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Abstract

In today’s age of information, unstructured information can
become overwhelming and difficult to interpret, particularly
in safety critical domains such as healthcare where the vol-
ume and complexity of unstructured textual notes is required
to be interpretable, insightful, and easily automated for pro-
cessing. This paper introduces Hermes, a modular agentic
system that transforms unstructured clinical text into a mod-
ified version of the Subjective-Objective-Assessment-Plan
(SOAP) format and generates a knowledge graph offering
a high-level, distilled view that facilitates downstream clini-
cal reasoning and decision-making. Hermes employs a multi-
agent architecture consisting of four specialized components:
Hermes-R (report generation), Hermes-G (knowledge graph
generation), Hermes-Q (question-answer pair generation),
and Hermes-A (answer generation). These agents operate se-
quentially with validation to generate structured medical in-
formation using iterative refinement. Preliminary evaluations
on a few samples demonstrate that Hermes is able to generate
structured clinical reports and knowledge graphs according
to provided specifications from unstructured discharge sum-
maries with good consistency, accuracy, and reward score.
Hermes offers a unified framework that advances clinical nat-
ural language processing, bridging structured representation,
question answering, and semantic validation.

Code — https://github.com/joudelshawa/hermes
Dataset — https://physionet.org/content/mimic-iv-note/2.2

Introduction

The healthcare industry faces growing challenges in man-
aging the vast volume of clinical documentation generated
daily through Electronic Health Records (EHRs), much of
which is unstructured or semi-structured. Clinicians now
spend over 43% of their time on EHR-related tasks (Sinsky
et al. 2016; Raghupathi and Raghupathi 2014), leading to
reduced productivity and increased risk of errors. Unstruc-
tured notes make it difficult to extract specific information,
and the lack of standardized documentation formats across
systems hampers interoperability and data sharing. The
SOAP (Subjective-Objective-Assessment-Plan) format of-
fers a structured approach (Podder, Lew, and Ghassemzadeh
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2023), but converting free-text notes into this format re-
mains labor-intensive and requires preserving the clinical
accuracy and context of the original content. Recent ad-
vances in natural language processing (NLP) and machine
learning have shown promise in addressing these challenges.
However, existing solutions often focus on specific aspects
of clinical documentation, such as information extraction
or question answering, without providing a comprehensive
framework that combines structured representation, seman-
tic validation, and knowledge graph generation (Leong et al.
2024). This fragmented approach limits the potential im-
pact of these technologies in improving clinical documenta-
tion and decision-making. To address these limitations, we
present Hermes, a modular agentic system that transforms
unstructured clinical text into a modified SOAP format while
generating a comprehensive knowledge graph. The system
employs a multi-agent architecture consisting of four spe-
cialized components that iteratively process, validate, and
structure medical information. This approach not only im-
proves the efficiency of clinical documentation but also en-
hances the quality and accessibility of patient information
for downstream clinical reasoning and decision-making. The
main contributions of this paper are:

1. A modular framework composed of four specialized
Large Language Model (LLM)-based agents (Hermes-
R, Hermes-G, Hermes-Q, Hermes-A) that collabora-
tively transform unstructured clinical notes into struc-
tured SOAP reports, knowledge graphs, and clinically
relevant Question-Answer (QA) pairs.

2. Anovel feedback-driven refinement loop where QA pairs
generated from the knowledge graph are semantically
matched with answers derived from the original notes.

3. A knowledge graph generation component that produces
color-coded graphs with directed relationships and de-
scriptive metadata, offering interpretable and actionable
representations for downstream clinical reasoning and
decision-making.

Hermes is a unified clinical documentation system that
integrates information extraction, knowledge representation,
and validation into a single framework. It processes unstruc-
tured clinical notes into interpretable and meaningful struc-
tured outputs, supporting healthcare providers, researchers,
and administrators. This work presents a proof-of-concept



system and does not yet include large-scale evaluation or
clinical expert validation.

The Literature Review situates Hermes within prior work
on clinical text understanding, structured report generation,
knowledge graph construction, and multi-agent systems.
Methodology details the system architecture and key com-
ponents, followed by Evaluation describing the experimen-
tal setup. Results presents our findings, and Conclusion dis-
cusses implications and future directions.

Literature Review
LLMs in Clinical Text Understanding

LLMs have demonstrated strong capabilities in processing
unstructured clinical text, enabling a wide range of appli-
cations such as named entity recognition, clinical concept
extraction, summarization, and question answering. Early
work in domain adaptation of language models led to the
development of BioBERT, which adapted BERT to the
biomedical domain using PubMed abstracts and PMC full-
text articles, improving performance on biomedical Named
Entity Recognition and QA tasks (Lee et al. 2020). Clinical-
BERT built on this foundation by pretraining on MIMIC-III
clinical notes (Johnson et al. 2016), achieving improvements
in clinical concept recognition and classification (Alsentzer
et al. 2019). More recently, general-purpose LLMs such as
GPT-3 and GPT-4 have shown promise in zero- and few-shot
medical reasoning tasks, particularly for QA and report sum-
marization (Brown et al. 2020). Specialized medical LLMs
like Med-PaLM and MedAlpaca have achieved state-of-the-
art performance on benchmark medical QA datasets through
instruction tuning and human feedback (Singhal et al. 2023;
Han et al. 2023). These advancements set the stage for using
LLMs not only as powerful interpreters of clinical text, but
also as core components in multi-agent systems for struc-
tured data generation and validation.

Structured Report Generation from Clinical Notes

Following early rule-based systems by Gunter et al. (2022)
and Mykowiecka, Marciniak, and Kup¢ (2009), machine
learning models such as Conditional Random Fields (CRFs)
and Support Vector Machines (SVMs) were introduced to
enable data-driven extraction of medications, diagnoses, and
other clinical concepts (Meystre et al. 2007; Patrick and Li
2010) so that these models can achieve better generaliza-
tion across institutions and note types. Hybrid approaches
have since emerged, combining the interpretability of rules
with the adaptability of learning-based models. For exam-
ple, Sohn et al. (2014) integrated CRFs with rule-based com-
ponents for medication extraction, and Uzuner et al. (2012)
proposed a hybrid system for parsing discharge summaries,
both improving performance and robustness. More recently,
LLMs have demonstrated considerable promise in automat-
ing structured clinical report generation (Grothey et al.
2025). Fine-tuned LLaMA-2 models have achieved high F1
scores in synoptic reporting of cancer pathology, aligning
closely with expert annotations (Rajaganapathy et al. 2025),
while ChatGPT has shown competitive accuracy in extract-
ing structured data from clinical notes (Huang et al. 2024).
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Veen et al. (2024) further reported that LLMs can match,
and in some cases exceed, the performance of medical ex-
perts in clinical text summarization. These findings indicate
that LLMs have the potential to significantly improve the ef-
ficiency and accuracy of structured report generation in clin-
ical settings.

Knowledge Graph Construction from Clinical Text

Constructing knowledge graphs (KGs) from clinical text
has become increasingly important for enhancing clini-
cal decision support, disease understanding, and health-
care analytics. Recent work has explored the integration
of LLMs into KG construction pipelines. For example, Xu
et al. (2024) proposed a heart failure—specific KG built
through prompt-engineered LLM extraction and combined
with expert refinement to ensure both accuracy and effi-
ciency. Lyu et al. (2023) developed a causal KG for dia-
betic nephropathy by extracting triples from multiple knowl-
edge sources and applying pruning strategies to reduce
noise, improving diagnostic decision support. Similarly, Ar-
senyan et al. (2024) compared multiple LLM architectures
for biomedical KG construction from electronic medical
records, demonstrating that LLMs can effectively capture
complex medical entities and relationships.

Agentic AI Frameworks and Multi-Agent Systems

Agentic Artificial Intelligence (Al) frameworks and multi-
agent systems (MAS) are increasingly used to coordinate
complex, collaborative tasks across various domains. In-
corporating LLMs into MAS has expanded agents’ abili-
ties to perceive, reason, and work together effectively. Tran
et al. (2025) survey LLM-based MAS, introducing a frame-
work that categorizes collaboration mechanisms by actors,
interaction types, structures, strategies, and coordination
protocols. Ramachandran (2024) explores the architectures
and applications of agentic Al and multimodal frameworks,
showing how technologies such as Reinforcement Learning,
Neuro-Symbolic Al, and Graph Neural Networks can ad-
dress challenges in healthcare, finance, and disaster manage-
ment. In software engineering, He, Treude, and Lo (2025)
discuss how LLM-based MAS enable autonomous problem-
solving and scalability across the software development life-
cycle. Focusing on medicine, Wang et al. (2025) review
LLM-based agents, examining their architectures, applica-
tions, and challenges, and analyzing key components such as
system profiles, clinical planning mechanisms, and medical
reasoning frameworks. Finally, Chen et al. (2025) demon-
strate how multi-agent conversational LLMs can improve
clinical decision support. Collectively, these works show
how agentic AI and MAS are evolving into powerful tools
for building intelligent, cooperative systems that can address
real-world challenges.

Methodology
Overview of Hermes

The modular system, shown in Figure 1, comprises four
specialized agents with distinct yet complementary roles
that work together to process unstructured clinical text
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Figure 1: Hermes pipeline

through iterative refinement: Hermes-R, the report creator;
Hermes-G, the knowledge graph constructor; Hermes-Q, the
question-answer pair generator; and Hermes-A, the answer
finder.

Generation. First, the unstructured notes are passed to
Hermes-R, which generates a structured report in a mod-
ified SOAP format' by extracting and organizing all rele-
vant medical details into clearly delineated Subjective, Ob-
jective, Assessment, and Plan sections. This report is then
handed off to Hermes-G, which focuses on identifying med-
ical entities and their relationships, color-coding each node,
and linking them with directed edges to build a knowledge
graph. This graph then flows into Hermes-Q, where clin-
ically pertinent question-answer pairs are formulated that
cover the full breadth of the graph’s content. The questions
are sent to Hermes-A, which tries to answer each question
using the original unstructured notes.

Validation. For validation, each answer from Hermes-Q
and Hermes-A is compared using semantic similarity match-
ing. If any answer falls below the similarity threshold, feed-
back in the form of incorrectly answered questions is routed
back to Hermes-R to refine the structured report and repro-
cess the pipeline until consistency is achieved or a prede-
fined iteration limit is reached. This feedback loop not only
improves accuracy but also helps contain and prevent the
propagation of potential hallucinations across agents. Upon
successful validation, Hermes produces the final structured
report and the color-coded knowledge graph. The iterative
nature of the process enables automated correction of errors
in both structured reports and knowledge graphs, ensuring

"Format is available in system-prompt and an example is avail-
able in user-prompt of Hermes-R on GitHub.
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higher reliability and trustworthiness of the outputs.

Agents

Hermes-R. Hermes-R transforms the unstructured clini-
cal notes into a well-organized report according to the mod-
ified SOAP format in markdown. If the format is violated,
an error describing the issue is propagated back along with
the initial prompts so that it can try to avoid making the same
mistake again. The generated report is also verified to ensure
all numerical values in the report match those in the source
clinical notes.

Hermes-G. Hermes-G generates a knowledge graph using
the structured report, providing a high-level, distilled view
that can help in downstream clinical reasoning and decision-
making. The generated graph represents various medical en-
tities as nodes and the relationships between them as di-
rected edges. It also stores both relationship descriptions and
associated factual information as separate fields. The med-
ical entities are color-coded for intuitive visualization (see
Figure 2). Hermes-G is constrained to output a valid, non-
empty knowledge graph.

Hermes-Q. Hermes-Q formulates clinically relevant
question-answer pairs to validate the generated knowledge
graph. It must generate at least as many questions as there
are nodes in the graph. If it fails, an error describing this
shortfall is propagated back along with the response and
initial prompts so that it can add more questions.

Hermes-A. Hermes-A answers the questions posed by
Hermes-Q using the unstructured clinical notes, providing
each answer in a single sentence. Once the answers are gen-
erated, they are compared to Hermes-Q’s generated answers



for semantic similarity, as described in the Validation sec-
tion.

Modified SOAP Notes

In this work, we build upon the traditional SOAP frame-
work (Podder, Lew, and Ghassemzadeh 2023), long used
to structure clinical encounters, by embedding two novel
modules that capture both longitudinal patient context and
discharge-specific information. First, the Comprehensive
Patient Profile (CPP) aggregates key administrative and
identification details (e.g., patient name, date of birth, gen-
der, medical record number, and emergency contacts) and
records the timestamp of the last CPP update. Second, the
Discharge Conditions (DC) section compiles the patient’s
physical exam findings at discharge, overall discharge condi-
tion, tailored discharge instructions, final disposition, and a
concise hospital-course summary. Together, these enhance-
ments ensure that every note not only documents the clin-
ical encounter itself but also provides a readily accessible
snapshot of the patient’s identity, care trajectory, and post-
hospitalization plan.

Evaluation

Evaluation was limited to 11 unstructured discharge sum-
maries from the MIMIC-IV dataset (Johnson et al. 2023),
chosen as an initial test case to demonstrate system feasibil-
ity. Each clinical note was reformulated into a prompt and
processed by the framework to generate both structured clin-
ical reports and corresponding knowledge graphs. We fo-
cused on a structural coverage metric to verify formatting
correctness, leaving clinical correctness, factual accuracy,
and expert validation for future work. This design choice en-
abled us to test pipeline feasibility while deferring full-scale
validation to later studies. The reward function quantifies the
extent to which the expected clinical headings, across four
hierarchical levels of granularity, are accurately represented
in the structured output. This metric provides a systematic
but narrow evaluation of response accuracy. For each sam-
ple, we computed the reward score and reported the mean
and standard deviation across all examples.

Results

Using the DeepSeek-R1 (Guo et al. 2025) 70B model,
Hermes successfully generated structured reports from the
11 unstructured discharge summaries sampled from the
MIMIC-IV dataset (Johnson et al. 2023). The average re-
ward across all generated reports was 1.0 with a standard
deviation of 0, indicating that Hermes consistently produced
outputs that fully adhered to the desired structure in this ini-
tial proof-of-concept evaluation. A light qualitative inspec-
tion of the generated reports further confirms the frame-
work’s effectiveness in extracting and organizing clinically
relevant information. The structured outputs not only met
the required format but also preserved the semantic integrity
of the original notes, presenting the data in a more accessible
and interpretable form. For example, while using DeepSeek-
R1 32B as the backbone model for the first iteration of the
Hermes-R agent, for a chosen representative example, the
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Figure 2: Knowledge graph generated by Hermes-G. Medi-
cal entities are color-coded for intuitive visualization: patient
= white; confirmed diagnoses = red; possible diagnoses =
light red; lab results = orange; symptoms = yellow; on med-
ications = green; suggested tests = blue

output omitted 12 required section headings. However, in
the second iteration, the agent successfully incorporated all
necessary headings, demonstrating the framework’s ability
to iteratively refine and correct its outputs. The final struc-
tured report is accessible on GitHub (Data/1 folder), and its
knowledge graph is presented in Figure 2.

These results should be interpreted cautiously given the
small evaluation set, the lack of quantitative comparisons to
existing clinical NLP and knowledge graph methods, and the
focus on structural rather than clinical correctness metrics.
Future work will include systematic benchmarking against
state-of-the-art pipelines, evaluation across diverse institu-
tions and note types, and expert clinical review. Preliminary
findings suggest Hermes could be a reliable and effective
tool for transforming unstructured clinical narratives into
structured documentation, with strong potential for integra-
tion into clinical workflows and decision support systems.

Conclusion

In this paper, we introduced Hermes, a novel framework
for transforming unstructured clinical notes into structured
documentation by combining information extraction, knowl-
edge representation, and validation within a single system.
Built on top of large language models, Hermes generates
structured clinical reports that preserve the semantic in-
tegrity and contextual relevance of the original notes. Our
evaluation on MIMIC-IV discharge summaries showed that
Hermes consistently produces outputs in the correct format
and iteratively improves report completeness through rein-
forcement. While the current results are promising, several
directions remain for future work.



Future Work

A key next step is rigorous evaluation, including (1) expand-
ing datasets to include multiple clinical note types and insti-
tutions, (2) incorporating qualitative expert review to val-
idate factual and clinical accuracy, and (3) benchmarking
Hermes against existing clinical NLP and knowledge graph
construction systems. These steps will clarify the frame-
work’s real-world applicability and guide further refinement.
Additionally, we plan to integrate additional large language
models, such as LLaMA (Dubey et al. 2024) and Qwen
(Team 2024), into the Hermes framework and conduct com-
parative evaluations to assess their performance. We also
aim to fine-tune smaller LLMs for specific subtasks such as
structured report generation and knowledge graph construc-
tion, improving the modularity and computational efficiency
of the overall system. Incorporating formal verification tech-
niques could further validate the correctness and consistency
of both the structured outputs and the generated knowledge
graphs, thereby increasing the reliability of Hermes in clini-
cal applications. Finally, extending the framework to accom-
modate multimodal data sources, such as laboratory results
and medical imaging, offers a valuable opportunity to enrich
the semantic depth of the outputs and improve downstream
decision support.
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