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Abstract

Automating Electronic Health Records (EHR) documentation can significantly reduce the burden on care providers, par-
ticularly in emergency care settings where rapid and accurate record-keeping is crucial. A critical aspect of this automation
involves using natural language processing (NLP) techniques to convert transcribed conversations into structured EHR
fields. For instance, extracting temperature values like “102.4 Fahrenheit” from the transcribed text “His temperature is
39.1, which is 102.4 Fahrenheit.” However, traditional rule-based and single-model NLP approaches often struggle with
domain-specific medical terminology, contextual ambiguity, and numerical extraction errors. This study investigates the
potential of integrating multiple Large Language Models (LLMs) to enhance EMS documentation accuracy. We developed
an LLM integration framework and evaluated four state-of-the-art LLMs—Claude 3.5, GPT-4, Gemini, and Mistral—on
a dataset comprising transcribed conversations from 40 EMS training simulations. The evaluation focused on precision,
recall, and F1 score across zero-shot and few-shot learning scenarios. Results showed that the integrated LLM framework
outperformed individual models, achieving overall F1 scores of 0.78 (zero-shot) and 0.81 (few-shot). In addition to quan-
titative evaluation, a preliminary user study was conducted with domain experts to assess the perceived usefulness and
challenges of the integrated framework. The findings suggest that this approach has the potential to reduce documentation
effort compared to traditional manual documentation. However, challenges such as misinterpretation of medical context
and occasional omissions were noted, highlighting areas for further refinement and future work. This research is the first
to systematically explore and evaluate the use of LLMs for real-time EMS EHR documentation. By addressing key chal-
lenges in automated transcription and structured data extraction, our work lays a foundation for real-world implementation,
improving efficiency and accuracy in emergency medical documentation.
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Introduction

Using electronic health records (EHRs) to document patient
information is a key component of the current healthcare
system worldwide. However, research has shown that this
practice is time-consuming, leading to increased clinician
burnout and reduced time spent on patient care [1, 2]. Stud-
ies have found that a typical family physician may dedi-
cate an average of 4.5 h per day to documentation [3]. As
such, there has been growing interest in automating EHR
documentation to allow healthcare providers to focus more
on patient care. This is particularly relevant in fast-paced
emergency care settings, such as emergency medical ser-
vices (EMS) or pre-hospital care [4-6]. Accurate, com-
prehensive, and timely EMS documentation is crucial for
effective communication and the safe transfer of patient care
[7]. However, in these settings, care providers often have
limited time and capacity to use EHR system to chart patient
record, as they are both physically and cognitively preoc-
cupied with intense and dynamic patient care activities [6].
The consequences of inaccurate or incomplete documen-
tation can be significant. Research has shown that failure
of documenting essential scene physiology measures and
treatments is linked to failure to document essential scene
physiology and treatments is associated with inappropriate
clinical decisions, delayed interventions, inaccurate billing,
and even adverse outcomes [7-9].

Recent studies have focused on developing advanced
automatic speech recognition (ASR) systems for real-time
documentation during medical interviews in typical clinical
office settings [10]. For instance, digital scribes have been
utilized to capture physician-patient conversations and gen-
erate documentation in the EHR for clinical visits. How-
ever, there is limited research on automating documentation
in the EMS environment, where noise levels are higher, and
data collection presents additional challenges. Our research
is motivated by the urgent need to automate EHR documen-
tation in EMS, with a particular focus on minimizing high-
risk documentation errors. By doing so, we aim to improve
both clinical safety and workflow efficiency in these critical
settings.

Automating EHR documentation involves several key
components that work together to streamline the documen-
tation process. Perhaps one of the most critical components
is leveraging natural language processing (NLP) techniques
to transcribe and process spoken or written medical infor-
mation into structured data. Existing commercial solutions,
such as Nuance’s DAX (Dragon Ambient eXperience) [11,
12] and Suki AT assistant [13], can transcribe and summa-
rize clinician-patient interactions in real-time with greater
efficiency and accuracy, and then integrate the summary
directly into the free-form clinical note section within EHR.
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However, these solutions primarily focus on in-hospital
EHR systems and generating summaries of patient encoun-
ters, while little attention has been paid to extracting rel-
evant information from transcribed content and mapping it
to structured EHR data fields.

A key aspect of developing NLP techniques for auto-
mated EHR documentation is ensuring data accuracy and
reliability, as automated systems must accurately interpret
and extract diverse and complex medical information [14].
However, even advanced NLP systems can still struggle
with medical terminology and contextual nuances, leading
to potential errors in patient records [15]. With the advance-
ment of large language models (LLMs), these models have
been used to process clinical notes and extract clinical
information for applications such as disease prediction [16],
identifying patients for clinical trials [17], clinical deci-
sion support [18], and more. These studies often focus on
extracting specific clinical variables in non-emergent sce-
narios, such as medication details [19], social determinants
of health [20], or disease specific variables from clinical
notes [21, 22] or guidelines [23]. Although a few research
efforts have evaluated the performance of LLM-based
approaches in extracting medical information from text for
EHR documentation, they are limited to a few elements or
specific documentation templates, such as symptom docu-
mentation [24] or sleep study reports [25]. To the best of our
knowledge, LLMs have not yet been applied to transcribed
conversational text for extracting clinical information to
populate EHR fields in the EMS domain.

To address the research gap in the EMS EHR documenta-
tion, we are conducting a large-scale research project aimed
at developing an artificial intelligence (Al) system (see
Fig. 1) that can be integrated into the EMS EHR system to
automate documentation. As part of this project, we con-
ducted the current study to evaluate different LLMs and the
integration of LLMs for extracting key clinical information
corresponding to EMS EHR fields from transcribed conver-
sations between EMS providers during pre-hospital care.
Specifically, we developed a computational framework
for automating EMS EHR documentation by integrating
four different LLMs for clinical information extraction and
compared them under zero-shot and few-shot settings. Our
research is the first to integrate multiple LLMs to extract
clinical information from transcribed conversational text for
automated EMS EHR documentation. The main contribu-
tions of this paper include: (1) systematically assessed the
performance and limitations of four different state-of-the-art
LLMs for clinical information extraction with regards to the
EHR fields in the context of EMS care, demonstrating the
feasibility of utilizing LLMs for EMS information extrac-
tion from conversational text; (2) developed a novel LLM
integration framework to leverage the strengths of various
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Fig. 1 Overall LLM integration framework for automated EMS EHR documentation

LLMs for automating EMS EHR documentation, highlight-
ing the need for new computational models to capitalize on
the benefits of different LLMs; (3) conducted a preliminary
user evaluation study to assess the accuracy and perceived
usefulness of the integrated LLM framework for extract-
ing and mapping information to EHR fields—a key step
in automating EMS EHR documentation; (4) showed the
limitations in including all possible EMS EHR fields and
discussed challenges and pathway for future real-world
implementation.

The remainder of this paper is structured as follows:
Sect. “Related Work™ reviews related work on automated
EHR documentation, covering methods applied in both
EMS and non-EMS domains. Section “Methods” out-
lines the methodological framework, detailing the process
from data collection to the development and evaluation of
the computational model. Section “Results” presents the
results, while Sect. “Discussion” discusses key findings and
study implications. Finally, Sect. “Conclusions” concludes
the paper.

Related Work

Automated EHR documentation has become a key area of
research, driven by the need to reduce the administrative bur-
den on healthcare professionals and improve the accuracy
and efficiency of clinical documentation. Early approaches
focused on leveraging NLP to process unstructured clinical
text and extract useful information for structured EHR doc-
umentation. For instance, Kaufman et al. [26] used MediSa-
pien to extract clinical information from the transcribed
documents for EHR documentation and demonstrated that
it can enhance the clinical documentation process and end-
user experience. Advancements in Al have led to the devel-
opment of more sophisticated systems, such as ASR tools,
that can transcribe physician-patient conversations in real-
time and convert them into structured EHR documentation.
Xia et al. [27] developed an ASR algorithm to automati-
cally convert speech with accent to text then applied name
entity extraction algorithm to extract clinical information
from the conversion for EHR documentation. Ahamed et al.
[28] compared convolutional neural networks (CNN) with
recurrent neural networks (RNN) for speech classification
to identify the relevant content in conversation for auto-
matic medical documentation. Finley et al. [29] proposed
an architecture involving automatic-speech recognition,

@ Springer



65 Page 4 of 19

Journal of Medical Systems (2025) 49:65

knowledge extraction, and natural language generation.
After the conversation was transcribed, a knowledge extrac-
tion that utilizes recurrent neural networks and supervised
machine learning can be used to extract the structured data
for medical documentation. The natural language generation
module is to standardize the extracted information for final
reports. Maas et al. [30] also used Google cloud speech-to-
text API as an ASR tool. Then, a semi-automated approach
was used to map the extracted information to ontologies
concerning anatomy, symptoms, observation, diagnosis,
and treatment for documentation. Woo et al. [31] processed
the conversional audio with a deep neural network model
based on Speech Enhancement Generative Adversarial Net-
work (SEGAN) to reduce the noise, then used an ASR tool
for transcribing. A lexicon-based language model was used
to correct the transcribing errors. Finally, the medical infor-
mation was extracted using MetaMap. Khattak et al. [32]
developed a system to first transcribe the conversion into
dialogue. Each sentence in the dialogue was then classified
as questions, statements, among others. The medical entity
identification process is then applied to the statements and
other types to extract the medical terms for EHR documen-
tation. Ontologies from BioPortal, Consumer Health Vocab-
ulary, SNOMED-CT, and RxNorm were used for medical
entity identification. Text classifiers that use TF-IDF and
traditional classification models, e.g., random forest, were
built to categorize the extracted medical entities into pre-
defined categories for documentation. Wenceslao et al. [33]
used the IBM Watson Speech to Text to transcribe the con-
versation into text. Then, the cTAKES was used to extract
symptoms, diseases, medication, and Procedure from the
text.

Despite these advancements, research on automated
EHR documentation in pre-hospital settings is still limited.
In addition, there is no research investigated into the recent
LLMs including GPT 4o to process the transcribed text
to extraction information for clinical documentation. This

Table 1 Overview of the literature regarding automated EMS EHR
Documentation

Study EMS EHR Traditional-NLP LLM
documentation

Kaufmanetal. No Yes No

[26]

Xia et al. [27] No No BERT

Ahamed et al. No Yes No

[28]

Finley et al. [29] No Yes No

Maas et al. [30] No Yes No

Wooetal. [31] No Yes No

Khattak et al. No Yes No

[32]

Wenceslao etal. No Yes No

[33]
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highlights a significant gap in the literature and suggests
the need for novel frameworks and computational models
tailored for the unique demands of EMS documentation.
While automated EHR documentation has made significant
strides, there is still much to be done, especially in the con-
text of EMS. Table 1 summarizes the work related to auto-
mated EMS EHR documentation in the literature.

Methods
Study Framework

In this research, we employed a traditional study framework
by first collecting conversational data using different EMS
scenarios in a simulation setting. The conversational data is
then transcribed into text and annotated to generate ground
truth for EHR EMS documentation performance evaluation.
Then, we developed a computational framework that uti-
lizes the LLMs to automate the EHR EMS documentation
using the transcribed conversational data. Finally, we evalu-
ated the accuracy of the documentation using the traditional
name entity recognition (NER) metrics and worked with
domain experts on user evaluation towards real-time EHR
EMS documentation. Figure 2 shows the overview of the
study framework.

Data Collection

As part of a large-scale research project examining EMS
workflow [34, 35], we conducted forty high-fidelity EMS
simulations in a mobile simulation lab designed to replicate
the back of an ambulance. The simulation scenarios varied
in clinical conditions and required treatments, including a
15-month-old with seizures, a 1-month-old with hypoglyce-
mia, and a 4-year-old with clonidine ingestion. The simula-
tions used high-fidelity patient mannequins and replicated
the dynamic EMS environment, including background noise
(e.g., from a distraught parent) and overlapping speech from
multiple speakers. Each simulation was conducted by four
to six participants, who were full-time, licensed EMS clini-
cians working for a large fire-based EMS agency. The simu-
lations were recorded in both audio and video formats. The
lengths of the video recordings of the simulations varied,
ranging from roughly 9 to 14 min.

The conversations among EMS providers were tran-
scribed by professional transcriptionists and reviewed by
two medical experts to ensure accuracy. The two medical
experts reviewed transcribed conversation independently
and annotated the necessary corrections. The inconsistency
was solved by discussion to finalize the corrections. The
annotators annotated all transcripts according to EMS EHR
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Fig. 3 Snippet of conversation text and data annotation for EHR documentation

data fields. Based on an examination of the structures of
two EMS EHR systems, as well as the National Emergency
Medical Services Information System (NEMSIS) data
structure [36], we included all main EMS EHR fields. Fig-
ure 3 shows the snippet of the conversation text with time-
stamp and annotated data for corresponding EMS EHR data
fields, such as Age, Complaint/Symptoms, Mental state, and
AVPU.

To annotate the data, two annotators first independently
annotated a small set of transcripts (n=6) by marking and
mapping the content of the transcripts (e.g., words, phrases,
etc.) to EHR data fields. Then, we calculated the inter-
rater agreement between the two annotators using Cohen’s
Kappa coefficient on the mapping between content and
EHR fields. A Kappa value of 0.80 was achieved, indicat-
ing substantial agreement between the two annotators. All

@ Springer
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disagreements between the annotators were resolved via
discussions. Following this step, the researchers created a
data dictionary to standardize the annotation process. One
annotator annotated the remaining transcripts using the data
dictionary, while another annotator reviewed all the annota-
tions to ensure correctness and consistency across all tran-
scripts. The annotation process was iterative and adaptive to
changes (e.g., modifying the data dictionary and revisiting
previous annotations for corrections). These transcripts and
annotations served as the ground truth for evaluating differ-
ent LLMs and the proposed LLM integration framework.

Automated EHR Documentation Using Individual
LLM

The emergence of LLMs has revolutionized the field of
NLP, enabling machines to analyze human language with
high accuracy. At the time of this study, based on our lit-
erature review, the leading state-of-the-art LLMs included
OpenAl’'s GPT-40 [37], Google’s Gemini [38], Meta’s
LLaMA 3 [39], and Anthropic’s Claude 3.5 [40], all of
which are designed to push the boundaries of what LLMs
can achieve in terms of both performance and efficiency. In
this research, we systematically assessed these four LLMs
for EMS EHR documentation in two different settings: zero-
shot and few-shot learning. In-context few-shot learning
offers a key advantage by enabling LLMs to learn from just
a few examples given during inference, eliminating the need
for retraining. This is especially useful in this study due to
the limited availability of labeled data. Providing a handful
of examples within the prompt helps the model grasp the
specific task requirements, enhancing both its accuracy and
ability to adapt to new or varied scenarios. Since in-con-
text few-shot learning does not involve model fine-tuning,
it maintains the same response time as zero-shot learning
when applied in real-world scenarios.

We conducted the experiments through Application Pro-
gramming Interfaces (APIs) of the LLMs. These APIs allow
users to provide instructions via two roles:

e System: Defines task instructions for the LLM in the de-
sired role. We used the system variable to instruct the
model to act as an annotator.

o User: Provides the input transcript text for data
annotation.

The user input incorporates a transcript of a simulation
recording to be analyzed by an individual LLM to extract
data for each EHR field for documentation. The design of
the prompt includes directives for the LLM to process the
input transcript and deliver the results in a specific format.
To implement few-shot learning, we created a dataset that

@ Springer

includes two examples of each EMS EHR field to guide the
LLM’s responses. To standardize the output of the LLM and
avoid variations [41], additional instructions, such as the
removal of stop words from the output, were provided. The
detailed prompt design is included in Tables S1 and S2 in
the supplementary material.

Since LLMs occasionally extracted information for
categories not included among the predefined EHR fields,
we developed a post-processing algorithm to align these
extracted categories with the predefined EHR fields. When
extracting information in JSON format, the output keys
(categories) were first mapped to the predefined fields using
strict string matching. For categories that cannot be mapped
using strict string matching, we instructed the LLM to per-
form soft mapping based on the semantic meaning of the
categories. Any categories that cannot be mapped to the pre-
defined fields are excluded.

LLM Integration Framework

Based on our previous research [14, 42] and the experimen-
tal results of this study, we observed that the performance
of each LLM varies. To address this, we developed an LLM
integration framework to leverage the strengths of vari-
ous LLMs in producing the final extraction for each EMS
EHR field. Figure 4 shows the algorithm that outlines the
steps of the integration framework. Each LLM output (/,
., 1) for a given EHR field was compared pairwise using
a proposed similarity function (f), which incorporates both
lexical (e.g., Levenshtein distance) and semantic similarity
measures (e.g., sentence embeddings). The model output
that demonstrated the highest average similarity to all other
outputs was selected as the final system-generated result for
evaluation, based on the assumption that higher agreement
among models indicates greater reliability. If more sce-
narios are collected and the LLMs can be finetuned using
EMS data, this strategy can be refined by incorporating con-
fidence scores from individual LLMs, weighting similarities
based on model performance history, or using ensemble vot-
ing with threshold mechanisms to filter out low-agreement
outputs. Additionally, human-in-the-loop validation could
be added for low-consensus cases to ensure robustness and
minimize critical errors in clinical contexts.

The proposed similarity measurement considers both
syntactic and semantic similarities between the output of the
LLMs. The syntactic similarity calculation assumes that the
similarity between two pieces of text is proportional to the
number of identical words they share, whereas the semantic
similarity measures how similar or different two pieces of
text are in terms of their meaning and context. There are
multiple ways to measure the syntactic [43, 44] and seman-
tic similarity [45—47] between texts. We applied word-based
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Timestamp Transcription
0:09 This is Susie. One month old. she's been vomiting, diarrhea for a couple of days,
Age Complaint/Symptoms
then this morning not waking up.
Complaint/Symptoms
0:21 She's hard to wake up. So, vomiting and diarrhea times two days?
Complaint/Symptoms

0:26 What's the respiration rate?

0:27 | think we need a pulse ox.

0:31 Vomiting and diarrhea two days, was fussy last night, was last seen normal last

Complaint/Symptoms

Mental state

night. Came to wake her up, we're saying this is early in the morning, like five in

the morning and now she just HRICSPORSIVE.
AVPU(Alert, Verbal, Pain, Unresponsive)

Fig.4 Algorithm for LLM integration framework

Levenshtein distance similarity [48] to calculate the syntac-
tic similarity between two texts. Let a and b be two texts
with m and n words, respectively. The Levenshtein dis-
tance d(m,n) is defined as calculation of distance between
two texts a andb using Eq. 1, where d(m,0) = m; and
d (0,n) =n Then, we calculated the normalized Levensh-

tein distance normd (4, j),, ,) = 1 — %
d(m—1,n)+1
o . d(m,n—1)+1
A(i:.7) () = min { d(m—1,n Eﬂf)i 0, )if i[m] = j [n] (1
dim—1,n—-1)+1, if i[m]# jn]

To calculate the semantic similarity, we first applied sen-
tence transformer [49] to convert candidates and ground
truth into embeddings, then, applied cosine similarity to
measure the similarity ¢ (i,j) = m The integration
of syntactic and semantic similarity was done by a linear
combination of both (shown in Eq. 2), which is used to cal-
culate the similarity ( f) between the output of the LLMs
shown in integration algorithm described in Fig. 3. For the
LLM integration, we finetuned the integration ratio a to 0.2
to optimize the performance.

[, 7) = a x normd(i, j) , ) + (1 — ) x (i, ) )

LLM Performance Evaluation

To evaluate the performance of the LLMs and the LLM
integration framework in extracting clinical information
for EMS EHR documentation, we utilized precision (P),
recall (R), and F1 as the main metrics [50], which are com-
monly applied in information extraction tasks and specifi-
cally for the EHR documentation in the literature [32, 51].

The metrics evaluate whether the extracted information for
the EHR fields is correct, partially correct, or spurious. The
details of the calculations are given in Sect. “Related Work”
of the supplemental materials.

To conduct a statistical comparison for each medical field
between LLM integration and the other models, we first
applied Shapiro’s test and Levene’s test to determine the
normality and homogeneity in variety of the data, then the
Mann-Whitney U-test was used to calculate the significance
value for the comparison. The overall model comparison
is based on the statistical comparison of the results gained
from different EHR fields.

Preliminary User Evaluation of LLM Integration
Framework by Domain Experts

Literature [52, 53] highlights the importance of assessing
the performance of systems using LLMs by comparing them
to human assessments, particularly in the medical field. To
evaluate whether the proposed framework accurately iden-
tifies and extracts relevant information and maps it to the
appropriate EMS EHR data fields, we invited three domain
experts from different EMS agencies in the U.S. One expert
has more than 40 years of experience and currently holds
the position of EMS director. The second expert has more
than 20 years of experience and is currently serving on both
state- and city-level emergency medical advisory com-
mittees, enacting EMS documentation and care practice
policies and procedures. The third expert is an EMS phy-
sician who is also involved in quality assurance work on
EMS documentation. All of them have extensive, first-hand
knowledge of EMS EHR documentation.

@ Springer
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To prepare the evaluation data, we randomly selected
four transcribed audio recordings and populated the EHR
fields after applying our framework in the few-shot learning
setting. It is important to note that the primary goal of this
study is to evaluate the effectiveness of LLMs in extract-
ing relevant information from conversational text for EHR
documentation. The transcribed conversations are seg-
mented into individual sentences and loaded into an annota-
tion tool. Within this tool, extracted data corresponding to
specific EHR fields is highlighted and labeled accordingly.
For instance, in the sentence “So his temperature is 39.1
which is 102.4 Fahrenheit,” the phrase “102.4 Fahrenheit”
is marked and tagged as the “temperature” field. Domain
experts then assessed the accuracy and relevance of these
extractions based on their clinical knowledge and practi-
cal experience. These four transcribed recordings cover
all EHR fields defined in Table 2. We provided the experts
with instructions to evaluate the extracted information for
the EHR fields based on the transcribed audio recordings

Table 2 Statistics and examples of the annotated EMS EHR data

EHR Field Name Example Max # in each Average
conversation  length
(# of
words)
Age 1 year old 5 247
Airway clear 2 3.07
Allergies never had any 2 2.38
allergies
AVPU responds 7 2.87
to painful
stimulus
B.G.L. 100 4 1.38
B.P. 58 over 36 12 2.61
Capillary Refill Time 6s 4 2.13
Complaint/Symptoms vomiting, 22 2.88
diarrhea
ECG 190 11 1.73
Electrolytes potassium 3 1.00
Gender male 2 1.00
Lung sounds clear 5 2.35
Medication D10 20 26 2.64
milliliters
Mental State Fuzzy 1 1.00
Past medical history ADHD 15 2.77
Patient Profile His nameis 6 2.90
Billy
Pulse 190 7 1.84
Pupils dilated 4 2.54
RESP 22 to 26 11 2.81
SPO2 100% 8 1.55
Temperature 98.4 4 1.86
Trauma no signs of 5 3.89
trauma
Treatment rescue 24 242
breathing

@ Springer

(as sentences). The evaluation tasks include: (1) Evaluat-
ing the transcribed and extracted data to the corresponding
EHR fields by either correcting it or confirming it as accu-
rate for EHR documentation. If discrepancies arose between
the two, the third expert’s input were used to resolve them;
(2) Categorizing the necessary corrections and noting the
types of errors, such as failure to extract relevant informa-
tion, recording in incorrect EHR fields, or other issues; (3)
Completing a survey designed to gauge their perceptions
of the real-world applicability of leveraging LLMs to auto-
mate the EMS EHR documentation process. The survey
questions focused on gathering feedback about whether
the automated documentation process could substantially
reduce documentation time and burden on EMS providers,
seamlessly integrate into existing workflows, and require
minimal corrections, among other considerations. The sur-
vey questions are included in Sect. “Discussion” of the sup-
plemental material.

Results
Summary of the Dataset

The transcribed conversation text from the forty high-fidel-
ity EMS simulation videos was used as input for the evalu-
ated LLMs. Each conversation text contains between 744
and 1,957 words (mean: 1,340.5, SD: 297.57). Table 2 pro-
vides the statistics and examples of the annotated data for
EMS EHR documentation. Some EHR fields, such as “com-
plaint/symptoms”, “treatment”, and “medication”, have
high occurrences in each conversation. Additionally, some
fields, like “trauma” and “airway”, have longer descriptions
in terms of word count compared to others.

System Performance Comparison

Tables 3 and 4 present the performance comparison of the
four LLMs and our LLM integration framework in zero-shot
and few-shot settings, respectively. Details of the hyperpa-
rameters for the LLMs are provided in Sect. “Related Work”
of the supplemental material.

The results demonstrate that the LLM-integrated model
achieved significantly superior performance compared to
the other models in multiple fields, including AVPU, Com-
plaint/Symptoms, ECG, Medication, Mental State, Past
Medical History, and RESP. Notably, in the Trauma field,
the LLM-integrated model outperformed the alternatives
only under zero-shot learning conditions, whereas in the
Treatments field, its superior performance was observed
exclusively under few-shot learning settings. Regarding
overall performance, in the zero-shot learning setting, the
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LLM-integrated model demonstrated significantly higher
recall compared to both Gemini and Llama 3, higher preci-
sion compared to Gemini, and superior F1 scores relative
to both Gemini and Llama 3. Under the few-shot learning
setting, the LLM-integrated model exhibited even greater
improvements, significantly outperforming GPT-40, Gem-
ini, and Llama 3 in both F1 score and precision. Addi-
tionally, the results indicate that Claude did not show any
significant underperformance when compared to the LLM-
integrated model. These results demonstrate that the pro-
posed LLM integration framework effectively leveraged the
strengths of different LLMs, resulting in the highest overall
performance in both zero-shot and few-shot settings. This
approach selects the most semantically aligned and syntac-
tically consistent answers across all LLMs. The integration
of LLMs proved robust and adaptable across various tasks,
generally surpassing the performance of individual LLMs
in most categories. The results show that LLM integration
did not outperform in certain areas, such as age, allergies,
regardless of whether in zero-shot or few-shot settings. For
these fields, our analysis indicates limited consensus among
the LLMs, with typically only one or two LLMs signifi-
cantly outperforming the others.

Comparing the individual LLMs based on their macro-
median values, Claude 3.5 achieved a competitive or better
a macro-median F1 scores in both zero-shot and few-shot
scenarios. Among all LLMs, Gemini performed not as well
as others. Comparing the results of zero-shot and few-shot
settings, the macro-median shows that the performance of
the LLM integration improved overall when few-shot learn-
ing is applied, except for a drop in the F1 for past medical
history. This might be due to prompt overfitting, where the
model’s general understanding of fields with multifaceted
expressions becomes restricted to the specific examples
provided in few-shot learning. [54] Gemini, Llama 3, and
Claude 3.5 all experienced performance fluctuations in few-
shot learning compared to zero-shot, while GPT-40 gener-
ally showed improvement. This could be due to GPT-40’s
strong summarization capabilities and balanced generaliza-
tion ability. Other models may struggle with understanding
longer texts and appropriately distributing attention across
the prompts.

Table 5 shows the scenario-based performance of apply-
ing the LLM integration model using the few-shot learn-
ing. We performed both ANOVA and Kruskal-Wallis tests
to compare the performance of the LLM-integrated model
in data extraction across different medical fields. The results
indicate no statistically significant differences in perfor-
mance among these scenarios.

To demonstrate the distinct impacts of syntactic and
semantic similarity on LLM integration, we conducted an
ablation study by adjusting the a value to either 1 or 0 to
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compare the syntactic and semantic integration. Our find-
ings indicate that they yield comparable results, with only
minor variations in recall (0.77 vs. 0.78) for zero-shot and
precision (0.78 vs. 0.80) for few-shot learning. This shows
that the top outputs identified from the LLMs are nearly
identical when evaluated using either syntactic or semantic
similarity metrics. Figure 5 shows the ablation study result.

LLM Efficiency Comparison

The efficiency of the proposed method for processing the
transcribed text towards automated EMS EHR documenta-
tion is crucial, given the fast-paced nature of the EMS work
environment. Figure 6 compares the average time in sec-
onds required to process a transcribed conversation using
different LLMs and the LLM integration approach under
zero-shot and few-shot settings, respectively. Google Gem-
ini stands out as the most efficient model, with average pro-
cessing times of 0.83 s for zero-shot learning and 0.80 s for
few-shot learning. GPT-40 and Claude 3.5 exhibit moderate
processing times, with GPT-40 averaging 0.74 s in zero-shot
and 1.69 s in few-shot, while Claude 3.5 shows times of
1.41 s and 1.48 s, respectively. In contrast, due to the local
installation of LLaMA 3, it is the least.

efficient, with significantly longer processing times of
6.15 s in zero-shot and 16.18 s in few-shot scenarios. The
LLM integration framework, which runs all models in par-
allel, shows similar times to LLaMA 3.

Results of Preliminary User Evaluations

Table 6 outlines the necessary corrections to the extracted
information and identifies instances of failure to extract
relevant information. Most of the demographics and vital
signs (B.G.L., B.P., RESP, SpO2, temperature) were cor-
rectly documented. However, the extracted information
for fields such as airway, ECG, pulse, trauma, medication,
and treatment require validation before achieving a level of
accuracy sufficient for safe documentation. Some correc-
tions were required where certain extracted information was
assigned to incorrect EHR fields. For example, the phrase
“good chest rise” was initially categorized by the LLM
under the airway field, but domain experts recommended
it be assigned under lung sounds. Information related to
medication and treatment was the most frequently missed,
with 7 and 6 omissions, respectively. Some of these errors
and omissions arose from incorrect transcription caused by
unclear audio recordings (e.g., Medication D10W being
transcribed as VIOW), leading to incomplete or incorrect
contextual understanding. For medication, treatment, and
airway fields, half or one-third of the needed corrections
were due to transcription errors. Therefore, one domain



65

Page 11 of 19

(2025) 49:65

Journal of Medical Systems

G0'0>d ® 10§ [opowt jey} Suruiojrodiono Apueoyrugis st uonerdauy W7 1Byl
S91BOIPU] 4 ‘[(0°0>d € 10] [opou Jey) Sururi0}10d 1940 Appueoyrugis s1 uoeI3oju] N1 18yl SOIJIPUI 4, ‘PIoY YHH Surpuodsariod yoes 10} doueuriofrad 3saySiy oyl 9jed1pul s1oquinu pjog 910N

80 S8°0 18°0 1L°0 Lo Lo %69°0 x990 #%CL°0 #*%9°0 %*£9°0 #%C9°0 *[L°0 690 *1L°0 UBIPIIN-OI0EIN
80 88°0 <80 80 ¢80 80 #*%55°0 #*%89°0 #1970 #%7€°0 #*%8€°0 #*%9€°0 #%1L°0 w%LL°0 #xVL°0 SIUSWIFBAL],
LS80 76°0 68°0 980 L80 980 £€8°0 £€8°0 £€8°0 $8°0 ¥6°0 68°0 S8°0 £€6°0 68°0 euinely,
98°0 68°0 L8°0 780 160 88°0 80 88°0 $8°0 68°0 680 68°0 18°0 8L°0 6L°0 srmerodwa],
8L°0 1L°0 yL0 SLO $9°0 L0 %9°0 #7S°0 *LS°0 #%S°0 +*97°0 *87°0 89°0 89°0 89°0 20dS
98°0 80 80 %*L'0 890 %69°0 #%L°0 %*$9°0 #%L9°0 #*%85°0 %xC9°0 *%9°0 *€L°0 %99°0 %*L'0 dSHd
L0 L0 L0 99°0 L9°0 L9°0 L9°0 69°0 890 19°0 £9°0 290 Lo 80 SL°0 spidng
80 SL°0 8L°0 1L°0 90 890 *£9°0 90 290 %90 90 90 99°0 £9°0 ¥9°0 as[nd
£€8°0 S8°0 ¥8°0 L0 L0 Lo %90 #%19°0 *%C9°0 #x61°0 #%CC 0 #%C'0 89°0 69°0 89°0 d[yold juaned
1$°0 6£°0 1440) *9¢°0 %670 %*C€0 1340 €0 Se0 #xVC0 #%61°0 #x1C0 #x7€°0 670 *1€°0 AIOISTH [€9IPIIA ISEd
vL0 88°0 080 L9°0 £8°0 SLO §S0 #*%85°0 %9570 950 *19°0 8S°0 #x 110 *£5°0 *97°0 eIS [BIUN
85°0 1570 S0 #%£°0 %%V C0 *%9C°0 1570 £r'0 LY0 #%10°0 #%10°0 #%10°0 #%C€°0 *%8C°0 #%£°0 UonedIpoN
¥8°0 ¥9°0 €L°0 IL0 40 90 IL°0 4] 90 99°0 £9°0 ¥9°0 18°0 ¥9°0 1L°0 spunog Sun‘y
01 01 01 01 01 01 01 01 01 %*£8°0 %*£8°0 *£8°0 01 01 01 1opueH
650 S6°0 €L’0 €9°0 $6°0 9L°0 (40 18°0 90 ¥5°0 S6°0 69°0 650 S6°0 €L°0 014101309
68°0 L80 88°0 VL0 *CL'0 *€L°0 *LL0 9L0 9L°0 #xVL0 8L°0 *9L°0 %*6L°0 80 %870 (932 1eOH)DDH
18°0 98°0 80 #*%19°0 #*%€9°0 *xC9°0 #*%69°0 #%€L°0 #x1L°0 #*%56°0 #%LG°0 #*%95°0 #%CL°0 *LL°0 *¥L°0 swoydwAs ureidwo)
£6°0 86°0 96°0 86°0 86°0 86°0 L6'0 660 860 80 680 ¢80 €60 860 960 swiy [[yey Arefide)
¥8°0 LLO 18°0 80 €L’0 8L0 *SL°0 %990 %*L°0 %*L"0 %*L9°0 *89°0 LLO #*%C9°0 %69°0 d'd
$6°0 88°0 16°0 £6°0 L80 60 L80 €30 $8°0 780 *6L°0 %*C8°0 160 980 88°0 199
€L°0 €L°0 €L°0 #x7€0 *%8C0 #x1€°0 #xSY°0 #xLY0 #*%x97°0 650 19°0 90 #%CC 0 #%£C°0 #%xCC0 NdAV
€L°0 LLO SLO 19°0 £€9°0 790 €L°0 €50 790 18°0 88°0 $8°0 9°0 790 £9°0 SOIZIO[Y
¥9°0 6S°0 790 6¥°0 wo S¥0 *8€°0 %*C€0 *S€°0 #%¥C°0 *9C°0 #*%5C°0 LSO 150 S0 Kemiry
S6°0 160 €60 86°0 ¥6°0 96°0 68°0 $8°0 L8°0 680 680 68°0 60 L8°0 060 o8y
d bl 14 d ¥ 14 d ¥ Id d ¥ 4 d Y 4

uoneIgou] INT1 apne[) € VINETT e H Op-1dD QuweN pIdLld ¥HH

(SurureaT Joys-ma,) uostredwod pue uonenjeas soueuuojiad N t3|qeL

pringer

As



65 Page 12 of 19

Journal of Medical Systems (2025) 49:65

Table 5 Performance comparison on different medical scenarios

EHR Field Name 15-month-old with seizures

1-month-old with hypoglycemia

4-year-old with clonidine

ingestion
F1 R P F1 R P F1 R P

Age 0.89 0.87 0.93 0.94 0.91 0.98 0.94 0.94 0.94
Airway 0.60 0.67 0.55 0.69 0.66 0.75 0.56 0.55 0.62
Allergies 0.75 0.75 0.75 0.75 0.75 0.75 0.70 0.75 0.72
AVPU 0.57 0.55 0.58 0.56 0.53 0.60 0.89 0.93 0.88
B.G.L 0.94 0.93 1.00 0.84 0.84 0.86 0.89 0.87 0.97
B.P 0.84 0.81 0.91 0.74 0.73 0.78 0.78 0.77 0.83
Capillary Refill Time 1.00 1.00 1.00 1.00 1.00 1.00 0.88 0.92 0.86
Complaint/symptoms 0.83 0.86 0.85 0.87 0.90 0.88 0.77 0.82 0.74
ECG (Heart Rate) 0.85 0.85 0.90 0.88 0.89 0.91 0.84 0.85 0.89
Electrolytes / / / 0.63 0.95 0.59 / / /

Gender 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Lung Sounds 0.82 0.74 0.99 0.57 0.52 0.71 0.76 0.71 0.86
Medication 0.72 0.68 0.83 0.47 0.49 0.54 0.34 0.35 0.36
Mental State 0.73 0.85 0.75 0.79 0.88 0.77 0.73 1.00 0.62
Past Medical History 0.48 0.46 0.51 0.37 0.38 0.39 0.39 0.35 0.59
Patient Profile 0.83 0.85 0.83 0.77 0.81 0.77 0.88 0.88 0.89
Pulse 0.88 0.85 0.96 0.73 0.73 0.75 0.72 0.71 0.75
Pupils / / / / / / 0.70 0.74 0.70
RESP 0.80 0.76 0.90 0.80 0.80 0.82 0.86 0.89 0.88
SPO2 0.78 0.77 0.90 0.68 0.68 0.76 0.65 0.68 0.71
Temperature 0.97 1.00 0.96 0.57 0.75 0.51 0.79 0.74 0.90
Trauma 0.97 0.94 1.00 0.90 1.00 0.85 0.84 0.91 0.83
Treatments 0.84 0.88 0.86 0.80 0.89 0.80 0.78 0.85 0.79

expert pointed out that the correctness of the transcription
is critical for the following information extraction and EHR
documentation. This indicates that state-of-the-art LLMs
lacking deep EMS domain knowledge cannot match or sur-
pass the performance of human experts. Therefore, training
specialized LLMs for EMS documentation is necessary.
The survey responses show that all three domain experts
agreed or strongly agreed that the automated documenta-
tion process can significantly reduce documentation time
and ease the burden on EMS providers. They also viewed
the proposed LLM integration framework as a good start-
ing point, though some corrections may still be necessary.
The experts also agreed or strongly agreed that the EHR
automated documentation would integrate well into exist-
ing EMS workflow, if the need for corrections was mini-
mal. They emphasized that any information generated
automatically by the tool should be validated before final-
izing the documentation. The experts identified several
fields as critical to remain error-free, including medication,
past medical history, demographics (age, gender, aller-
gies), vitals (B.G.L., B.P., pulse, RESP, SpO2), and treat-
ment. One expert further noted that the current framework
focused only on the main EHR fields and recommended
adding fields such as appearance, EtCO2, and medication
response. The expert suggested that some existing extrac-
tions might be better categorized under these new fields. For

@ Springer

example, “cyanotic” should have been placed in a distinct
field labeled as appearance. The survey findings also sug-
gest that if this approach is integrated into a full end-to-end
system for automated EMS EHR documentation, human
oversight should be included to minimize errors and ensure
compliance with regulations. This oversight could take place
during a staging phase before the final submission into the
EHR system, where both the original transcribed conversa-
tion and the generated EHR entries are presented for expert
review. During this phase, reviewers can validate extracted
information, correct inaccuracies, and add any missing data.
Additionally, providing access to the original audio record-
ings is essential, allowing EMS providers to verify the tran-
scription when needed.

Discussion

Opportunities in the USE of LLM for Automating EHR
Documentation in Emergency Care Settings

Current manual and semi-automated methods for EMS doc-
umentation face several well-documented limitations that
hinder clinical efficiency, data quality, and provider satis-
faction. Manual documentation, which remains the domi-
nant method in many EMS systems, requires providers to
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Algorithm 1: LLM Integration towards EHR Documentation

Data: LLM output (/.. ... [,,) of each EMS EHR field.
n € {GPT — 1,Gemini, LLaMA 3, Claude 3}

Result: Final LLM output (/)
1 [, < null;

2 1+ 0

3 max_sim_score < —1;

4 while 7 < ndo

5 lotal_sim_score < ();

0 for j € {0,...,n— 1} do

7 if + # J then

8 | tolal_sim_score < lolal_sim_score + [(l;,1;):
9 end

10 end

1 if lotal_sim_score > max_sim_score then
12 max_sim.score < tolal_sim_score;

13 l, + ;;

14 end

15 t—1+1;

16 end

Fig. 5 Ablation study on syntactic and semantic LLM integration

recall and transcribe critical information after the clinical
encounter, often under time pressure or cognitive fatigue [0,
55]. This retrospective entry process introduces a high risk
of omission [8]. Studies have shown that key clinical fields
such as medication administration, patient history, and vital
signs are often inconsistently captured, leading to potential
gaps in continuity of care and patient safety risks during hos-
pital handoffs [8, 56]. Semi-automated approaches—such
as structured electronic templates or basic voice dictation
tools—attempt to alleviate some of this burden but remain
limited in scope and flexibility [ 14, 57]. These systems often
fail to capture the full richness of EMS narratives or adapt
to the variability in patient encounters. Collectively, these
limitations underscore the need for more intelligent, adap-
tive, and context-aware solutions, such as LLM-powered
documentation systems, which can better support timely,

accurate, and complete EHR generation in emergency medi-
cal settings.

This study demonstrates performance improvements
through the integration of pre-trained LLMs. In real-world
applications, LLM integration can leverage the strengths of
different fine-tuned LLMs, such as Me-LLaMA [58]. Given
that LLMs can be fine-tuned for various specific domains or
objectives, we believe integrating multiple LLMs can opti-
mize performance across groups of EHR fields to achieve
overall effectiveness. While this research proposes and
tests one method of LLM integration, there may be other
advanced approaches worth exploring based on the specific
needs of the application. Fine-tuning the LLMs with medical
terminology frequently used in EMS could further reduce
errors and enhance the accuracy of documenting the criti-
cal fields such as medication, past medical history, vitals,
and treatment. Deploying LLM models locally can improve
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Fig. 6 Efficiency comparison of the LLMs

processing speed, address token limitations, and maintain
data privacy—critical considerations in the clinical domain.

Automating EMS EHR documentation not only alleviates
the cognitive burden on EMS providers but also enhances
the completeness of records, which is critically needed for
pediatric EMS cases [59] and in urban fire-based non-trans-
porting EMS agencies [60]. Improved documentation com-
pleteness is essential, as it can significantly impact patient
outcomes. By providing more accurate and comprehensive
EHR fields, the framework can improve continuity of care,
as subsequent healthcare providers have access to precise

@ Springer

and up-to-date patient information. The future integration of
this LLM-based framework into EMS practice represents a
significant advancement in the use of Al for prehospital care,
potentially setting a new standard for real-time documen-
tation in EMS. In addition, mapping the extracted data to
Fast Healthcare Interoperability Resources (FHIR) standard
could also improve the generalizability and interoperabil-
ity of the proposed approach. [61, 62] Our preliminary user
evaluation study confirmed that domain experts recognized
the great potential of leveraging advanced LLMs to facili-
tate and potentially automate EMS EHR documentation.
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Table 6 Number of corrections EHR Field Name # of occurrence % of Correction % of Correction due ~ # of

needed for Documentation to Transcription Error Miss-

ing

Age 11 2/11(18.2%) 0 1
Airway 4 2/4 (50.0%) 1/2 (50%) 0
Allergies 1 0.0% 0 0
AVPU 5 1/5 (20.0%) 0 0
B.G.L. 7 0.0% 0 1
B.P. 6 0.0% 0 2
Capillary Refill Time 4 0.0% 0 0
Complaint/symptoms 37 6/37(16.2%) 1/6 (16.7%) 3
ECG (Heart Rate) 8 3/8 (37.5%) 0 1
Electrolytes 2 0.0% 0 0
Gender 2 0.0% 0 0
Lung Sounds 1 0.0% 0 1
Medication 26 8/26 (30.8%) 4/8 (50%) 7
Mental State 3 0.0% 0 2
Past Medical History 6 1/6 (16.7%) 0 1
Patient Profile 9 0.0% 0 1
Pulse 2 1/2 (50.0%) 0 1
Pupils 2 0.0% 0 0
RESP 11 0.0% 0 2
SPO2 5 0.0% 0 0
Temperature 6 0.0% 0 0
Trauma 2 1/2 (50.0%) 0 0
Treatments 56 12/56 (21.4%) 4/12 (33%) 6

Challenges and Considerations in the Use of LLM for
Automating EHR Documentation in Emergency Care
Settings

To fully harness the potential of LLM for automating EHR
documentation in real-world emergency care settings, sev-
eral challenges should be acknowledged and addressed.
For example, in our assessment, we found that LLMs can
introduce output inconsistency issues by creating additional
fields or categories. This could be due to the different train-
ing data used to pretrain the LLMs. While OpenAl, Google,
and Anthropic have not published much detailed training
data information, we hypothesize that GPT-40 and Claude
3.5 have a larger size of training data, which includes com-
mon medical domain knowledge. In addition, the LLM
seems to suffer from knowledge conflict issue [63]. The
LLM models that are pre-trained with a large data might
refer to their pre-trained knowledge rather than respecting
the information in the prompts. Like other use cases of the
LLMs, they struggle to prioritize tasks in long context [64]
and face in-context learning failure which is trigger by limi-
tation of the sequence length [65]. On the other hand, LLMs
not specifically tailored for the EMS context face challenges
in interpreting ambiguous medical abbreviations and are
less effective when relevant information is absent from the
conversation. These limitations challenge LLM integration,
although we believe that LLM integration can be optimized

further by considering these limitations. Potential solutions
include deploying EMS-specific LLMs trained or fine-tuned
on EMS data, developing a human-in-the-loop Al to sup-
port continuous performance improvement, and allowing
providers to make corrections during the documentation
finalization process.

Another key concern is the accuracy of current LLM
techniques in transcribing speech and extracting relevant
clinical information from fragmented conversations [57].
Establishing clear regulations and guidelines to determine
accountability in cases where LLMs inaccurately transcribe,
or extract information is crucial [66]. As one of the domain
experts pointed out, the accuracy of transcription by Al
tools is critical for subsequent information extraction and
the automation of EHR documentation. It is important to
recognize that accurate clinical information extraction for
various EMS EHR fields relies on the high performance of
speech recognition and transcription in the EMS domain.
Although our transcription was first done by an Al-based
transcribing tool then validated by human, some transcrip-
tion errors persisted, triggering subsequent errors in clinical
information extraction. Minimizing transcription errors is
therefore essential for automating EMS EHR documenta-
tion. Finally, as highlighted by our domain experts in the
preliminary evaluation, validating the accuracy of automati-
cally processed and completed information in EHRs is nec-
essary, as EMS providers are liable for the correctness of
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patient records (for billing or quality assurance purposes).
Therefore, it is essential to emphasize to care providers that
human validation remains a critical step in the process of
automated clinical documentation. This human oversight
helps prevent errors or biases that may arise from the sys-
tem or the LLMs.

Finally, the use of LLMs for automating documenta-
tion introduces critical ethical and legal challenges [14,
66]. Given the highly sensitive nature of EMS medical
records, strict adherence to privacy regulations—such as
the Health Insurance Portability and Accountability Act
(HIPAA) in the United States—is essential. Any future
deployment must ensure robust safeguards are in place,
including encrypted data transmission and secure storage
infrastructures. Accountability and liability also become
more complex in the context of Al-generated documenta-
tion [67]. Mistakes such as inaccurate or incomplete entries
could result in misinformed clinical decisions or even legal
disputes. To address this, transparent governance structures
must be established, clearly defining the responsibilities of
EMS providers, healthcare organizations, and technology
vendors. All Al-generated content should be flagged, audit-
able, and easily verifiable by clinicians to ensure safe and
accurate documentation.

Pathway for Real-world Deployment and
Implementation of LLM in Emergency Care Settings

Implementing LLMs to automate EMS documentation in
the real world is a complex task. It requires addressing not
only technical challenges—such as performance and accu-
racy—but also social and workflow considerations. These
include potential resistance to adopting new technologies
among providers and the need for alignment with fast-paced
clinical workflows [31,57, 66]. To address these implemen-
tation challenges, it might be useful to adopt a phased and
strategic implementation strategy [11]. The initial phase
should involve a limited pilot deployment with a small
group of EMS providers, allowing for controlled evalua-
tion and iterative refinement. This pilot phase will enable
thorough testing of the system’s usability, user acceptance,
technical performance, and integration with existing docu-
mentation practices [52]. Based on these insights, a broader
rollout can be pursued, supported by targeted training ses-
sions, human-in-the-loop validation, and continuous system
monitoring [10]. This incremental approach allows for early
issue detection, builds provider trust, and ensures safe and
effective adoption of LLM technology in EMS documenta-
tion workflows.

To maximize the impact of such systems, it is essential
to engage key stakeholders from the outset. EMS providers
and agencies stand to benefit from reduced documentation
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burden, improved workflow efficiency, and more accurate
records that enhance patient handoffs. Healthcare organiza-
tions and hospitals can gain from better continuity of care
and reduced risk associated with incomplete or delayed
EMS documentation. Technology developers and EHR
vendors can apply these findings to design and refine intel-
ligent documentation tools tailored to high-pressure, real-
time clinical environments. Researchers and educators may
also leverage this work as a foundation for future studies
on LLM applications in clinical documentation. To ensure
meaningful adoption and future innovation, collaboration
among these main stakeholders will be essential.

Lessons Learned and Limitations

Our evaluation revealed several key insights into the perfor-
mance and limitations of using LLMs for EMS EHR docu-
mentation. First, LLM performance varied notably across
different EHR fields. Structured data fields such as vital
signs were extracted reliably, while narrative-based fields
like chief complaint and treatment plan were more suscep-
tible to omissions or inconsistencies. This highlights a need
for better handling of complex, context-dependent language
within medical narratives.

Another critical lesson was the importance of transcrip-
tion accuracy. Even minor transcription errors introduced
during the upstream process often led to substantial down-
stream inaccuracies in the generated EHR content. Although
the transcriptions used in this study were reviewed by
experts, we did not formally quantify transcription accuracy,
and small errors may have affected the evaluation results.

In the EMS domain, treatment and medication deci-
sions are typically guided by the patient’s condition and
state-specific EMS protocols, which vary depending on
local policies. However, there is a lack of publicly available
EMS data suitable for fine-tuning LLMs for this specialized
domain. As a result, even the most advanced LLMs often
lack the deep domain knowledge needed to accurately iden-
tify certain details, particularly specific treatments or medi-
cations—leading to lower performance in these areas.

In practical settings, clinical transcripts frequently include
multiple references or questions about specific details, such
as a patient’s previous medical history, choices concerning
medication dosages/routes, and treatment strategies. As the
conversation evolves, these mentions might slightly differ.
Typically, for EHR documentation, only the final, agreed-
upon information is recorded. Our existing approach does
not automatically amalgamate these occurrences, which
could result in redundant or conflicting records in the
EHR unless meticulously handled. This also suggests that
future work should focus on developing more sophisticated
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methods to consolidate and record only the final, clinically
agreed-upon information in the EHR.

Additionally, our current study focused on mapping
extracted data to a core set of EMS EHR fields. Fields
such as patient appearance—identified as clinically impor-
tant by domain experts during our user evaluation—were
not included but should be considered in future research to
expand the coverage and clinical utility of the system.

While our experiments centered on the EMS domain, the
proposed computational framework is adaptable to other
healthcare contexts, such as office-based clinical visits.
However, different specialties often require unique docu-
mentation structures and field definitions. As such, infor-
mation extraction prompts and model configurations need
to be adapted accordingly. Fine-tuning the framework with
domain-specific LLMs could further enhance performance
in these alternative medical settings.

Conclusions

This study provides a comprehensive evaluation of the
potential for using LLMs to automate EHR documentation
in emergency care settings, such as EMS. By assessing the
performance of four advanced LLMs—GPT-40, Gemini,
LLaMA 3, and Claude 3.5—under both zero-shot and few-
shot learning paradigms, we identified the strengths and
limitations of each model in accurately extracting clinical
information from transcribed EMS conversations. We also
introduced a novel LLM integration framework that com-
bines the outputs of multiple models to enhance the overall
accuracy of data extraction across various EMS EHR fields.
Our findings demonstrate that this integrated approach
generally outperforms individual models, offering a more
robust solution for supporting clinical documentation in
real-time, high-stakes environments like EMS. By advanc-
ing the development and integration of LLMs in EMS set-
tings, this research paves the way for leveraging advanced
Al and LLM techniques to achieve more efficient, accurate,
and timely documentation processes, ultimately enhancing
the quality of emergency care. The real-world implemen-
tation of this automated EMS EHR documentation system
will be pursued in future research, where it will be com-
pared against traditional expert-generated documentation.
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