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Abstract

Objective: Unlocking clinical information embedded in clinical notes has been hindered to a significant degree by domain-specific and context-
sensitive language. Identification of note sections and structural document elements has been shown to improve information extraction and
dependent downstream clinical natural language processing (NLP) tasks and applications. This study investigates the viability of a dynamic
example selection prompting method to section classification using lightweight, open-source large language models (LLMs) as a practical solu-
tion for real-world healthcare clinical NLP systems.

Materials and Methods: \We develop a dynamic few-shot prompting approach to classifying sections where section samples are first
embedded using a transformer-based model and deposited in a vector store. During inference, the embedded samples with the most similar
contextual embeddings to a given input section text are retrieved from the vector store and inserted into the LLM prompt. We evaluate this
technigue on two datasets comprising two section schemas, including varying levels of context. We compare the performance to baseline
zero-shot and randomly selected few-shot scenarios.

Results: The dynamic few-shot prompting experiments yielded the highest F1 scores in each of the classification tasks and datasets for all
seven of the LLMs included in the evaluation, averaging a macro F1 increase of 39.3% and 21.1% in our primary section classification task over
the zero-shot and static few-shot baselines, respectively.

Discussion and Conclusion: Our results showcase substantial performance improvements imparted by dynamically selecting examples for
few-shot LLM prompting, and further improvement by including section context, demonstrating compelling potential for clinical applications.

Key words: section classification; clinical natural language processing; large language model; electronic health records.

performance in these applications by providing context to
concept mentions and relationships, allowing the models to
filter or differentially weigh these concepts by their section
constituency.

The conventional section schema widely taught to medical
students and used by physicians to document a patient
encounter, represented by the SOAP (“Subjective,”
“Objective,” “Assessment,” and “Plan”) acronym, generally

Introduction

The copious patient medical data in unstructured text form
compiled into Electronic Health Records (EHRs) is recog-
nized as a predominantly untapped bounty of clinical infor-
mation riddled with increasing complexity, quality,
heterogeneity, length, and redundancy issues that greatly
inhibit secondary usage.'® The significant degree of domain-
specific, context-sensitive language makes extracting struc-

tured clinical information from these data sources especially
challenging.

Identification of note section boundaries and classes, as
well as other document structural elements, has been shown
to help disambiguate this confounding language, thereby
improving information extraction and other clinical natural
language processing (NLP) tasks and applications such as
named entity recognition,” cohort retrieval,'’ event extrac-
tion,"' medication extraction,'> and abbreviation resolu-
tion."? The added section or structural information improves

captures a patient’s reported symptoms, a physical examina-
tion with lab measurements, the consulting physician’s evalu-
ation and a plan for treatment as well as any further
assessment needed. In many institutions, alternative schemas
such as HL7 Clinical Document Architecture (CDA)'* are
adopted from standardized ontologies. Compared to the
SOAP schema, these alternative nomenclatures commonly
contain more granular subsections such as an explicit review
of each biological organ system, called a “Review of Sys-
tems” (for example). Although most providers conform to

Received: December 29, 2024; Editorial Decision: May 9, 2025; Accepted: May 13,2025

© The Author(s) 2025. Published by Oxford University Press on behalf of the American Medical Informatics Association. All rights reserved.

For commerecial re-use, please contact reprints@oup.com for reprints and translation rights for reprints. All other permissions can be obtained through our
RightsLink service via the Permissions link on the article page on our site—for further information please contact journals.permissions@oup.com.

GZ0zZ aunp g uo Josn Aleiqr oD okew Aq 22655 18/¥91 L/2/Z€/RI01HE/EIWEl/W0D dNO"DlWSpED.//:SA)Y WOI) POPEOJUMOQ


https://orcid.org/0000-0002-4114-5148
https://orcid.org/0000-0003-2570-3741

Journal of the American Medical Informatics Association, 2025, Vol. 32, No. 7 1165

similar clinical note syntax and composition, the overall
structure of information across note types varies vastly
between institutions, EHRs, and even the same providers
over time,”'*™'7 so ascertaining section information from
clinical notes is far from a trivial task.

Consequently, most previous attempts at automatic section
classification involved highly engineered rule- or heuristic-
based approaches tailored finely to a specific institution’s
note-taking practices. A 2019 systematic review on clinical
note section identification found that existing section-
annotated datasets used custom term dictionaries along with
a standard terminology such as UMLS Metathesaurus,
though a growing research movement was beginning to
explore more traditional machine learning, transformer-
based, and hybrid approaches.'® More recently, transformer-
based architectures and their high-parameter, large language
model (LLM) agglomerations have accelerated advancements
in state-of-the-art performance.'” A recent application of a
fine-tuned BioClinicalBERT model has been able to achieve a
0.973 F1 score on the in-domain section classification task
for the MIMIC-III Progress Note SOAP-labelled dataset.*”

However, superior to rule-based and statistical machine
learning approaches in particular benchmark performance,
supervised transformer and LLM fine-tuning methods still
require large, domain-specific annotated corpora for model
training and evaluation.”' Even additional (also referred to as
“continual”) pretraining, while demonstrating noteworthy
performance through supplementary domain- or task-specific
self-supervision on clinical language tasks including section
identification,?® requires significant high-quality data and
computational resources. As real-world data drifts over time
and relative model weights must be updated to reflect the
changes, production solutions utilizing these static models
also demand infrastructure and expense for substantial model
re-training and deployment process overhead. Practically,
this exacerbates the total cost of translating and operating
continual-pretrained and fine-tuned models in clinical
applications.

Prompting methods for transformer-based, instruction-
tuned, and foundation-pretrained language models, on the
other hand, have been shown to perform comparably and
even exceed the performance of their fine-tuned model coun-
terparts across a diversity of tasks without adhering rigidly to
a single domain.?*** In medical applications, any tendency
to hallucinate or “confabulate” is problematic with the low
tolerance for error in medical applications, but advanced
prompt engineering techniques have been shown to signifi-
cantly mitigate these errors, especially on more complex tasks
and data.*? Between these techniques, few-shot prompting
specifically has exhibited the most consistent and dramatic
performance increases on clinical language tasks such as clini-
cal sense disambiguation,”® tabular text classification,?® dis-
ease prediction,”” medication extraction®>*® and social
determinants of health (SDoH) extraction,”” among other
biomedical and clinical applications.**3%-3!

Few-shot prompting improves performance across lan-
guage tasks by associating domain-specific input samples to
their appropriate labels and providing tangible instances of
the expected output format, allaying unintentional ambiguity
in the provided class definitions and formatting instructions
that are otherwise challenging to convey in zero-shot settings.
As LLM models have been constrained by the number of
exemplars able to fit in the input context window and the

number of labelled samples often exceeds this window,
dynamically selecting which exemplars to include based on
similarity of the exemplar’s question to the current input’s
question has demonstrated a significant, additional perform-
ance improvement over static or randomly selected exam-
ples,**?? including on clinical language tasks such as clinical
text summarization,®® medical dialogue summarization,>’
adverse drug event (ADE) extraction,*® medical named entity
recognition,>” and in a chain-of-thought reasoning process
for medical error detection and correction.>® However, this
method has not been applied to section identification tasks
such as section classification.

Although proprietary- and domain-specific LLMs such as
GPT4, Gemini and Med-PaLM have displayed the strongest
performance on clinical NLP tasks,?” the caveats of evolving
real-world data, lack of publicly available and deidentified
datasets, and high cost of training, inference and maintenance
of these proprietary and/or supervised models make clinical
application untenable for many less-endowed healthcare
institutions. These concerns instead make smaller, open-
source models expedient for clinical applications. A recent
review on biomedical applications of LLMs reported a con-
sensus among both open-source and proprietary LLM
researchers that prompting techniques such as few-shot learn-
ing already significantly improve LLM performance and will
continue to advance, but that much more research is needed
into how best to induce the optimal responses and which
LLM orchestration architectures are best, specifically with
open-source and reasonably lightweight, lower-parameter
models."”

In this study, we propose a dynamic few-shot prompting
method for clinical note section classification using light-
weight, open-source LLMs. We compare the performance of
this method against zero-shot and randomly selected static
shot scenarios using a suite of recently released open-source
models. We also analyze the performance of a selected subset
of these models with limited embedding samples and varying
amounts of exemplars to assess the relationship between
training set size and classification accuracy to ascertain the
number of resources necessary for adequate results without
exhaustive annotation and fine-tuning. Our aim is to present
a practical solution for determining document structure from
arbitrary clinical text to ultimately improve the performance
of downstream tasks and end-to-end clinical applications.

Materials and methods
Data

Most previous section classification modeling efforts have
opted to annotate and evaluate their models on private data,
due in part to the high costs and risks that come with deiden-
tification. As a result, a survey we conducted on clinical note
section classification and document structure awareness prior
to this study indicated a scarcity of publicly available datasets
that can be used for section classification and that conform to
standardized ontologies. Nonetheless, we identified a publicly
available dataset based on MIMIC-III as well as a deidenti-
fied Mayo Clinic corpus to evaluate our models against the
section classification task. Table 1 lists some attributes of
each dataset and task, including the raw training and test set
counts after splitting.
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Table 1. Section classification task dataset average sample length, label, data split and counts for each dataset.

Task Dataset Source Schema Sections Labels Input Length® Training Test
MPS MIMIC-III SOAP 4 Single 879.1 3566 595
MCS Mayo SOAP 4 Multiple 171.9 2826 706
MCC Mayo CDAP 15

# Average number of characters per sample input.
> Modified CDA 1.0 schema includes 15 total sections.

MPS dataset

The first dataset served as the Progress Note Understanding
task from the 2022 n2c2 shared task track 3,*%*! encompass-
ing 603 training and 87 test ICU progress notes derived from
the MIMIC-III Note Events table data. The full MIMIC-III
dataset contains over 40 000 ICU admission records includ-
ing progress notes. The derived MIMIC progress note under-
standing (MPS) corpus used in our evaluation was annotated
to include the SOAP section information. Each progress note
sample contains a line-by-line annotation of Subjective,
Objective, Assessment, or Plan (SOAP) section labels with the
explicit section headers from the original document omitted
for the shared challenge. We processed these notes by parsing
and concatenating each contiguous group of lines labelled
with the same SOAP identifier into separate sections from
each provided train and test spreadsheet, creating 3566 train-
ing and 5935 test section text samples.

Mayo clinic multi-EHR SOAP (MCS) and CDA (MCC)
dataset

While the SOAP structure provides a degree of context within
a clinical note, the lack of granularity misses nuances that
subsection information might capture, such as whether the
patient’s social history or current medications are being dis-
cussed regarding a treatment mention. To leverage a more
refined schema that makes patient data transferable across
data sources and is compliant with their EHR web technol-
ogy, many healthcare institutions have adopted the Health
Level 7 (HL7) Fast Healthcare Interoperability Resources
(FHIR) standard or its predecessor, Clinical Document Archi-
tecture (CDA), as a clinical documentation practice.**
Another dataset we include is a corpus of 6000 clinical note
text segments of up to three contiguous sentences, labelled
both by SOAP section and CDA Release 1 section. The clini-
cal notes were collected across Mayo Clinic sites spanning
three distinct electronic health records (EHRs), GE Centricity
(GEC), Cerner, and Epic, over ten years. Two subject matter
expert annotators and one adjudicator produced the labels
and deidentified the samples. The Cohen Kappa inter-
annotator agreement for the SOAP section annotation is
0.67, 0.83, and 0.99 for GEC, Cerner, and Epic, respectively,
and 0.53, 0.73, and 0.84, respectively, for the CDA section
labels. This dataset is currently pending for publication and
public release.

Few-shot prompting

Few-shot learning is a machine learning model training prac-
tice where model training is limited to a few labelled samples.
Few-shot prompting of LLMs, also referred to as “in-con-
text” learning, incorporates training samples into the prompt
of a pretrained foundation model not having otherwise
undergone fine tuning. Though the model has scant informa-
tion from which to infer in most few-shot cases, few-shot

prompting has demonstrated remarkable improvements in
performance by providing templates of expected output for-
mat as well as samples for target classes that aid in framing
the class definitions.

Dynamic few-shot prompting

Our proposed prompt engineering approach to section classi-
fication utilizes dynamic few-shot example selection process.
Few-shot learning, a type of in-context learning, leverages
explicit instructions and question-answer examples. Which
examples to include in the prompt for a given input section
can be determined dynamically, where examples are selected
based on similarity to the current input.

To transform input text into a vector embedding represent-
ing a point in latent vector space, a separate transformer
encoder model tuned specifically for generating embeddings
is typically used. For this purpose, we opted for bge-base-en-
v1.5, the sentence transformer-based embedding model devel-
oped by Baidu and available in the HuggingFace repository.
At the start of our experimentation, this model was posting
among the top accuracy scores on the HuggingFace Massive
Text Embedding Benchmark (MTEB) leaderboard. The
examples are selected by cosine similarity of the generated
embedding for the given input section text to the section text
samples representing the nearest context embeddings of the
training set in the vector store. During inference, the test
inputs are converted using the same embedding model then
the generated context embedding is compared to the nearest
training sample context embeddings. Figure 1 illustrates the
process of splitting the dataset, embedding of training data,
and retrieving examples pertinent to the test input in the
dynamic few-shot prompting scenario.

Due to the 2k and 4k token maximum on the smaller mod-
els, the number of few shot examples able to fit within the
context window of the prompt is constrained, especially for
the older models included in our model comparison experi-
ments. Thus, to use a consistent number of shots across
model comparison experiments, we limited all static and
dynamic few-shot tests to 8 total exemplars.

Contextual prompting

With dynamically selected examples, we also introduce a
prompting method that includes varying degrees of contex-
tual information surrounding the input section. In our experi-
ments, this supporting contextual information includes
different amounts of text adjacent to each input section. The
prompts designate this additional text as supplemental and
ask the model only to classify the text of the target input sec-
tion between delimiters. We then assess the impact these dif-
ferent levels of supporting contextual information have by
comparing performance to our dynamic and static few shot
prompting methods which use only the input section. Figure 2
displays the prompt template used for our few-shot prompt-
ing scenarios.

GZ0zZ aunp g uo Josn Aleiqr oD okew Aq 22655 18/¥91 L/2/Z€/RI01HE/EIWEl/W0D dNO"DlWSpED.//:SA)Y WOI) POPEOJUMOQ



Journal of the American Medical Informatics Association, 2025, Vol. 32, No. 7 1167

Dataset

Patient is a pleasant 56 year-old
with a history of ...
A 1. Hypertension: Elevated BP

2. Crohn's Disease:

P Learning preferences includeu>

B

Test Data

Training Data @

mbedding Model

Vector Store

¥ (((

##F Instructions #H
### Output Format ###

### Section Definitions ###

o [ |

### Examples ###

### Input #4

Figure 1. Dynamic few-shot prompting method. (1) Section text and labels are parsed from source corpus and split into training and test data. (2) Training data is
embedded using embedding model and stored in vector embedding database. (3) During inference, contextual embeddings are generated from the given input
text sample and the k most similar examples in vector store to the current input are retrieved, where k is the number of dynamic shots in the current
experimental setting. The retrieved examples are then inserted into the Examples (green) section of the prompt and passed to the LLM for output generation.

### Instructions #it#

### Output Format ###

### Section Definitions ###

### Examples #it#

Correct Response: {‘section’: ‘Subjective’}

### Preceding Text #i#

Your task is to classify the input text segment into one of the section categories (a)
Use the specified JSON Format: “{‘section’: ‘<category>’}” (b)

- Subjective: Description of a patient’s chief complaint, current symptoms, .. (c)
- Objective: Measurements such as vital signs, physical exam findings, ..

Sample Input: Ms. Patient is a 33-year-old suffering from Crohn’s .. (d)

Heart: 87 bpm .. (e)
### Input ### f
Mr. Patient is a pleasant 59-year-old male with visiting because of his.. (f)
#i## Succeeding Text #it#

Continue with POC .. (e)
### Response #i## (h)

Figure 2. Few-shot prompt template. The Instructions component (a) explains the system role as a clinical note assistant, informs the system that it will be
given definitions and instructs to classify into one of the section categories. The Output Format component (b) specifies the structured JSON format that the
output response should conform to for consistent parsing. The Section Definitions component (c) describes the purpose and information contained in each
section category. The Examples component (d), only present in few-shot experimental prompts, contains several hardcoded and dynamically selected
section text samples and their corresponding labels in the expected output format. The Preceding Text (e) and Succeeding Text (g) components, containing

the text immediately before and after the current input section, respectively, and were only present in for Contextual Prompting inference. The Input
component (f) contains the current section input context, while the Response heading (h) prompts the system for the label prediction.

Experimental models

We evaluate our section classification approach against seven
open source LLMs: Llama 2 7B and 13B,** Llama 3.0 8B,*
Mistral 7B v0.1,** Mistral 7B OpenOrca,*® Mistral 7B
v0.3,*” and Gemma 2 9B.*® Further information about these
models can be found in the Models subsection of the Supple-
mentary Materials. Details about each model’s context win-
dow size and training methods are listed in Table S1.

Baseline settings

Zero-shot

We include a zero-shot setting where the Examples section is
omitted from the prompt and only the task instructions, class
definitions, and input text are given. This setting allows us to

evaluate how each model performs with task in the absence
of input-output pairs.

Static few-shot

Another baseline scenario uses few-shot exemplars that are
randomly selected from the training datasets in lieu of the
dynamically selected few-shot exemplars for our experimen-
tal scenario. Comparison of this static approach against our
experimental dynamic selection should reveal the precise
impact of the context-matching mechanism of dynamic selec-
tion for a given input to the embedded samples.

Experimentation

Four NVIDIA A100 GPUs, each with 40GB VRAM, were
used to generate embeddings for training data in few-shot
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settings and perform inference during evaluation. The tem-
perature parameter was fixed at 0.0001, as Llama models do
not allow a “deterministic” 0.0 temperature setting, and a
consistent set of parameters across models was necessary for
model comparison. Top_k sampling and top_p parameters
were kept at the defaults of 50 and 1.0, respectively, for all
experiments.

Evaluation

Model comparison

We calculate macro and micro F1 scores in each category as
well as overall for every model. The class imbalance in the
Mayo dataset, especially for model comparison on the CDA
schema, necessitates the use of both micro and macro weight-
ing of F1 for a more precise measurement of model perform-
ance across infrequent classes.

Ablation testing

To gauge the relationship between training set embedding
size and performance, we conduct ablation testing in each
few-shot scenario by limiting selected samples for each class
in the vector store and compare performances across models.
The number of samples for each class is fixed in each scenario
and are randomly selected from the full training corpus prior
to embedding.

Context window utilization

For models that both perform well in our model comparison
and purport a larger context window capacity, we explore
the effect of increasing amounts of dynamic few-shot exem-
plars on macro F1 performance. In this set of tests, we evalu-
ate each of the selected models with 16, 24, 32, and 48
exemplars in the prompt.

Effect of contextual information

We evaluate our contextual prompting approach on our MPS
dataset using three settings that incorporate additional con-
text in the prompt: local, section, and full note. The local set-
ting provides the concatenated five lines immediately prior to
and following the target input section, the section setting
includes both the section before and after the target, and the
full note section inserts the entire note encompassing the tar-
get section. Each setting excludes all section headers, as they
have been removed in the source dataset. We conduct a
section-specific error analysis to ascertain whether the per-
formance of each section might be differentially influenced by
the provision of the contextual information.

Embedding similarity

We measure the similarity of pairs of embeddings for the entire
training dataset, between retrieved examples and their given
input training section text, and within and across samples of
each SOAP section label for the MPS dataset. The mean cosine
similarity of these embedding pair groups is calculated.

Results

The macro-averaged F1 score for each of the baseline and
dynamic few-shot methods for each of the model compari-
son, ablation testing, context window utilization, and contex-
tual prompting experiments are presented here, as well as the
section-level performance of the few-shot and contextual
prompting scenarios. Figure 3 illustrates the model

comparison results for each of the zero-shot and static few-
shot baseline settings as well as the experimental dynamic
few-shot method. The complete results are listed in Table S2.
Across all models for both SOAP classification tasks, the
dynamic few-shot prompting method averaged a 39.3%
increase and 21.1% increase over the macro F1 scores of the
zero-shot and static few-shot prompting methods, respec-
tively. Across all models of the CDA classification task, the
dynamic few-shot method yielded a 17.7% increase and a
16.7% increase over the zero-shot and static-few shot meth-
ods, respectively.

Figure 4 illustrates the results of ablation testing, where
decreasing-sized subsets of the training data were randomly
selected for embedding. The macro F1 values used in this
illustration are listed in Table S3 of Appendix.

Table 2 displays the results of the context window utiliza-
tion experiments, where each column header number repre-
sents the number of exemplars included in the prompt.
Mistral 7B OpenOrca achieved the highest macro F1 score
with only a 16-shot prompt, while for Llama 3.0 8B and Mis-
tral 7B v0.3, 24 exemplars yielded optimal results. None of
the three models we tested performed best in the two test sce-
narios containing the most exemplars.

The mean cosine similarity of the embedded training data
sample pairs for the MPS data set is 0.766. Table $4 contains
the mean cosine similarity of all section text samples in the
training dataset as well as the mean cosine similarity of 8 and
16 dynamically retrieved exemplar embeddings to each of the
input SOAP sections in the MPS dataset. Table S5 contains
the mean cosine similarity of all embedding pairs both within
each section and across each pair of section classes.

Table 3 enumerates the performance of the three contex-
tual prompting methods we evaluated, while Table 4 shows
the section-level precision, recall, and macro-averaged F1
scores for each section as well as overall, for the best per-
forming contextual performance run of the MPS dataset,
which included the full note context using Llama 3.0 8B
model.

Discussion
Dynamic few-shot evaluation

For all tasks and models, the prompts incorporating the dynami-
cally selected few-shot exemplars outperformed all baselines, in
terms of Macro F1 scores, including the prompts using the same
number of randomly selected few-shot exemplars.

The Mayo Clinic dataset represents more diverse source
data as the corpus was not limited to ICU progress notes but
multiple medical specialties over different Mayo campuses
and EHRs. In the MCC task, random selection of exemplars
did not engender a significant improvement over zero-shot
baseline in any model, even reducing the performance of
Llama 2 7B, Llama 3.0 8B, and Gemma 2 9B. For Mistral 7B
OpenOrca, which achieved the highest F1 scores for the MPS
and MCC tasks (0.935 and 0.584, respectively), the differ-
ence between zero-shot and static few-shot was ostensibly
insignificant. For every model and task, however, the increase
in macro F1 from static to dynamic few-shot was stark, aver-
aging 20.1 percent across all models. As each dataset repre-
sents a diversity of notes across a range of patient
demographics, encounter types, and note-taking styles, the
heterogeneity of input texts and number of labels in the clas-
sification task both appear to be associated with the
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Figure 3. Model performance comparison. Each grouped bar chart
displays the performance of the models across the baseline and
experimental prompt settings for a section classification task.
Bootstrapped 95% confidence intervals are represented in each bar.

remarkable advantages conferred by dynamic selection of
few-shot exemplars.

Since the CDA classification dataset includes an imbal-
anced label distribution with several more classes overall
including infrequent and rare classes, evaluation of our
approach on this dataset is intended to showcase how the
method performs in these commonly skewed real-world data
distributions. For the CDA classification task in our model
comparison, the lack of improvement from zero-shot to static
few-shot yet dramatic improvement in macro F1 scores from

static to dynamic few-shot for each model underscores the
importance of matching similar examples in the rare class
cases, since the macro F1 metric weighs rare classes dispro-
portionately more than common classes.

Model performance across tasks

Across both SOAP tasks, the models appear to perform better
in zero-shot and static few-shot in the Mayo dataset than on
the labelled progress notes from the MIMIC-III dataset.
However, the overall F1 scores achieved by the dynamic few-
shot method are much higher in 5§ out of the 7 models (all
models except Llama 2 7B and 13B). The degree of difference
in performance between each setting in the progress notes
MIMIC-III dataset is also much greater, as the static few-shot
was significantly better than zero-shot, and dynamic was sig-
nificantly better than static for all models, whereas static few-
shot was not significantly better than zero-shot in the Mayo
Clinic SOAP task.

For the same Mayo Clinic dataset, performance across the
two tasks also varied. In the CDA classification task, which
includes a much greater number of classes and more class
imbalance, the overall scores were lower for all models. The
static few-shot scenario additionally conferred no significant
increase in performance, whereas the dynamic few-shot sce-
nario bore a significant increase for most models.

Model comparison

The inclusion of two sizes of Llama 2 models, 7B and 13B,
facilitates an analysis of parameter space on the performance
in the tasks. While the 13B-parameter version of Llama 2B
performed better than 7B in all three tasks using the dynamic
few-shot approach, 13B performed worse in all three tasks in
the zero-shot approach. A possible reason for this is that the
additional sparsity of the 13B model only elevated the ambi-
guity of terms in the class definitions. In the absence of input-
output sample pairs, the sole reliance of the model on the
class definitions increased the effect of Llama 2’s pretraining
data noise, thereby counterintuitively reducing the perform-
ance with additional parameters.

The addition of three versions of Mistral 7B models (Mis-
tral 7B v0.1, Mistral 7B OpenOrca, and Mistral 7B v0.3)
allows a relatively controlled evaluation of the effect of the
different pre-training and tuning methods used by the con-
tributors to improve those models. The instruction-tuned
OpenOrca variant achieved the highest F1 score in the MPS
and MCC tasks, despite its release just after v0.1 and preced-
ing v0.3 by roughly 9 months. The advantage of instruction
tuning demonstrated in our evaluation corroborates the find-
ings in Zhang et al*’ for general NLP and in Tran et al*® for
biomedical NLP, where instruction-tuned models exhibited
significant performance improvements over non-instruction-
tuned baselines.

Ablation study

In the ablation tests, the restriction of embedding resources
through random selection of subsets of the training data
appears to generally reduce performance of the model, as
expected. However, the effect is negligible or absent in certain
cases. For example, Llama 3.0 8B performance does not
decrease when training samples are limited from 1600 to 80
(0.913 vs 0.919 Macro F1, respectively). Llama 3.0 8B seems
to perform comparatively well in the 40- and 80-embedding-
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Figure 4. Ablation testing results. Each bar represents the macro F1 score for a different number of embedded training samples in the vector store.

Table 2. Context window utilization.?

Model Exemplars

16 24 32 48
Llama 3.0 8B 0.938/0.947 0.948/0.955 0.687/0.851 0.513/0.674
Mistral 7B OO 0.941/0.943 0.731/0.925 0.611/0.929 0.692/0.876
Mistral 7B 0.3 0.927/0.937 0.947/0.953 0.941/0.945 0.945/0.952

Selected models’ performance using different exemplars on the MPS dataset.

@ Scores shown are Macro F1/Micro F1. The scores in bold indicate the highest Macro/Micro F1 scores for each model.

Table 3. Contextual prompting performance.

Model Context Type

Local® Section” Full Note
Llama 3.0 8B 0.949 0.951 0.953
Mistral 7B OO 0.929 0.914 0.909
Mistral 7B 0.3 0.922 0.925 0.931

Selected model’s macro F1 performance when including note context in the
prompt. The bold value indicates the best macro F1 score across models
and contextual prompting scenarios tested.
? The local context includes the 5 lines of note text immediately before
and after the given input section.
The section context includes the text of the section prior to and
following the given input section.

sample scenarios as it achieves the highest scores for both
pure dynamic few-shot and hybrid experiments.

Context utilization analysis

The best performance of each model, shown in bold in
Table 2, indicates that all three of the models tested per-
formed best with equal to or fewer than 24 exemplars.
Though these models purport context windows that can
accommodate many more exemplars, the clear degradation
of performance for Llama 3.0 8B and Mistral 7B OpenOrca
with additional exemplars exemplifies meager contextual
information carryover from one sliding window to the next.
In comparison, the relatively minor performance decrease of
Mistral 7B v0.3 shows an advancement of sliding context
window information carryover. However, the lack of a signif-
icant increase in performance as exemplars are added for this

model reveals that there is a limit to the performance increase
conferred by dynamically selecting examples, and that for
our section classification task, the optimal number of samples
for each of the tested models is around 24.

Effect of contextual information

The contextual prompting results displayed in Table 3 show-
case the performance improvement imparted by commuting
additional contextual information in the prompt of the rela-
tive position of the section within the note and the adjacent
note text, for 2 out of the 3 tested models. Although the
increase in F1 score may not be substantial enough to war-
rant the additional cost of prompt tokens, the results show
that the inclusion of contextual information nonetheless
appears to render higher accuracy. The lack of improvement
for Mistral 7B OpenOrca, despite its superior performance in
our model comparison tests, indicates that its instruction tun-
ing and inferior context window capacity inhibited the utility
of the additional context information, as the context requires
more context breadth and more instruction than the prompts
without such contextual information.

Training data and section similarity

The mean cosine similarities of all embedded training data
section text sample pairs and of each pair of retrieved exam-
ples to the current input section text, in 8-shot and 16-shot
exemplar settings, is shown in Table S4. The higher similarity
of 8-shot retrieved exemplars to the current input text than
the 16-shot retrieved exemplars to the current input text
seems appropriate as the additional less-similar exemplars
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Table 4. Performance by section.

Section Static Few-Shot Dynamic Few-Shot Contextual Dynamic Few-Shot
Precision Recall F1 Precision Recall F1 Precision Recall F1
Subjective 0.934 0.934 0.934 0.963 0.917 0.939 0.957 0.917 0.936
Objective 0.874 0.988 0.928 0.988 0.994 0.991 1.0 0.997 0.997
Assessment 0.635 0.930 0.755 0.975 0.907 0.940 0.988 0.942 0.964
Plan 0.958 0.267 0.418 0.828 0.953 0.886 0.857 0.977 0.913
Overall 0.850 0.780 0.759 0.938 0.924 0.939 0.950 0.957 0.953

The precision, recall, and macro F1 score for each SOAP section label of the MPS dataset using Llama 3.0 8B with static few-shot, dynamic few-shot, and

contextual dynamic few-shot prompting with 16 shots.
The highest F1 score for each section label and overall is shown in bold.

would increase the mean cosine distance. In Table S5, The
cosine similarities shown along the diagonal represent the
cohesiveness of examples within each class, whereas the
remaining values represent the mean cosine similarity (inverse
mean cosine distance) between all samples of one class with
each counterpart class. The classes with the highest mean
cosine similarity of embedding pairs are the Subjective and
Assessment classes (0.770), whereas the Subjective and Plan
had the lowest mean similarity of any pair (0.705). This con-
firms the hypothesis that Subjective and Assessment sections
are most similar since they often contain the same first few
sentences introducing the patient and describing their pri-
mary symptoms or concerns. The often repetitive, templated
language in Assessment sections also explains the higher
cohesion of samples within the Assessment class (0.853).

Performance analysis by section

As exhibited in Table 4, Llama 3.0 8B achieved the highest
overall macro F1 score (0.953) with the inclusion of 16
dynamic few-shot exemplars and contextual information in
the prompt, where the contextual information provided was
the full progress note, including all text prior to and follow-
ing the current input section. The section-specific perform-
ance reveals high performance on inference of Objective
sections, yet a substantially underperforming Plan section.
This was unexpected since the language in Plan sections is
often prescriptive, including recommendations for future test-
ing, medication, or surgical treatments to prescribe as
opposed to those historically taken or undergone, referrals,
and patient education, which are all relatively unique among
the Plan sections. The concordance of Plan section as the low-
est F1 score for each type of few-shot prompting could indi-
cate a lack of sufficient differentiation of future-tense verb
embeddings from their root token embeddings, as well as
other semantic information unique to the Plan section that
would otherwise hypothetically signal the identity of the Plan
section to the model.

Limitations

Since the scope of this study was constrained to practical
models that are probable for incorporation and translation
into clinical applications, we did not include many propriet-
ary models that lead in performance on general NLP bench-
marks such as GPT-4, Claude, and Gemini. Though these
models may achieve marginally better performance on clini-
cal and non-clinical tasks than open-source models with
fewer parameters, the burdens of cost and privacy make these
closed-source models prohibitive in most clinical settings and
were therefore not included in our comparison.

While the SOAP note-taking schema is employed widely
across institutions, many note types included in the Mayo
dataset, such as correspondence letters and imaging reports,
are not written in the SOAP (or other section schema) tem-
plate. Additionally, the definitions of each section conferred
to the annotators of this dataset differed from those of the
MPS dataset, hence multiple possible labels were applied to
each text segment. This limitation precluded cross-domain
evaluation, where one SOAP dataset was used for training
while the other was used for testing. The assignment of multi-
ple labels to each input sample in the Mayo dataset also pre-
vented comparison to sentence transformer baseline models,
as the fine-tuning of transformer models necessitates either a
single class (multi-class task) or multiple required labels
(multi-label task), but not multiple optional labels.

Future work

The results of this project suggest several potential avenues
for future research. First, the remarkable performance of the
instruction-tuned Mistral 7B OpenOrca model on each task
warrants further instruction-tuned model comparison as well
as custom instruction-tuning on specific clinical language
understanding tasks. Since we used a sentence-transformer
embedding model and compact, robust LLM-based embed-
ding models are now available, an investigation of these more
advanced models containing larger context windows on their
impact in a dynamic example selection strategy is advisable.

The heterogeneity of clinical note structure and semantics
across healthcare institutions also suggests a demand for
cross-domain analysis to evaluate the portability of this
dynamic example retrieval technique without the need for
institution-specific datasets.

The superiority of Llama 3.0 8B model in the contextual
prompting evaluation begs the question of whether more
recent LLMs purporting even larger and more efficient con-
text windows will even more effectively leverage the contex-
tual information presented in the prompt. Further evaluation
could be conducted with other types of contextual informa-
tion, such as clinical note metadata, input section position
information relative to the total number of note sections,
and/or abstractive note summaries prior to section classifica-
tion inference.

Finally, subsequent research could include analysis into
how section classification, as well as other document struc-
ture and metadata extraction strategies, influence the per-
formance of downstream tasks and applications such cohort
retrieval and clinical trial matching systems by adding con-
textual information.
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Conclusion

In this methodology study, we explore a dynamic few-shot
prompting approach to a clinical note section classification
task and evaluate the performance of lightweight, open-
source models. In doing so, we assess the viability of LLMs
for extracting clinical document structure for downstream
practical applications. We compare the dynamic example
selection approach to static few-shot and zero-shot baseline
scenario performances. The results demonstrate the superior-
ity of the dynamic few-shot method without the need for
large, labelled corpora and suggest a need for further research
into similar methods for use in other clinical language
systems.
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