreement with
expert evaluation.

PHENO-RAG is useful to support treatment decisions and
complexity assessment in HCC.
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Impact and implications:

Clinical decisions in the management of hepatocellular carcinoma are
complex and multiparametric, requiring resource-intensive multidisci-
plinary care and creating challenges for optimal treatment allocation
across different healthcare settings. We developed PHENO-RAG, a
large language model-based framework that combines patient phe-
notyping through automated clinical information extraction from real-
world clinical notes with treatment decision support, based on inter-
national guidelines. Our framework demonstrated concordance of
86.5% with real-world clinical decisions for treatment allocation and
88.6% for clinical complexity assessment, suggesting potential to
enhance decision consistency and quality of care. In clinical practice,
this Al-assisted framework could help standardize hepatocellular
carcinoma management workflows, support training of hepatology and
oncology fellows, assist in quality assurance programs, and facilitate
more systematic identification of complex cases requiring multidisci-
plinary consultation, particularly in resource-constrained settings.
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Background & Aims: Management of hepatocellular carcinoma (HCC) poses unique challenges due to its development in the
context of chronic liver disease and the availability of multiple treatment options. Although multidisciplinary team (MDT) man-
agement improves outcomes, universal MDT discussion is resource-intensive, underscoring the need for effective patient-
stratification tools. We developed a novel large language model (LLM) framework, PHENO-RAG, that integrates contemporary
HCC management guidelines with patient-specific clinical data.

Methods: We retrospectively analysed 489 clinical reports from 424 patients treated at a tertiary referral centre between
September 2020 and November 2024. Eight locally hosted LLMs were tested: Llama-3-8B/70B, GPT-0ss-20B/120B, Qwen-3-
8B/80B, and Falcon-7B/40B. Two ablation studies assessed clinical concept extraction (using REGEX, pure LLMs, and hybrid
REGEX+LLM pipelines) and decision generation across six configurations (zero-shot/few-shot with unstructured vs. structured
notes, with and without retrieval-augmented generation [RAG] using clinical guidelines). The primary outcome was exact-match
accuracy against real-world clinical decisions for treatment allocation, clinical complexity, and recommendation for
MDT discussion.

Results: GPT-oss-120B+REGEX achieved the best overall agreement (median F1 for categorical concepts 0.92 [95% CI
0.85-0.95]; median intraclass correlation coefficient for numerical parameters 0.93 [95% CI 0.85-0.94]). For decision support,
accuracy increased with structured inputs, few-shot exemplars, and RAG across all models. Under the strongest configuration
(few-shot+RAG on structured notes), GPT-0ss-120B reached 86.5% exact match for treatment allocation, 88.6% for clinical
complexity, and 66.9% for MDT recommendation; Llama-3-70B achieved 80.8%, 83.4%, and 63.0%, respectively. Performance
in the baseline zero-shot, unstructured-note configuration was substantially lower.

Conclusions: PHENO-RAG delivers accurate, guideline-concordant support for HCC treatment allocation and complexity
grading from real-world notes, with performance driven less by model family alone than by hybrid extraction, input structuring, in-
context examples, and evidence retrieval. MDT referral remains the hardest task — appropriate for prioritization rather than
automation. Prospective, multi-site and multimodal validation is warranted.

© 2025 The Authors. Published by Elsevier B.V. on behalf of European Association for the Study of the Liver (EASL). This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction transplantation, surgical resection, ablative therapies, trans-
arterial treatments, and systemic therapies, representing a
challenge in risk stratification and identification of best treat-
ment sequence. All in all, this leads to a complex decision-
making landscape for clinicians.®

Evidence from retrospective studies consistently demon-
strates that multidisciplinary team (MDT) management is
significantly associated with patient outcomes in HCC.** The
establishment and implementation of MDT care was shown to
be significantly associated with improved survival across
different healthcare settings.®™® The reasons for the survival
benefit associated with MDT management are not fully

Hepatocellular carcinoma (HCC) represents the sixth most
prevalent cancer and the third leading cause of cancer mor-
tality, imposing a major health burden worldwide." Unlike other
malignancies, challenges associated with the management of
HCC are related to several factors: 1) it develops primarily in
the context of chronic liver disease, mainly cirrhosis; 2) diag-
nosis is usually radiological, rather than histopathological; 3)
the co-existence with underlying cirrhosis influences prognosis
and treatment outcomes, due to competing risks between
oncological outcomes and liver-related events;® 4) the avail-
ability of multiple treatment options - including liver
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understood and may include improved personalization of care
through multiparametric decision-making, enhanced access to
clinical trials, and shorter time from diagnosis to treat-
ment initiation.

However, the implementation of universal MDT discussion
for all patients with HCC presents significant practical chal-
lenges. There is a lack of standardization in the definition of the
core MDT and its procedures. Moreover, the process is
resource-intensive and time-consuming, and not all cases may
require the same level of multidisciplinary expertise. Some
treatment decisions might be relatively straightforward and can
be made by single specialists, while others demand complex
multi-modal approaches. This underscores the need for inno-
vative tools that can effectively stratify patients based on their
clinical complexity, identifying those who would derive the
greatest benefit from a comprehensive MDT approach.

Recent advances in artificial intelligence, particularly large
language models (LLMs), have shown promising potential in
clinical decision support and guideline interpretation.’'®""
These transformer-based neural networks, trained on large
datasets from unstructured and structured sources, can pro-
cess and analyse complex clinical information while account-
ing for multiple variables simultaneously. Recent studies have
demonstrated that LLMs, when enhanced with domain-
specific knowledge through techniques such as retrieval
augmented generation (RAG) or supervised fine-tuning, can
achieve high accuracy rates in guideline-based decision
making."®'® Conversely, foundational LLMs have demon-
strated unacceptably low accuracy in gastroenterology and
hepatology clinical tasks, potentially leading to suboptimal
decision making, when used by patients or non-specialists.'*
Therefore, these implementations require careful framework
design, including structured guideline reformatting and
advanced prompt engineering to ensure reliable outputs.

Despite these advances, there exists a significant knowl-
edge gap in the application of LLMs to HCC decision-making.
While studies have explored LLM applications in different
medical specialties, none have specifically addressed their
potential role in stratifying patients with HCC by clinical
complexity or predicting optimal treatment decisions using
real-world clinical data. The unstructured nature of real-life
clinical reports presents distinct challenges compared to arti-
ficially constructed clinical cases. Navigating unstructured
clinical real-world data requires LLMs to first extract relevant
clinical concepts before applying decision frameworks — a two-
step process with the potential for compounding errors.
Therefore, we sought to leverage LLM capability for clinical
concept extraction from unstructured notes to create struc-
tured clinical cases containing information relevant for
HCC management.

To address this gap, we developed PHENO-RAG, a
modular ensemble LLM framework that combines patient
phenotyping through automated clinical information extraction
with treatment decision support guided by RAG, based on
EASL (European Association for the Study of the Liver)
guidelines15 and the multiparametric therapeutic hierarchy
concept.® By integrating unstructured real-world clinical notes
with current HCC management guidelines, PHENO-RAG per-
forms sequential reasoning across two core tasks: the
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structured extraction of clinically relevant parameters to enable
patient stratification, and the generation of guideline-informed
recommendations for treatment allocation and multidisci-
plinary team (MDT) discussion. To minimize error propagation
through these two sequential tasks, the extraction step was
systematically optimized with validation against human-
labelled data, and each component was independently eval-
uated to ensure that structured outputs meet high accuracy
thresholds before being used for downstream decision-
making. The framework was evaluated for its ability to pre-
dict therapeutic decisions, assess clinical complexity, and
identify patients likely to benefit from MDT evaluation.

Patients and methods

Study population and data collection

We conducted a retrospective analysis of clinical reports from
patients consecutively evaluated at University Hospital of
Palermo (Italy), one of the hub centres of the Sicily Network for
Liver Cancer,'® between September 1, 2020, and November 1,
2024. Clinical data were systematically collected through a
dedicated web-based platform (https://www.
sintesihepatology.org/study/PSN), which serves as the cen-
tral database for the network. The platform facilitates struc-
tured data entry including: demographic information, clinical
parameters related to chronic liver disease and HCC, labora-
tory values, radiological findings, treatment history and
response assessment, multidisciplinary board discussion de-
tails and outcomes. All clinical reports were anonymized prior
to analysis. A key feature of the platform is its capability to
automatically generate standardized clinical reports in Italian
language, available in both Word and PDF formats, which cli-
nicians can subsequently modify as needed.

Clinical reports selection

For patients with multiple clinical reports during the study
period, we selected reports corresponding to specific thera-
peutic decision points. For patients maintaining complete
response throughout the recruitment period and requiring only
clinical-radiological follow-up, we included only the latest
available report. For all other patients, therapeutic decisions
were categorized as: liver transplantation, surgical resection,
ablation, transarterial treatment, systemic therapy, best sup-
portive care (BSC).

Clinical decision criteria

Clinical decisions were based on multiple parameters®
including: age, Eastern Cooperative Oncology Group - per-
formance status, Child-Pugh class, model for end-stage liver
disease (MELD) score, presence of esophageal varices as an
indicator of clinically significant portal hypertension, presence
of severe extrahepatic comorbidities (adapted from comor-
bidities included in Charlson comorbidity index. Further details
are reported in the supplementary materials), previous HCC
treatments, response to previous HCC treatments, alpha-
fetoprotein (AFP) levels, maximum diameter of the main
nodule, number of nodules, vascular invasion and presence of
extrahepatic disease.
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Fig. 1. PHENO-RAG framework for HCC clinical decision support system. The clinical evaluation begins with patient evaluation, with clinicians collecting
comprehensive data in multiple data formats, including demographic information, liver function parameters, tumor characteristics, and imaging findings. These
unstructured clinical reports are processed through a two-stage extraction system combining natural language processing techniques (i.e. regular expression) and
multiple large language models to transform them into structured data with high fidelity. The structured clinical data is then processed by each large language model
configuration using advanced prompt engineering and retrieval augmented generation, which incorporates HCC management guidelines to generate three key
outputs: recommended treatment allocation, clinical complexity assessment and decision for multidisciplinary discussion. AFP, alpha-fetoprotein; ECOG-PS, Eastern
Cooperative Oncology Group - performance status, HCC, hepatocellular carcinoma; MDT, multidisciplinary team; LLM, large language model; MELD, model for end-

stage liver disease.

Clinical complexity assessment and
multidisciplinary discussion

Clinical complexity was retrospectively assessed by two cli-
nicians (Ci.C, and G.C.) who reviewed all clinical reports and
graded complexity as low, moderate or high. In cases of
disagreement between the two physicians, a third senior
physician (Ca.C.) acted as an adjudicator to resolve discrep-
ancies. For each patient, we documented whether the case
was discussed by the multidisciplinary board. The board
comprises hepatologists, diagnostic and interventional radiol-
ogists, resection and transplant surgeons, and oncologists.
The center’s standard criteria for determining which patients
require multidisciplinary discussion are detailed in the sup-
plementary materials.

PHENO-RAG framework

As illustrated in Fig. 1, the PHENO-RAG framework was
designed to replicate the cognitive workflow of clinicians
navigating complex HCC cases, by sequentially integrating

clinical concept extraction, patient phenotyping, and
evidence-based reasoning. Starting from unstructured data
embedded in clinical and radiological reports, PHENO-RAG
first employs LLMs and natural language processing tech-
niques to extract key clinical variables and construct struc-
tured case profiles. Then management decisions are
supported by relevant clinical guidelines with an integrated
RAG system. This modular architecture enables the framework
to support three essential decision-making tasks: assigning
treatment recommendations, assessing clinical complexity,
and identifying patients most likely to benefit from
MDT discussion.

Patient phenotyping: Extraction of clinical concepts from
medical reports

To identify the most effective method for clinical concept
extraction, we conducted an ablation study comparing five
different approaches: regular expression (REGEX)-based
extraction alone, LLM-based extraction using LLMs
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separately, and combined REGEX-LLM pipelines for both
model variants.

To validate our clinical concept extraction approach, we
randomly selected 100 full medical reports from our database
for manual labelling. Two experienced physicians indepen-
dently reviewed these clinical notes to extract numerical values
and determine the presence/absence of key clinical features
(i.e., vascular invasion, severe comorbidities, metastatic dis-
ease, previous HCC treatment, complete response to last
treatment, esophageal varices) or numerical values (i.e., AFP
levels, serum albumin, performance status, Child-Pugh score,
MELD score, and maximum nodule diameter). In cases of
disagreement between the two physicians, a third senior
physician acted as an adjudicator to resolve discrepancies.
These manually labelled clinical notes served as the gold
standard for evaluating our automated extraction sys-
tem’s performance.

REGEX is a standardized pattern-matching language used
to identify and extract specific text patterns within documents.
REGEX operates by defining search patterns that can match
both exact text and more complex patterns like numbers,
dates, or specific word combinations. For example, a simple
pattern might look for the word "nodule" followed by a number
and the unit "mm", while more complex patterns can account
for variations in terminology, spacing, and surrounding
context. To systematically extract relevant clinical information
from the reports, we developed a comprehensive REGEX-
based approach. For instance, to identify vascular invasion,
the system would look for patterns like "portal[\s]*-
vein[\ s]*thrombosis", where [\ s] represents optional spaces
between words. Regular expressions were employed to iden-
tify and extract both categorical features (presence/absence)
and numerical parameters from the clinical narratives. For
categorical features (vascular invasion, severe comorbidities,
metastatic disease, previous HCC treatment, complete
response to last treatment, and esophageal varices), we
created an extensive dictionary of relevant terms and their
variations (detailed in the supplementary materials). The
extraction algorithm incorporated common negation phrases
(such as "no", "absent", "without") and evaluated their pres-
ence within a three-word window before and after the target
keywords to accurately determine the presence or absence of
each condition. For numerical parameters (AFP, serum albu-
min, performance status, Child-Pugh score, MELD score), the
algorithm searched for numerical values immediately preced-
ing or following predefined keyword markers. Special consid-
eration was given to the extraction of nodule measurements,
where the algorithm first identified the most recent imaging
report based on the documented date (year), then searched for
specific dimensional keywords within that imaging section to
determine the maximum nodule diameter.

For the LLM-based extraction approach, we implemented a
system using the following locally hosted, privacy-preserving
language models: Meta’s Llama-3-8B and Llama-3-70B,
OpenAl’'s GPT-oss 20B and GPT-oss-120B, Qwen’s Qwen3-
8B and Qwen3-Next-80B-A3B-Instruct, TII’s Falcon-7B and
Falcon-40B. These specific models were selected based on
their demonstrated strong performance in processing lItalian
language text as reported in their technical documentation,
which was crucial as all clinical reports in our dataset were
written in ltalian.””* All prompts were formulated in Italian,
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and model outputs were generated and evaluated in the same
language to ensure linguistic alignment and accuracy. For
extraction, the models were configured with deterministic
settings (temperature = 0, max tokens = 50) to ensure
consistent outputs and minimize hallucination risks. Our
prompt design (reported in the supplementary materials) was
developed through an iterative optimization process, where
multiple prompt variations were tested and evaluated for
extraction accuracy. After several iterations and performance
comparisons, we selected the best-performing prompt struc-
ture, which incorporated both chain-of-thought reasoning and
few-shot learning principles. The final prompt structure began
with a clear specification of the extraction task, listing all
clinical parameters to be identified and their expected formats.
This was followed by ten carefully selected clinical report-
extraction pairs, representing diverse cases including reports
with multiple findings, cases with negated conditions, various
formats of numerical values, and complex scenarios requiring
inference from context. Each example pair included both the
input clinical report and its corresponding structured extraction
output. The prompt also included explicit instructions for the
model to identify relevant sections in the clinical report, extract
specific values or conditions, validate extracted information
against given criteria, and format the output in a consis-
tent structure.

For the combined REGEX-LLM approach, we implemented
a sequential processing pipeline where each clinical report was
first analyzed by the LLM system, which attempted to extract
all relevant parameters. For each parameter, the LLM would
output either a specific value (numerical or categorical) or
indicate "not reported" if the information could not be confi-
dently extracted. In cases where the LLM indicated "not re-
ported", the REGEX system was automatically triggered as a
backup extraction method, providing an additional opportunity
to identify and extract the missing information. This comple-
mentary approach leveraged the strengths of both methods,
with the LLM’s ability to understand context and complex re-
lationships serving as the primary extraction tool, while the
REGEX system acted as a safety net for cases where the LLM
could not make a definitive determination.

We evaluated the performance of each extraction method
against the human-labelled dataset using eight different LLMs
as mentioned above. Each model was tested individually and
in combination with REGEX. For clinical concepts — defined as
categorical variables including vascular invasion, severe
comorbidities, metastatic disease, previous HCC treatment,
complete response to last treatment, and esophageal varices —
we assessed the F1-score, reporting the median F1-score
across all categorical variables. For numerical parameters —
comprising AFP, serum albumin, performance status, Child-
Pugh score, MELD score, and nodule maximum diameter —
we evaluated the agreement using the intraclass correlation
coefficient (ICC, two-way mixed effects), reporting the median
ICC across all numerical variables. For numerical parameters,
agreement with the human-labelled reference was defined as
an exact match up to the first decimal place. Values differing
beyond one decimal precision were classified as incorrect to
ensure strict comparability with the reference annotations. For
categorical variables, LLM outputs were evaluated using exact
matching against human labels. Only binary responses (pre-
sent/absent) matching the reference standard were considered
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correct, while 'not reported’ or ambiguous outputs were
classified as incorrect.

LLM-enhanced clinical decision support system

To evaluate the impact of transforming unstructured clinical
notes into structured formats and to systematically assess the
effect of different prompt design strategies and the integration
of external domain knowledge, we implemented a second
ablation study focused on clinical decision generation. This
study aimed to isolate the contribution of input structure (un-
structured vs. structured clinical notes), prompting approach
(zero-shot vs. few-shot), and the addition of evidence retrieval
through RAG. We tested eight different LLMs as mentioned
above - across six distinct experimental configurations: zero-
shot (unstructured note), zero-shot (structured note), few-
shot (unstructured note), few-shot (structured note), few-
shot+RAG (unstructured note), and few-shot+RAG (struc-
tured note) as depicted in Fig. 2. For each configuration, we
evaluated model performance across three core clinical tasks:
treatment allocation, clinical complexity assessment, and
identification of cases requiring MDT discussion. This frame-
work allowed us to quantify the individual and combined
benefits of structured input, prompt exemplars, and guideline-
informed retrieval in optimizing clinical recommenda-
tion quality.

We designed a systematic evaluation framework comparing
different prompting strategies: zero-shot, few-shot, and few-
shot with RAG. Each strategy was tested using both raw
clinical notes and structured notes containing key elements
extracted through our previously described pipeline. Struc-
tured notes were generated by employing the best performing
framework for note extraction (REGEX-GPT-o0ss-120B). This
approach allowed us to assess the impact of information
structure on recommendation quality.

For the few-shot experiments, we randomly selected 10
clinical cases from our database to serve as examples. These
cases were presented in note-outcome pairs, maintaining

Clinical reports Prompting strategy

Zero-shot
Unstructured
[ clinical notes ]
>< Few-shot
Structured
[ clinical notes ]
Few-shot+RAG

X

Research article

consistency with the input format (structured or unstructured)
used in each experimental condition, in order to provide
comprehensive context for the models compatible with the
model context window.

For the RAG-enhanced approach, we incorporated two key
reference documents: the EASL clinical practice guidelines
published in 2018"° and a previously published paper pro-
posing an evidence-based framework for HCC treatment
based on the concept of multiparametric therapeutic hierar-
chy.® The whole document preprocessing followed our
established protocols already reported in detail elsewhere’?
and involved chunking the text at the paragraph level to create
meaningful, self-contained units of information.?>?® We
generated vector representations of these chunks using the
all-MiniLM-L6-v2 embedding model, chosen for its robust
performance in capturing medical domain semantics. During
inference, our RAG system dynamically retrieved the five most
relevant chunks from each reference document based on
highest cosine similarity scores to the input clinical case.
These retrieved chunks were then incorporated into the
prompt structure to provide evidence-based context for the
model’s recommendations.

For each experimental condition (zero-shot, few-shot, and
RAG), we developed specific prompt templates optimized for
the task requirements. The zero-shot prompts contained clear
task descriptions and expected output formats. Few-shot
prompts included the ten example cases with their corre-
sponding decisions, while RAG-enhanced prompts incorpo-
rated both examples and relevant retrieved passages from the
reference documents.

The prompt structure for each condition was designed to
maintain consistency while accommodating the specific re-
quirements of each approach: zero-shot (direct instruction with
clear specification of the three decision tasks); (2) few-shot
(incorporation of the 10 example cases followed by the
target case); RAG (integration of retrieved reference chunks
alongside few-shot examples). This methodological framework
enabled systematic evaluation of the models’ capabilities

—

i

Clinical task

Large language model

[ GPT-0ss-20B/120B ]

[ Llama-3-8B/70B ]

< e
[ |
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Fig. 2. Ablation study to test LLM-generated recommendation in HCC management. The diagram illustrates the comprehensive workflow for generating
treatment recommendations using LLMs. The process begins with clinical reports as input (both unstructured notes and structured data), which are processed
through different prompting strategies (zero-shot, few-shot, and few-shot with RAG). We evaluated eight different LLMs. The RAG component enhances model
responses by incorporating domain knowledge from international guidelines and multidisciplinary expert opinion. The system generates three critical clinical outputs:
treatment allocation, clinical complexity assessment, and decision for multidisciplinary discussion. HCC, hepatocellular carcinoma; LLMs, large language models;

RAG, retrieval augmented generation.
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across different levels of context and input structure, providing
insights into the optimal approach for clinical recommenda-
tion generation.

All model interactions were configured with a temperature
of 0.8 and max_tokens = 500. These hyperparameters were
selected based on our prior experiments in clinical decision-
support tasks, which identified this configuration as providing
optimal text comprehension while minimizing the risk of hal-
lucinations.?®2” The maximum output length was set to
accommodate comprehensive recommendations while main-
taining computational efficiency.

For experiments using structured notes, we utilized the
output from our previous extraction pipeline, which provided
standardized representations of key clinical parameters. For
unstructured experiments, we used the raw clinical notes as
direct input to the models, allowing them to process the natural
language content in its original form.

For model evaluation in treatment allocation, clinical
complexity assessment, and MDT discussion recommenda-
tion, we computed accuracy, defined as exact match rate
between LLM recommendations and real-life recommenda-
tions across all three items.

Statistical analysis

Continuous variables were summarized as mean + standard
deviation, and categorical variables as frequencies and per-
centages. For clinical concept extraction evaluation, we used
two complementary metrics: F1 score and ICC. The F1 score
was calculated for categorical variables as the harmonic mean
of precision (positive predictive value) and recall (sensitivity),
ranging from 0 (worst performance) to 1 (perfect performance),
with higher values indicating better agreement. The ICC was
computed for numerical parameters using a two-way mixed-
effects model for absolute agreement, with values interpreted
as: <0.50 = poor, 0.50-0.75 = moderate, 0.75-0.90 = good, and
>0.90 = excellent reliability. In the main text, aggregated
summaries of model agreement are reported using median,
first quartile (Q1), and third quartile (Q3) across all variables
within each domain. Full item-level performance metrics for
every variable and model configuration are provided in the
supplementary materials to enable detailed examination of
extraction performance.

For clinical decision support tasks (treatment allocation,
clinical complexity, and MDT recommendation), performance
was evaluated using accuracy, defined as the exact match rate
between LLM-generated recommendations and real-world
clinical decisions, expressed as a percentage.

Confidence intervals (95% Cls) for F1 scores and ICC
values were calculated using bootstrap resampling with 1,000
iterations. For each iteration, we randomly sampled with
replacement from the original dataset, computed the metric,
and derived Cls from the 2.5" and 97.5" percentiles of the
bootstrap distribution.

Computational environment

All analyses were performed in Python 3.11 using a Linux-
based high-performance computing environment with GPU
acceleration. LLMs were executed locally via the Hugging Face
transformers and accelerate libraries, ensuring on-premise
inference and data confidentiality. Model weights for Llama-
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3, GPT-oss, Qwen-3, and Falcon architectures were loaded
from official Hugging Face repositories and run on NVIDIA
A100 and H100 GPUs. Data preprocessing and evaluation
were implemented with pandas (v2.2.3), numpy (v1.26.4), and
scikit-learn (v1.5.1), while the retrieval component relied on
FAISS-based vector indexes and embeddings generated with
the all-MiniLM-L6-v2 model. This environment provided suffi-
cient computational capacity to support inference and
benchmarking of models ranging from 8B to 120B parameters.

Ethical considerations

This study was conducted in accordance with the Declaration
of Helsinki and approved by Ethics Committee of University
Hospital of Palermo (PSN 2017-Action 6.28). All clinical data
were fully anonymized prior to analysis. Data confidentiality
was maintained throughout the study, with access restricted to
authorized researchers only.

Results

During study period, 489 clinical reports from 424 individual
patients (mean age 71.2 + 10.6 years, 73.3% male) were
included. Clinical decisions included liver transplantation in 20
cases (4.1%), surgical resection in 41 (8.4%), ablation in 42
(8.6%), transarterial treatments in 49 (10.0%), systemic ther-
apy in 151 (30.9%), BSC in 95 (19.4%) and follow-up contin-
uation in 91 (18.6%).

Case complexity was judged as low in 113 cases (23.1%),
moderate in 272 (55.6%) and high in 104 (21.3%). The distri-
bution of clinical decisions according to case complexity is
reported in Table 1.

Multidisciplinary discussion was undertaken in 63 cases
(14.9%) (mean age 68.3 + 11.9 years, 75.0% male). Among
them, clinical decisions included liver transplantation in 10
cases (15.9%), surgical resection in 18 (28.6%), ablation in 12
(19.0%), transarterial treatments in 4 (6.3%), systemic therapy
in 15 (23.8%), BSC in 2 (3.2%) and follow-up continuation in
2 (3.2%).

Accuracy analysis of the clinical concept extraction from
clinical reports

The composition of 100 cases used for validating the clinical
concept extraction approach is reported in the supplementary
materials. Accuracy metrics for both categorical clinical con-
cepts (evaluated with the F1 score) and continuous numerical
parameters (evaluated with the ICC) are summarized in
Table 2. Overall, LLMs outperformed the baseline REGEX
approach across both domains. The best performance was
achieved by GPT-o0ss-120B combined with REGEX, which
reached a median F1 score of 0.92 (95% CI 0.85-0.95) for
clinical concepts and an ICC of 0.93 (95% CI 0.85-0.94) for
numerical parameters. Llama-3-70B+REGEX also demon-
strated consistently strong results (F1 0.90, 95% CI 0.79-0.91;
ICC 0.90, 95% CI 0.80-0.92), while Qwen-3-80B+REGEX
achieved intermediate performance (F1 0.88, 95% CI
0.80-0.93; ICC 0.82, 95% CI 0.70-0.83). In contrast, Falcon-
based models showed lower accuracy overall, although their
performance improved modestly with REGEX integration.
Model-specific performance metrics for extraction of individual
clinical concepts and numerical parameters is reported in
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Tables S2 and S3, respectively. GPT-0ss-120B combined with
REGEX achieved the highest overall performance, with the
best extraction accuracy for previous HCC treatment (F1 =
0.98) and AFP levels (ICC = 0.99), whereas its lowest scores
were observed for metastatic disease (F1 = 0.80) and nodule
diameter (ICC = 0.78). Per-parameter extraction performance
of GPT-oss-120B+REGEX is reported in Fig. 3.

Agreement analysis of treatment allocation

For treatment allocation, GPT-oss-120B achieved the highest
performance across all experimental conditions, with exact
match rates ranging from 28.8% (zero-shot on unstructured
notes) to 86.5% (few-shot+RAG on structured notes). Llama-
3-70B demonstrated strong performance, with exact match
rates increasing from 25.8% for zero-shot on unstructured
notes to 80.8% for few-shot+RAG on structured notes. In
contrast, Falcon-7B showed the poorest performance, with
accuracy ranging from only 12.5% to 42.3% across all
experimental conditions. All models demonstrated consistent
improvement with structured data input, few-shot examples,
and RAG integration (Table 3).

The confusion matrix showing the distribution of treatment
assignments by GPT-oss-120B with few-shot+RAG on struc-
tured notes, including misclassification patterns across all
treatment categories, is reported in Fig. S1. In the few-shot
setting without RAG, the model correctly classified 229 pa-
tients, with several consistent misclassification patterns. The
most frequent confusion involved ablation and transarterial
treatments, with 23 total bidirectional errors. Ablation remained
one of the lowest-performing categories, with 18/42 correct
classifications (42.9%), while systemic therapy — despite being
the most prevalent category — achieved 78/151 correct clas-
sifications (51.7%). BSC performed similarly, with 45/95 cor-
rect classifications (47.4%), and follow-up continuation
reached 38/91 (41.8%). The addition of RAG substantially
improved model performance, increasing overall correct clas-
sifications to 425 patients — a net gain of +196 compared with
few-shot alone. The most substantial improvements occurred
in categories with previously low accuracy. Systemic therapy
improved from 78 to 130 correct predictions (+52), ablation
from 18 to 39 (+21), and transarterial treatments from 24 to 44
(+20). Follow-up continuation increased from 38 to 74 (+36),
and surgical resection from 19 to 37 (+18).

Fig. 4 depicts the treatment allocation accuracy across
prompting strategies for GPT-0ss-120B, showing that the
integration of RAG consistently improved classification accu-
racy across all treatment categories, with the largest gains
observed for systemic therapy, ablation, and trans-
arterial therapies.

Agreement analysis of clinical complexity

Similar patterns emerged for clinical complexity assessment.
GPT-0ss-120B again achieved the highest accuracy rates,
ranging from 37.0% (zero-shot on unstructured notes) to
88.6% (few-shot+RAG on structured notes). Llama-3-70B
showed comparable performance, with exact match rates
improving from 32.9% to 83.4% across the experimental
conditions. Falcon-7B consistently performed worst, with ac-
curacy rates between 17.8% and 46.8%. The progressive
enhancement from basic zero-shot prompting to the full few-
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shot+RAG approach with structured data was evident across
all models (Table 3).

The confusion matrix showing clinical complexity assess-
ment by GPT-oss-120B with few-shot+RAG on structured
notes is depicted in Fig. S2. In the few-shot configuration,
GPT-0ss-120B exhibited a high rate of bidirectional misclas-
sification, with frequent overestimation and underestimation of
clinical complexity. Overestimation was the dominant pattern
(110 errors), driven mainly by incorrect upgrading of low-
complexity cases into the moderate or high categories and
misclassification of moderate cases as high complexity. Un-
derestimation (90 errors) was also common and largely re-
flected the tendency to downgrade moderate cases to low
complexity and high-complexity cases to moderate or low
complexity. The introduction of retrieval (few-shot+RAG) sub-
stantially altered the model’s error profile. Overall misclassifi-
cation dropped from 200 to 56 cases, and - critically — the
directionality of errors became balanced, with underestimation
and overestimation occurring at identical frequencies (28 vs.
28 cases). Underestimation primarily involved moderate cases
predicted as low complexity and high cases predicted as
moderate, whereas overestimation stemmed mostly from iso-
lated upgrades of low-complexity notes into the moderate or
high category.

Agreement analysis of decisions for
multidisciplinary discussion

MDT recommendation proved the most challenging task for all
models. GPT-oss-120B achieved the best performance with
exact match rates ranging from 18.2% (zero-shot on un-
structured notes) to 66.9% (few-shot+RAG on structured
notes). Llama-3-70B demonstrated similar trends, improving
from 16.2% to 63.0% across experimental conditions. Falcon-
7B showed the lowest accuracy, with rates between 8.0% and
33.3%. Even the best-performing models struggled with this
task compared to treatment allocation and clinical complexity
assessment (Table 2).

Discussion

HCC management presents unique challenges due to the
complex interplay between tumor characteristics, underlying
chronic liver disease, and patient-specific factors. The inte-
gration of LLMs into clinical decision support systems could
represent a promising frontier in healthcare delivery, particu-
larly for complex diseases like HCC, where management de-
cisions are multiparametric, and encompass multiple factors.

In this retrospective study of 489 real-world HCC clinical
notes, we developed PHENO-RAG, an Al-assisted system
designed to extract clinical information from narrative reports
and provide clinical recommendations via LLMs, supported by
international guidelines. Across eight models tested with
different prompting/knowledge conditions, the accuracy of
clinical decisions dramatically improved when the models were
provided with structured clinical information and access to
current management guidelines. The best overall results were
obtained with GPT-0ss-120B, followed by Llama-3-70B, while
other tested models showed lower overall performance, but
still benefitted from the same methodological enhancements.
These findings support the potential for LLM-assisted tools to
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Table 1. Distribution of clinical decisions according to case complexity.

Large language models for HCC management

Management decision Low complexity (n = 113)

Moderate complexity (n = 272) High complexity (n = 104)

Liver transplantation 5 (4.4%)
Surgical resection 9 (8.0%)
Ablation 10 (8.8%)
Transarterial treatments 11 (9.7%)

Systemic therapy
Best supportive care
Follow-up continuation

35 (31.0%)
22 (19.5%)
21 (18.6%)

11 (4.0%) 4 (3.8%)
24 (8.8%) 8 (7.7%)
24 (8.8%) 8 (7.7%)
27 (9.9%) 11 (10.6%)

84 (30.9%) 32 (30.8%)

52 (19.1%) 21 (20.2%)

50 (18.4%) 20 (19.2%)

Distribution of management decisions stratified by case complexity. Values are presented as absolute counts and column percentages, reflecting the proportion of each decision

category within the respective complexity level.

enhance consistency and quality of HCC management de-
cisions in clinical practice.

The first step of our approach was to assess the ability of
our framework to extract key determinants of clinical decisions
from unstructured clinical notes, thus obtaining structured data
for subsequent clinical decision-making. This automated
structuring process represents a critical advance, as it auto-
matically transforms raw narrative clinical reports into sys-
tematically organized information that can be more reliably
processed and analyzed. A key finding of our study is repre-
sented by the significant performance disparities across
different models for the accurate identification of key clinical
parameters influencing clinical decisions, such as tumor
characteristics, liver function parameters, and response to
previous HCC treatments. Combined approaches with GPT-
0ss-120B plus REGEX (a standardized text-searching
method for identifying and extracting specific medical terms
from clinical text) achieved superior clinical concept extraction,
with accuracy higher than 90%, substantially outperforming
smaller models. This aligns with recent evaluations showing
that combined approaches are more accurate in medical ap-
plications.?®*° The integration of REGEX with LLM processing
proved critical, aligning with previous findings observed in

other hepatological settings,’? where guideline reformatting

and structured presentation of clinical information led to similar
improvements in accuracy. The performance gap between
GPT-0ss-120B and smaller models was substantial across all
conditions, highlighting the importance of model selection in
clinical applications.®® Our extraction performance is consis-
tent with recent systematic evidence showing that natural
language processing systems achieve sensitivity and speci-
ficity higher than 90% in extracting information from free-text
medical reports.®’

We then assessed the performance of our framework in
generating clinical recommendations, that were compared
with real-world specialist decisions across three clinical tasks:
HCC treatment allocation, grading of clinical complexity and
identification of need for MDT discussion. Our framework
demonstrated high concordance with real-world decisions for
treatment allocation and clinical complexity assessment, sug-
gesting potential to support clinical workflows while main-
taining quality of care. Interestingly, our framework
demonstrated progressive improvement across all models with
structured data preprocessing, access to representative clin-
ical examples (few-shot learning), and guideline-informed
recommendations through RAG integration.

Table 2. Accuracy analysis of the extraction of clinical parameters from clinical reports.

Configurations

Clinical concepts

Numerical parameters

REGEX 0.62 (0.50;0.68) 0.87 (0.74;0.89)
Meta’s models

Llama-3-8B 0.81 (0.68;0.83) 0.81 (0.67;0.86)
Llama-3-8B+REGEX 0.84 (0.71;0.86) 0.84 (0.71.0.85)
Llama-3-70B 0.87 (0.73;0.88) 0.89 (0.77;0.92)
Llama-3-70B+REGEX 0.90 (0.79;0.91) 0.90 (0.80;0.92)

OpenAl’s models

GPT-o0ss-20B 0.83 (0.70;0.85) 0.80 (0.73;0.84)
GPT-0ss-20B+REGEX 0.88 (0.81;0.93) 0.85 (0.71;0.87)
GPT-o0ss-120B 0.85 (0.77;0.90) 0.90 (0.83;0.95)
GPT-0ss-120B+REGEX 0.92 (0.85;0.95) 0.93 (0.85;0.94)
Qwen’s models

Qwen-3-8B 0.79 (0.65;0.85) 0.70 (0.65;0.76)
Qwen-3-8B+REGEX 0.85 (0.77;0.91) 0.79 (0.69;0.83)
Qwen-3-80B 0.83 (0.74;0.92) 0.76 (0.65;0.81)
Qwen-3-80B+REGEX 0.88 (0.80;0.93) 0.82 (0.70;0.83)
TIP’'s models

Falcon-7B 0.65 (0.60;0.71) 0.69 (0.65;0.73)
Falcon-7B+REGEX 0.71 (0.65;0.74) 0.72 (0.64;0.75)
Falcon-40B 0.69 (0.64;0.71 0.75 (0.70;0.79)

Falcon-40B+REGEX

0.73 (0.66;0.78)

0.82 (0.74;0.83)

Extraction performance for clinical concepts — defined as categorical entities including vascular invasion, severe comorbidities, metastatic disease, previous hepatocellular
carcinoma treatment, complete response to the last treatment, and presence of esophageal varices — was evaluated using the median F1 score. In contrast, numerical parameters
— comprising alpha-fetoprotein, albumin, performance status, Child-Pugh score, model for end-stage liver disease score, and nodule diameter — were assessed using the median
ICC to capture agreement in continuous data extraction. ICC, intraclass correlation coefficient.
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Table 3. Performance comparison of large language models across clinical decision-making tasks for hepatocellular carcinoma management.

Models and Tasks

Zero-shot (unstructured

Zero-shot (structured

Few-shot (unstructured

Few-shot (structured

Few-shot+RAG (unstructured

Few-shot+RAG (structured

note) note) note) note) note) note)
Llama-3-8B
Treatment allocation 97 (19.83%) 119 (24.33%) 142 (29.03%) 159 (32.51%) 182 (37.21%) 240 (49.07%)
Clinical case 139 (28.47%) 142 (29.04%) 218 (44.58%) 241 (49.28%) 273 (55.83%) 301 (61.55%)
complexity
MDT recommendation 62 (12.67%) 67 (13.70%) 81 (16.56%) 93 (19.01%) 107 (21.88%) 115 (23.51%)
Llama-3-70B
Treatment allocation 126 (25.76%) 168 (34.35%) 187 (38.24%) 201 (41.10%) 242 (49.48%) 395 (80.77%)
Clinical case 161 (32.92%) 178 (36.4%) 226 (46.21%) 260 (53.17%) 292 (59.71%) 408 (83.43%)
complexity
MDT recommendation 79 (16.15%) 92 (18.81%) 101 (20.65%) 129 (23.38%) 254 (51.94%) 308 (62.98%)
GPT-0ss-20B
Treatment allocation 133 (27.19%) 177 (36.19%) 202 (41.30%) 221 (45.20%) 263 (53.79%) 305 (62.37%)
Clinical case 172 (35.17%) 186 (38.04%) 246 (50.31%) 281 (57.47%) 322 (65.85%) 341 (69.73%)
complexity

MDT recommendation

84 (17.18%)

96 (19.63%)

112 (22.90%)

137 (28.02%)

169 (34.56%)

230 (47.03%)

GPT-oss-120B
Treatment allocation

141 (28.84%)

186 (38.04%)

212 (43.35%)

229 (46.83%)

269 (55.01%)

423 (86.51%)

Clinical case 181 (37.01%) 192 (39.26%) 254 (51.95%) 289 (59.10%) 329 (67.28%) 433 (88.55%)
complexity

MDT recommendation 89 (18.20%) 103 (21.07%) 119 (24.34%) 144 (29.45%) 178 (36.40%) 327 (66.87%)
Qwen-3-8B

Treatment allocation 85 (17.38%) 104 (21.27%) 128 (26.17%) 147 (30.06%) 169 (34.56%) 289 (59.10%)
Clinical case 121 (24.74%) 133 (27.19%) 176 (36.01%) 198 (40.49%) 226 (46.21%) 311 (63.61%)
complexity

MDT recommendation 55 (11.25%) 61 (12.47%) 73 (14.93%) 86 (17.58%) 101 (20.65%) 223 (45.60%)
Qwen-3-80B

Treatment allocation
Clinical case

98 (20.04%)
137 (28.02%)

121 (24.74%)
152 (31.08%)

147 (30.06%)
194 (39.67%)

163 (33.33%)
219 (44.78%)

194 (39.67%)
243 (49.69%)

331 (67.69%)
351 (71.78%)

complexity

MDT recommendation 64 (13.09%) 71 (14.52%) 88 (18.00%) 107 (21.88%) 129 (26.38%) 251 (51.33%)
Falcon-7B

Treatment allocation 61 (12.47%) 73 (14.93%) 84 (17.18%) 96 (19.63%) 118 (24.13%) 207 (42.33%)
Clinical case 87 (17.80%) 104 (21.27%) 121 (24.74%) 133 (27.19%) 152 (31.08%) 229 (46.83%)
complexity

MDT recommendation 39 (7.98%) 46 (9.40%) 53 (10.84%) 64 (13.09%) 73 (14.93%) 163 (33.33%)
Falcon-40B

Treatment allocation 71 (14.52%) 89 (18.20%) 101 (20.65%) 118 (24.13%) 144 (29.45%) 246 (50.31%)
Clinical case 102 (20.86%) 117 (23.92%) 142 (29.04%) 163 (33.33%) 186 (38.04%) 267 (54.60%)
complexity

MDT recommendation

46 (9.40%)

55 (11.25%)

61 (12.47%)

74 (15.13%)

89 (18.20%)

197 (40.29%)

The table reports the accuracy for each model configuration, defined as exact match rates, reported as number of correct predictions with percentages in parentheses for treatment allocation, clinical case complexity assessment, and
MDT recommendation decisions. Eight different language models were evaluated across six experimental conditions: zero-shot and few-shot prompting strategies applied to both unstructured clinical notes and structured data, with and
without RAG. Results demonstrate progressive improvement in accuracy with structured data input, few-shot examples, and RAG integration across all models and tasks. MDT, multidisciplinary team; RAG, retrieval
augmented generation.
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A Performance of GPT-o0ss-120B on clinical concept extraction

1.0

0.84

F1-score

Vascular invasion Comorbidities Metastasis

Previous treatment Complete response Varices

[ REGEX [H LLM [ LLM +REGEX

B Performance of GPT-oss-120B on numeric parameter extraction
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Fig. 3. Per-parameter extraction performance of the best-performing model (GPT-o0ss-120B+REGEX). Performance metrics for extraction of (A) categorical
clinical concepts measured by F1 score and (B) numerical parameters measured by ICC. AFP, alpha-fetoprotein; ECOG-PS, Eastern Cooperative Oncology Group —
performance status, ICC, intraclass correlation coefficient; MDT, multidisciplinary team; LLM, large language model; MELD, model for end-stage liver disease;

REGEX, regular expression.

The magnitude of improvement — from 25-30% baseline
accuracy to 80-88% with full PHENO-RAG implementation —
underscores the critical importance of the use of pre-
processed structured and the integration of data domain-
specific knowledge, as already shown in other medical Al
applications.'®*? From a practical perspective, the structured
data produced by this automated process enabled more ac-
curate clinical decision-making compared to processing un-
structured notes directly. This finding has important
implications for clinical practice, as it suggests that automated
systematic organization of clinical information may improve
consistency and quality of treatment decisions. The ability to
automatically convert narrative clinical reports into structured
formats could therefore serve as a valuable tool for standard-
izing clinical workflows and supporting evidence-based deci-
sion-making. At the same time, incorporating current clinical
guidelines directly into the decision-making process provided
substantial performance gains. This approach, known as RAG,
allows the system to automatically consult relevant sections of
established treatment guidelines — similar to how clinicians
reference current recommendations when making decisions.
This ensures that treatment suggestions remain consistent

with the latest evidence-based practices and can be updated
as guidelines evolve. Our findings support evidence that LLM-
RAG models can achieve high accuracy levels in specific
clinical tasks when properly designed.*®

Error analysis demonstrated that RAG systematically cor-
rected the model’s weakest performance areas: treatment
categories with the lowest baseline accuracy (ablation, sys-
temic therapy, follow-up) improved to 81-93% with guideline
retrieval, while complexity assessment errors decreased from
200 to 56 cases with balanced directionality. This targeted
improvement pattern suggests that guideline integration ad-
dresses specific knowledge gaps and systematic biases,
strengthening confidence in the framework’s clinical aim.

Among the three clinical tasks, MDT recommendation
proved most challenging, with GPT-oss-120B achieving only
66.9% accuracy. This could reflect that current guidelines
recommend universal or near-universal MDT discussion, while
real-world practice requires selective prioritization due to
resource constraints, creating discrepancy between guideline-
based and actual decisions. Moreover, MDT referral in-
corporates subjective judgment and institutional factors that
could not be captured in clinical notes.
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Treatment allocation accuracy with structured notes (GPT-oss-120B)
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Fig. 4. Treatment allocation accuracy across prompting strategies for GPT-oss-120B. Bar chart illustrating the accuracy of treatment assignment for each
management category when using zero-shot prompting, few-shot prompting, and few-shot prompting augmented with RAG on structured clinical notes. The
integration of RAG consistently improved classification accuracy across all treatment categories, with the largest gains observed for systemic therapy, ablation, and

transarterial therapy.

Our findings have important implications for the practical
implementation of our framework as a tool for clinical decision
support in HCC. First, they demonstrate the feasibility of using
LLMs for complex clinical decision-making when properly
configured with structured data (collected from a large sample
of patients managed in a real-world setting at a tertiary referral
center during a relatively short period) and domain-specific
knowledge. Second, they highlight the importance of main-
taining human oversight, particularly for complex cases
requiring multidisciplinary input. Third, they suggest a potential
role for LLMs in streamlining clinical workflows by identifying
cases that would benefit most from MDT discussion, accord-
ing to their clinical complexity.

Several limitations of our study should be acknowledged.
First, while our dataset of 489 clinical reports represents a
substantial sample, it comes from a single institution and may
not capture the full variety of clinical presentations and
decision-making patterns across different healthcare settings.
Second, the retrospective nature of our study means that the
model’s recommendations require prospective validation.
Third, we did not evaluate the predictive performance of the
framework across different treatment modalities stratified by
clinical complexity. Fourth, while our framework incorporated
radiological information extracted from imaging reports
embedded in clinical notes, it did not perform direct analysis of
radiological images themselves, which are known to be
fundamental determinants in therapeutic decision-making for
HCC. The absence of this information could affect the ability of
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the model to fully capture the nuances that influence treatment
allocation in clinical practice, particularly regarding the location
of the tumor. Integrating direct radiological images in future
iterations would potentially enhance the framework’s accuracy
and clinical applicability.

Future research directions should include prospective vali-
dation of the framework in clinical practice, evaluation across
multiple institutions and healthcare systems, and investigation
of how the framework performs with other complex diseases
requiring multidisciplinary management. Additionally, further
work is needed to improve the model’s performance in
borderline cases and to develop more robust methods for
clinical complexity stratification.

Several ethical and practical considerations warrant dis-
cussion. First, while PHENO-RAG demonstrates promising
accuracy, clinical liability remains with treating physicians.
Second, transparent documentation of Al involvement in
decision-making processes is essential for maintaining
accountability and patient trust. Third, data confidentiality
must be rigorously protected, particularly when implementing
such frameworks in clinical practice; our use of locally hosted
models rather than cloud-based application programming in-
terfaces represents one approach to mitigating privacy risks.

In conclusion, our evaluation demonstrates the potential of
multi-model LLM frameworks to support complex clinical
decision-making in HCC management when properly imple-
mented with structured data preprocessing, domain-specific
knowledge retrieval, and systematic prompt optimization.
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While these tools show promise in streamlining clinical work-
flows and supporting evidence-based practice, they should be
viewed as augmentative technologies that enhance rather than

Large language models for HCC management

Future research should focus on prospective validation,
multimodal integration, and robust evaluation frameworks for
complex clinical reasoning tasks.

replace clinical judgment and multidisciplinary expertise.
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