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Abstract
Recent advancements in Large Language Models (LLMs) have played a significant role in reducing human workload
across various domains, a trend that is increasingly extending into the medical field. In this paper, we propose an
automated pipeline designed to alleviate the burden on nurses by automatically extracting clinical observations from
nurse dictations. To ensure accurate extraction, we introduce a method based on Retrieval-Augmented Generation
(RAG). Our approach demonstrates effective performance, achieving an F1-score of 0.796 on the MEDIQA-SYNUR
test dataset.
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1. Introduction

Recent advancements in Large Language Models
(LLMs), exemplified by the GPT series (Brown et al.,
2020), have accelerated a paradigm shift across a
multitude of domains, demonstrating remarkable
capabilities in natural language understanding and
generation. This momentum has profoundly im-
pacted the medical field (Kim et al., 2024a), leading
to the development of specialized models such as
MedGemma (Sellergren et al., 2025) and LLaVA-
Med (Li et al., 2023a). These models have achieved
state-of-the-art performance on various biomedical
tasks by leveraging large-scale, domain-specific
datasets. However, obtaining such high-quality an-
notated data remains a significant bottleneck due
to privacy concerns and the high cost of expert an-
notation. In this context, the SYNUR (Corbeil et al.,
2025) dataset has established a crucial benchmark,
facilitating the automatic extraction of clinical obser-
vations from nursing dictations—a task essential
for streamlining clinical documentation.

Building upon these developments, we propose
a novel Retrieval-Augmented Generation (RAG)
pipeline designed to accurately extract clinical ob-
servations from complex nurse dictations. Unlike
conventional approaches that rely on resource-
intensive fine-tuning, our automated pipeline inte-
grates a synergistic dual-retrieval mechanism. First,
we employ an ontology-based retrieval system to
fetch the most relevant medical concepts based
on the current utterance, ensuring terminological
precision. Second, we utilize a memory bank to re-
trieve semantically similar dialogue segments and
their corresponding gold-standard observations,
enabling the model to learn extraction patterns via
in-context learning. This dual approach equips the
foundation LLM with both explicit medical context
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and structural guidance. Utilizing this training-free
framework, we achieved an F1-score of 0.796 on the
MEDIQA-SYNUR test set. These results demon-
strate that our approach can effectively alleviate
the nursing documentation burden by automating
the interpretation of patient interactions with high
reliability.

2. Related Works

2.1. Foundation model in Medical
Domain

Recent advancements in large-scale data acquisi-
tion and the exponential growth of computing power
have led to the emergence of foundation models
capable of performing diverse tasks within a unified
framework (Jang et al., 2023; Brown et al., 2020).
This paradigm has significantly influenced the med-
ical domain, triggering the development of special-
ized foundation models. Early efforts focused on
encoder-based models like ClinicalBERT (Huang
et al., 2019) and BlueBERT (Peng et al., 2019),
which are optimized for medical knowledge repre-
sentation and retrieval. More recently, generative
and multi-modal models such as LLaVA-Med (Li
et al., 2023a) and MedGemma (Sellergren et al.,
2025) have been introduced to handle complex
biomedical reasoning. Currently, active research is
dedicated to adapting these generalist foundation
models to enhance their performance on specific
clinical tasks (Li et al., 2023b; Toma et al., 2023).
Aligning with this research process, this paper pro-
poses a method for developing a Large Language
Model (LLM) specifically optimized for analyzing
medical observations within nurse dictations.
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[Clinician] Patient presents with moderate 
dyspnea. Uh, they're using accessory 
muscles—um, you can see the increased 
effort with their breathing. …

Nurse Dictation

[Clinician] Patient presents with 
moderate dyspnea.

Uh, they're using accessory muscles—
um, you can see the increased effort 

with their breathing

Segmentation (with LLM)

Ontology Retrieval

Few-shot Retrieval

Name: Dyspnea
Description: Dyspnea means shortness 

of breath-feeling …

Name: Use of accessory muscles
Description: Use of accessory muscles 

means a person is using extra muscle …

Patient exhibits diminished breath
sounds, uh, and there is mild 

dyspnea noted, …

This adds to the patient’s overall 
discomfort.

[{“id”: “67”, 
“value_type”: ”SINGLE_SELECT”, 

“name”: Dyspnea”, “value”: “Moderate”}]

Observation Generation

Figure 1: Full illustration of Retrieval-Augmented Generation (RAG) Based Nurse Observation Extraction
Pipeline

2.2. Retrieval-Augmented Generation
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020; Kim et al., 2024b) has emerged as a
prominent approach for tailoring foundation models
to specific tasks. While foundation models possess
vast general knowledge, they often struggle with
domain-specific nuances and factual accuracy in
critical fields like healthcare. RAG addresses this
limitation by grounding the model’s responses in
retrieved evidence. Previous studies have demon-
strated that utilizing RAG techniques can signifi-
cantly enhance task-specific performance across
various domains without the need for additional
training of the foundation models (Chen et al., 2022;
Kim et al., 2024b). Leveraging this capability to
handle complex clinical terminologies and contexts,
we propose a RAG-based automatic generation
pipeline designed to specialize a foundation LLM
for extracting medical observations from nurse dic-
tations, all without requiring further model training.

3. Method

In this section, we present a pipeline designed to au-
tomatically extract clinical observations from nurse
dictations. Figure 1 illustrates our medical observa-
tion pipeline.

3.1. Nurse Dictation Segmentation
Nurse dictations processed by LLMs are typically
lengthy. Therefore, following the approach pro-

posed by (Corbeil et al., 2025), we first segment
the input dictation into distinct units containing clin-
ical facts. The prompt used for this segmentation
is shown in Figure 2.

Each nurse dictation is divided into multiple seg-
ments. For each segment, we generate obser-
vations by providing the LLM with two types of
retrieved context: 1) relevant schemas retrieved
from the ontology, and 2) semantically similar seg-
ments retrieved from the training dataset. The lat-
ter serves as few-shot examples, consisting of
segment-observation pairs, to guide the LLM in
generating the correct observation for the input
segment.

3.2. Description for Medical Observation
in Ontology

First, we recognized that directly inputting medi-
cal observations defined within an ontology (e.g.,
weight-bearing status) into an LLM could lead to
performance degradation. Consequently, we imple-
mented a process to append descriptions to each
medical observation. Figure 3 illustrates the prompt
used to generate these descriptions.

3.3. Retrieving Relevant Schemas from
Ontology

To enhance the accuracy of observation extraction,
we identify schemas relevant to the input segment
from the ontology and provide them as input to the
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You are an expert clinical documentation assistant.

Given an input TRANSCRIPT of a nurse’s observations about a patient, divide the TRANSCRIPT into contiguous SEGMENTS based 
on clinical facts.

A clinical fact refers to specific, verifiable information related to the health of a patient (symptoms, vitals, exam findings, interventions, 
response to treatment, labs/imaging results, functional status, safety events, etc.).

SEGMENTATION RULES:
- Output segments MUST preserve the original order.
- Segments MUST be contiguous chunks of the original transcript (do NOT reorder).
- Do NOT paraphrase; keep the segment text as close to verbatim as possible.
- Include all information from the transcript (no omissions).
- Split when the clinical topic/fact changes (new symptom, new vital sign, new intervention, new assessment finding, new timeframe, 
etc.).
- If multiple sentences describe one tightly-related clinical fact, keep them in the same segment.
- If the transcript contains speaker tags (e.g., [Nurse], [Patient]) keep them as they appear.

OUTPUT FORMAT:
Return ONLY a valid JSON object with exactly one key:
{
"segments": [
"<segment 1>",
"<segment 2>",
...
]
}

No additional keys. No extra text outside JSON.

TRANSCRIPT:

{NURSE DICTATION}

Prompt for Nurse Dictation Segmentation

Figure 2: Prompt for nurse dictation segmentation

You are a helpful and professional medical assistant.
Your task is to explain the given medical assessment item (Name)
so that a patient or a layperson can easily understand it.
Provide the explanation using simple and friendly vocabulary.
Keep the explanation concise (1-2 sentences) and strictly avoid technical jargon.
Explain the meaning of '{term}'

Description generation prompt

Figure 3: Prompt for description generation

LLM. For retrieval, we employ a hybrid approach uti-
lizing both BlueBert (Peng et al., 2019) and TF-IDF.
We format each schema using its name, descrip-
tion and its value enumerations (options). The input
format is as follows:

name. Description Options: Option1, Option2
(1)

We select the top 10 most relevant schemas to
include in the LLM input.

3.4. Retrieving Few-Shot Examples from
Training Dataset

In addition to schemas, we utilize few-shot exam-
ples to improve generation performance by retriev-
ing segments from the training dataset that are sim-
ilar to the input segment, along with their ground-
truth observations.

To construct the retrieval pool, we first processed
the training dataset using ChatGPT. We extracted
individual segments and their corresponding obser-
vations to create a database of pairs. Figure 4 illus-
trates the prompt used for this extraction process,
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You are a precise medical documentation assistant.
Your task is to segment the transcript strictly by **sentences** and map observations to them.

### CLINICAL CONCEPT DEFINITIONS
Use the following definitions to understand the context of the observations. This will help you match the transcript text to the correct observation even 
if the wording is slightly different.
{ONTOLOGY LIST}

### SEGMENTATION RULES:
1. **Unit:** The minimum segment unit is a full grammatical **sentence**. Do not split a single sentence into smaller phrases or clauses, even if it 
contains multiple facts.
2. **Completeness:** The entire transcript must be reconstructed in the "segments" list sequentially, including [Clinician].

### MAPPING RULES:
1. **Multiple Matches:** Since a single sentence can contain multiple clinical facts, the "observations" list for a segment can contain multiple items.
2. **Relevance:** Include an observation in a segment ONLY if that specific sentence explicitly mentions or supports that observation (refer to the 
Definitions above).
3. **Empty List:** If a sentence is just conversational filler (e.g., "Hello," "Okay") and contains no specific medical orders/observations from the list, 
return an empty list `[]` for "observations".

***CRITICAL CONSTRAINTS (MUST FOLLOW):***
1. **NO OMISSIONS:** Every single object in the provided "Observations" input list **MUST** be mapped to at least one segment. 
2. **Check Before Output:** Before generating the final JSON, verify that the count of unique observation IDs in your output matches the count of 
observation IDs in the input. If an observation is missing, find the most relevant sentence and map it there.

OUTPUT FORMAT:
Return a JSON object with a key "segments".
"segments": [
{{
"segment": "Full sentence text here.",
"observations": [ {{ ...obs1... }}, {{ ...obs2... }} ]
}},
...
]

Transcript:
{TRANSCRIPT}

Observations:
{OBSERVATIONS}

Prompt for Segment Generation for Train dataset

Figure 4: Prompt for segment generation for train dataset

Segment For Train Dataset

Segment: [Clinician] Patient presents with moderate dyspnea.

Observations: [{"id": "67", "value_type": "SINGLE_SELECT", "name": "Dyspnea", "value": "Moderate"}]

Segment: We’re keeping an eye on all these symptoms to manage the patient's care effectively.

Observations: []

Figure 5: Segment Example for Train Dataset.

while Figure 5 displays examples of the resulting
segment-observation pairs. From this processed
dataset, we retrieve the top 15 examples to serve as
few-shot context for the LLM. This retrieval step is
performed using a hybrid method combining Blue-
Bert and BM25.

3.5. Observation Generation
We retrieved N and K entries, respectively, from
the ontology pool and the few-shot example pool
generated in the previous section, instructing the
LLM to extract medical observations relevant to the

current utterance. Figure 6 presents the prompt
used for this task.

4. Experiments

In this section, we present the evaluation results
of our proposed approach and analyze the perfor-
mance of various model configurations.
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You are an expert clinical documentation assistant.
Your task is to extract clinical observations from the transcript segment and map them strictly to the provided SCHEMA.

### INSTRUCTIONS:
1. Review the TRANSCRIPT SEGMENT.
2. Extract ONLY information that matches the 'name' and definitions in the SCHEMA.
3. If no information matches the schema, return an empty list [].
4. For 'SINGLE_SELECT' or 'MULTI_SELECT', values MUST be from 'value_enum'.
5. Return ONLY a valid JSON list.

### RELEVANT SCHEMA:
{schema_str}

### REFERENCE EXAMPLES (JSONL format):
Below are similar examples from the training data. Follow the mapping logic shown in "observations".
{few_shot_text}

### CURRENT TRANSCRIPT SEGMENT:\n{transcript_segment} 

Return ONLY the JSON list of observations.

Prompt for Observation Generation

Figure 6: Prompt for observation generation

Table 1: Performance comparison of the proposed
methods. Best results are marked in bold.

Method Precision Recall F1

+ Few-shot Ex 0.789 0.694 0.739
+ Few-shot Ex +
Schema

0.812 0.847 0.829

4.1. Evaluation on Development Dataset

4.1.1. Overall Result

Table 1 summarizes the performance of differ-
ent methods on the development dataset. In this
experiment, we utilized GPT-5-mini as the back-
bone model. As shown in the table, incorporating
schemas alongside few-shot examples yields su-
perior performance in extracting automatic medical
observations from nurse dictations, compared to
providing few-shot examples alone.

4.1.2. Ablation on Retrieval Model

We conducted an ablation study on the retrieval
models used to fetch schemas and few-shot exam-
ples. Table 3 summarizes the performance results.
As shown in the table, BlueBERT achieves the best
performance in terms of F1-score.

4.2. Evaluation on Test Dataset

In this section, we present the evaluation results on
the MEDIQA-SYNUR test dataset, summarized in

Table 2. Regarding model configuration, the com-
bination of GPT-5.1 as the observation generator
and GPT-5-mini as the segmentor yielded the best
performance. We also observed a positive corre-
lation between the number of few-shot examples
and overall performance. Interestingly, while larger
generator models generally improved performance
(e.g., GPT-5.1 outperformed GPT-5-mini), this trend
was not strictly monotonic. Specifically, GPT-5.2 ex-
hibited performance degradation compared to GPT-
5.1. Furthermore, the superior performance of the
GPT-5-mini segmentor can be attributed to model
consistency. Since the memory bank of segments
was constructed using GPT-5-mini, employing the
identical model for segmentation during inference
ensures better alignment with the retrieved exam-
ples, leading to optimal results.

5. Discussion

Efficiency in Observation Extraction Pipeline
In this study, we utilized in-context learning by re-
trieving medical terms from few-shot examples and
an ontology. However, during the inference phase,
when dictation is divided into segments, not all seg-
ments necessarily contain meaningful medical ob-
servations. Although this aspect was outside the
scope of our current work, we propose that the
pipeline’s efficiency could be significantly improved
by incorporating a preliminary classifier. This clas-
sifier would determine the presence of medical ob-
servations within a segment before prompting the
LLM, thereby reducing unnecessary computational
costs for irrelevant segments.
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Table 2: Performance comparison with different configurations on the Test Dataset. †denotes the usage
of refined prompt.

Base Model Shots LLM Backbone Metrics

Generator Segmenter Precision Recall F1

BlueBert

3 GPT-5-mini GPT-5-mini 0.739 0.810 0.773
5 GPT-5-mini GPT-5-mini 0.744 0.817 0.779
10 GPT-5-mini GPT-5-mini 0.744 0.818 0.779
10 GPT-5.1 GPT-5-mini 0.785 0.805 0.795
10 GPT-5.2 GPT-5-mini 0.766 0.825 0.794
10 GPT-5.2 GPT-5.2 0.759 0.827 0.792
15 GPT-5.1 GPT-5-mini 0.786 0.807 0.796

Table 3: Ablation on retrieval model.

Method Precision Recall F1

ClinicalBert 0.811 0.845 0.828
BlueBert 0.807 0.860 0.833
PubMedBert 0.805 0.842 0.823

Dataset Analysis Our analysis indicates oppor-
tunities to improve data consistency. For example,
values such as 37.5◦C sometimes appear as “375”,
and unit annotations (e.g., Temperature Unit) are
not always consistent. Standardizing value formats
and units would likely improve training efficiency
and retrieval accuracy.

6. Conclusion

In this paper, we proposed a Retrieval-Augmented
Generation (RAG)-based pipeline designed to auto-
matically extract medical observations from nurse
dictations. To achieve this, we constructed a mem-
ory bank leveraging both a medical observation
ontology and previously annotated observation
tags from existing dictations. By integrating these
dataset into the LLM generation process, our ap-
proach guides the model to produce more accurate
outputs. Consequently, our method demonstrated
its effectiveness by achieving an F1-score of 0.796
on the MEDIQA-SYNUR test dataset.
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