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Abstract
This study investigates the potential of advanced automatic speech recognition 
(ASR) technology for transcribing and recognizing medical information during 
patient encounters, with the aim of enabling real-time clinical documentation to 
alleviate clinicians’ workload. While ASR holds promise, its effectiveness in noisy 
and dynamic medical settings, such as emergency medical services (EMS), remains 
underexplored. To address this, four ASR engines—Google Speech-to-Text Clini-
cal Conversation, OpenAI Speech-to-Text, Amazon Transcribe Medical, and Azure 
Speech-to-Text—were evaluated using 40 EMS simulation recordings. Transcrip-
tions were analyzed for accuracy across 23 electronic health record (EHR) catego-
ries relevant to EMS. Google Speech-to-Text Clinical Conversation showed the best 
overall performance, excelling in categories such as “mental state” (F1 = 1.0), “aller-
gies” (F1 = 0.912), and “electrolytes” (F1 = 1.0). However, all engines struggled 
with critical EMS categories like “airway” (F1 = 0.524) and “pupils” (F1 = 0.542). 
These findings highlight the limitations of current ASR technologies and the need 
for further advancements to improve accuracy and usability in time-sensitive and 
high-pressure medical environments.
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1  Introduction

Clinical documentation is a critical but time-consuming and challenging task in 
healthcare. While electronic health records (EHRs) have been widely adopted to 
streamline this process, they have contributed to increased clinician burnout [1], 
reduced time spent on patient care [2], and lower patient satisfaction [3]. These 
unintended consequences of EHR use are particularly evident in time-critical and 
dynamic settings, such as emergency medical services (EMS), where clinicians 
operate in fast-paced, high-pressure, out-of-hospital environments [4–6].

During EMS care, real-time clinical documentation using handheld EHR 
systems (e.g., tablet devices) is often impractical for various reasons [7, 8]. For 
instance, EMS clinicians are typically both physically and cognitively occupied 
with high-acuity patients and hands-on care activities, limiting their capacity 
to use handheld EHR systems in real time to document all necessary informa-
tion. Furthermore, the interruptive nature of EMS work, often caused by patients 
and family members, further complicates the documentation task. As such, EMS 
clinicians often delay documentation until after the patient has been handed off 
to the receiving hospital team [8]. However, this practice is a primary cause of 
incomplete, delayed, or erroneous documentation in EMS [9]; for example, nearly 
40% of fields on EMS records have been reported to contain missing or incor-
rect information [10]. These findings reveal that the current design of handheld 
EHR devices is not suited well to the highly dynamic, hands-busy EMS work-
flow, highlighting the need for novel approaches to address longstanding issues in 
clinical documentation in EMS and other time-critical medical settings.

Researchers have proposed using automatic speech recognition (ASR) tech-
nologies, powered by natural language processing (NLP) techniques, to automate, 
at least in part, clinical documentation [11, 12]. These technologies enable cli-
nicians to dictate patient information into the free-text fields of the EHR. They 
can also record and process conversations during patient-provider encounters to 
extract and summarize relevant clinical information, which could, for instance, be 
used to populate specific EHR fields, create billing codes, and generate decision 
and diagnostic support.

Earlier research on ASR technologies has reported mixed findings regarding 
their effectiveness for clinical documentation [12]. For example, several stud-
ies reported reductions in documentation time (e.g., by 19 to 92%) [13, 14] and 
turnaround time (often by over 90%) [15], while other studies noted increases 
in documentation time, ranging from 13.4 to 200% [16, 17]. It is worth noting 
that these studies evaluated ASR technologies developed prior to the exponential 
advancements in artificial intelligence (AI). Today’s advanced AI-powered ASR 
tools, offered by companies such as Google [18] and Amazon [19], are expected 
to significantly improve clinical documentation. However, most studies evaluating 
these tools have been conducted in quieter medical settings, such as patient exam 
rooms or doctors’ offices, and have primarily focused on one-on-one interactions, 
such as those between a physician and a patient during clinical encounters [11, 
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20, 21]. As a result, their performance in dynamic, noisy, and multi-speaker envi-
ronments, like EMS settings, remains largely unexplored.

In this study, we report an empirical assessment of how four commercially avail-
able AI-powered ASR engines perform in transcribing and recognizing medical 
information from 40 audio recordings of high-fidelity EMS simulations. We aim to 
address the following research questions through this work: (1) How effectively do 
AI-powered ASR engines transcribe and recognize clinically relevant information in 
dynamic and noisy emergency care environments? (2) What are the common types 
of transcription errors made by ASR engines in EMS settings? Answering these 
research questions can inform the further development and improvement of AI-pow-
ered ASR tools to support real-time clinical documentation in dynamic and noisy 
medical settings.

2 � Methods

2.1 � Automatic Speech Recognition Engines Evaluated

This study focuses on evaluating the potential of leveraging ASR engines to facili-
tate clinical documentation in emergency care settings, such as EMS, which are 
often noisy, dynamic, and involve multiple care providers in the care process, as 
opposed to quiet care settings such as medical exam rooms or doctor’s offices. Based 
on our research and literature review at the time of this study (April 2023), we iden-
tified Google Cloud Speech-to-Text [22] with the medical conversations model, 
OpenAI automatic speech recognition model Whisper [23], Amazon transcribe 
medical with conversation model [19], and Microsoft Azure Speech-to-Text [24] as 
among the most advanced commercial ASR engines publicly available for evalua-
tion. This selection was based on several key factors, including general performance 
metrics such as accuracy, robustness in handling complex medical vocabulary, sup-
port for conversational speech in clinical contexts, and availability of specialized 
models for medical transcription [25–28]. We refer to these four ASR engines in the 
following content as “Google ASR,” “Amazon ASR,” “OpenAI ASR,” and “Azure 
ASR,” respectively.

2.2 � Evaluation Dataset

The assessment data were generated from 40 audio recordings of high-fidelity EMS 
simulations that were conducted in a mobile simulation laboratory that was outfit-
ted to resemble the back of an ambulance [29]. The simulation scenarios varied by 
clinical conditions and required treatments, including a 15-month-old with seizures, 
a 1-month-old with hypoglycemia, and a 4-year-old with clonidine ingestion. The 
simulations used high-fidelity patient mannequins, which could be programmed to 
follow a sequence and even respond to interventions performed by the team of par-
ticipants. Four to six participants were involved in each simulation. The participants 
were active, full-time EMS clinicians working for a large fire-based EMS service. 
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These simulations replicated the dynamic EMS environment, including background 
noise (i.e., from a distraught parent), overlapping speech from multiple speakers, an 
unpredictable need for clinical care, and the varied composition of the team work-
ing together. The simulation laboratory was outfitted with three cameras (one above 
the team, one at the foot of the patient, and one at the head of the patient) to capture 
different angles of the simulation and with a single microphone to capture audio. 
A facilitator at an audio-visual control station ensured continuous audio and video 
feeds and monitored participants’ audibility.

The simulation recordings were transcribed by professional transcriptionists and 
verified by medical experts as part of our previous project examining EMS workflow 
[30, 31]. These transcripts serve as the ground truth for evaluating the ASR engines. 
The length of the video recordings of simulations varies, ranging between roughly 
9 and 14 min (with an average length of 658.925 s, or close to 11 min). The average 
word count in the transcribed ground truth is about 1307. Although there were only 
three different clinical scenarios, participants had to manage multiple patient condi-
tions within each scenario, such as cough, congestion, fever, and seizure. Table 1 in 
the supplemental materials provides detailed information about each recording. The 
Institutional Review Board of Pace University thoroughly reviewed the study proto-
col and determined it to fall under the category of nonhuman subjects’ research.

2.3 � Annotation Process for Classifying the Transcribed Ground Truth into EMS 
EHR Fields

The main objective of this research is to assess and compare the ability of different 
AI-powered ASR engines towards accurately transcribing content associated with a 
set of structured fields within the general EMS EHR. Examples of such structured 
fields include “age,” “gender,” “past medical history,” and “allergies.”

We used a multi-step process to annotate the ground truth transcripts. First, we 
identified and created a list of typical structured fields in EMS EHR systems and 
categorized them into five high-level categories (Table 1)—“ePatient,” “eHistory,” 
“eVital,” “eSituation,” and “eMedication”—based on the examination of two EMS 
EHR systems’ structures (ESO and Epic) as well as the National EMS Information 
System (NEMSIS) data structure [32]. The NEMSIS data structure is a standardized 
framework for collecting, storing, and sharing EMS data across various agencies 
and healthcare facilities in the USA, allowing EMS clinicians to document patient 
care and outcomes in a structured and uniform manner.

After this step, two annotators (ZZ and LZ) independently annotated six ground 
truth transcripts from three different scenarios (two transcripts for each scenario) by 
marking content that belongs to these structured fields. In this step, we calculated 
the inter-rater agreement using Cohen’s kappa coefficient; two annotators achieved 
an “almost perfect agreement” on the mapping between content and EHR fields 
(kappa value is 0.80). All disagreements between the annotators were resolved in 
meetings that involved a third annotator (XL).

Afterwards, a data dictionary, as shown in Table 1, was created, which includes 
five high-level categories along with the corresponding EMS EHR fields under each 
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category, as well as annotated examples. Finally, one annotator (LZ) annotated the 
rest of the transcripts based on the data dictionary, while another annotator (ZZ) 
reviewed all the annotations to ensure correctness and consistency of annotation 
across all 40 transcripts. It is worth noting that the annotation process was iterative 
and collaborative, involving back-and-forth correction of previous annotations.

2.4 � Automated Content Extraction from ASR Transcribed Text for Performance 
Evaluation

The primary goal of this research is to evaluate whether the ASR system accu-
rately transcribes information for clinical documentation. Medical conditions can 
be described differently in various contexts; for instance, “high blood pressure” 
and “hypertension” may appear in separate scenarios. As long as the ASR sys-
tems transcribe these terms correctly, they can be documented appropriately. This 
study does not involve any additional steps for medical term normalization. To 
determine the ASR engine’s ability in transcribing clinically relevant information 

Table 1   Categories and fields of data annotation with exemplars

Category EMS EHR fields Example

ePatient Gender Male
Age 15 month old
Family information Has 3 year old brother

eSituation Complaint/symptoms Vomiting, diarrhea
Lung sounds Clear
Mental state Fussy
Trauma No signs of trauma
Airway Clear

eHistory Allergies Never had any allergies
Past medical history ADHD

eVital AVPU (alert, verbal, pain, unrespon-
sive)

Only responds to painful stimulus

BGL (blood glucose level) 100
BP (blood pressure) 58 over 36
Capillary refill time 6 s
ECG (heart rate) 190
Electrolytes Potassium
Pupils A little dilated and slow to respond
Pulse 190
RESP (respiration rate) 22 to 26
SPO2 (oxygen saturation) 100%
Temperature 98.4

eMedication Medication D10 20 ml
Treatment Put on mask to help breathing
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associated with structured fields in the EMS EHR, an automated content extrac-
tion framework is designed, shown as Fig. 1. This extraction framework aims to 
identify transcribed text that aligns with the annotated ground truth transcription. 
First, the timestamp of the ground truth transcription that contains the annotated 
content belongs to the EHR fields and is used to locate the searching span of 
the text analysis. For example, if the ground truth transcription contains anno-
tated age information, based on the timestamp of the transcription, we located 
the initial timestamp of the ASR transcribed data. From the initial timestamp, we 
included five ASR transcribed chunks or sentences before and after that times-
tamp for the text analysis. Then, a sliding window of length n that matches the 
number of words in the annotated content is used to generate candidate content 
for extraction from the ASR transcribed sentences for similarity measurements. 
The sliding window does not cross punctuation tokens. For example, to match 
annotated age “one month old” in the ground truth transcription, a sliding win-
dow of length 3 can be applied to text “All right, so this is Susie, one month old.” 
to generate the following candidates “so this is,” “this is Susie,” and “one month 
old.”

The string similarity metric Levenshtein distance was employed in this study 
to identify the most suitable matches in the ASR transcribed data compared to 
the annotated ground truth transcriptions. The Levenshtein distance serves as a 
metric for quantifying the dissimilarity between two sequences of words. This 
metric calculates the minimum number of edits required to transform one word 
sequence into another. The permissible edits include inserting, deleting, or sub-
stituting different letters or words. The FuzzyWuzzy ratio function [33] was used 
to estimate the Levenshtein distance similarity ratio between a candidate and 
annotated ground truth. The candidate demonstrating the highest Levenshtein dis-
tance similarity ratio was chosen as the best match and utilized for quantitative 
evaluation. Human evaluation of selected samples indicates that the Levenshtein 

Fig. 1   A text analysis framework to extract the matching content
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distance similarity ratio effectively identifies the most similar text strings when 
they contain the same number of words without considering semantic similarity.

2.5 � ASR Performance Evaluation Methods

Two performance evaluation methods were employed to evaluate the extracted con-
tent against the annotated ground truth.

Named Entity Recognition‑Based Evaluation Metrics  After the matching content 
is extracted, the traditional evaluation metrics that are applied for NER tasks were 
used for evaluation [34–36]. All extracted content is converted into words. Then, the 
word-based precision (P), recall (R), and F1 are calculated for each category of the 
structured fields.

Semantic Similarity‑Based Accuracy Measurement  For the semantic evaluation, 
cosine similarity between the embeddings of the annotated ground truth and the best 
matching candidate is calculated. In this research, the sentence-BERT [23] was used 
to generate the embeddings. If the cosine similarity is above the threshold 0.8, it is a 
correct match. The calculated accuracy for each category of the structured fields is 
based on the frequency of the correct match.

3 � Results

3.1 � Descriptive Statistics of the Evaluation Data

The ground truth transcription of the 40 audio recordings contained between 744 
and 1957 words (mean 1340.5, Std 297.57). The number of speakers in each record-
ing ranged from 4 to 8 (mean 6, Std 1.02). The duration of the reenacted audio 
recordings was between 528 and 928 s (mean 652.5, SD 86.58).

The detailed statistics of the annotated data can be found in Table 2. One inter-
esting observation is that the total number of occurrences in each EHR field varies. 
The most frequent fields are “complain/symptoms,” “medication,” and “treatment,” 
whereas the less frequent fields are “mental state” and “electrolytes.” Some catego-
ries occur in more than 87.5% of the recordings, such as “age,” “complain/symp-
toms,” “past medical history,” “BP,” “ECG,” “RESP,” “medication,” and “medica-
tion equipment.” Another interesting observation is that the average length of the 
annotated content in most fields is no more than three words. The category “trauma” 
has the longest average description, with 3.89 words, possibly because it often has 
detailed descriptions about the patient’s situation after the examination.

3.2 � ASR Efficiency Comparison

The average length of the audio files is 660 s. We assessed the efficiency of differ-
ent ASR engines in transcribing these audio files. The average processing times for 
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individual audio files using Google ASR, OpenAI ASR, Amazon ASR, and Azure 
ASR were 211.39, 265.05, 32.38, and 331.21 s, respectively. Notably, Amazon ASR 
demonstrated significantly faster performance compared to the other three services, 
potentially due to its more efficient batch processing capabilities.

3.3 � ASR Performance Evaluation and Comparison

To evaluate the overall performance of the ASR engines in transcribing the EMS 
simulation recordings, we first applied the word error rate (WER) [37] metric to 
each recording. The results showed WER of 4.54, 2.95, 2.65, and 2.44 for Google 
ASR, OpenAI ASR, Amazon ASR, and Azure ASR, respectively. A higher WER 
indicates lower performance. Upon further analysis, we discovered that Google 
ASR transcribed more non-lexical conversational sounds than other ASR engines, 
such as “Uh-uh” within the content, which contributed to its higher WER. Since 
WER is a generic evaluation metric without focusing on clinical information, further 

Table 2   Statistics of the annotated transcription data

Category EMS EHR fields Total # 
occur-
rences

% of recordings Max # occurrences 
in each recording

Average 
length by 
words

ePatient Gender 26 62.5% 2 1.00
Age 92 100% 5 2.47
Family information 22 30% 4 3.59

eSituation Complaint/symptoms 379 100% 22 2.88
Lung sounds 37 47.5% 5 2.35
Mental state 1 2.5% 1 1.00
Trauma 27 30% 5 3.89
Airway 14 25% 2 3.07

eHistory Allergies 21 42.5% 2 2.38
Past medical history 190 92.5% 15 2.77

eVital AVPU 105 85% 7 2.87
BGL 68 80% 4 1.38
BP 158 92.5% 12 2.61
Capillary refill time 15 27.5% 4 2.13
ECG 108 87.5% 11 1.73
Electrolytes 3 2.5% 3 1.00
Pupils 11 15% 4 2.54
Pulse 69 65% 7 1.84
RESP 119 87.5% 11 2.81
SPO2 69 72.5% 8 1.55
Temperature 37 50% 4 1.86

eMedication Medication 457 100% 26 2.64
Treatment 417 97.5% 24 2.42
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comparisons of these ASR engines’ capabilities in correctly transcribing clinical ter-
minologies for clinical documentation are needed.

Table 3 presents the performance of the four ASR engines in transcribing content 
within EMS EHR categories, evaluated using NER-based metrics. The results indi-
cate that Google ASR outperformed the other three ASR engines in most catego-
ries and overall. However, compared to Google ASR, the other three ASR engines 
performed slightly better in transcribing information for certain categories, such as 
“gender,” “age,” and “airway.” Amazon ASR performed significantly better than 
the others in transcribing “gender” information. Upon investigation, we found that 
“male” was often transcribed as “mail” by Google ASR and OpenAI ASR. All ASR 
engines performed well in transcribing information about “electrolytes.” This may 
be due to fewer instances in the evaluation data, and the relatively short description 
of “electrolytes.” OpenAI ASR demonstrated higher performance in the “airway” 
category, which typically has an average length of more than three words.

Table  4 shows the performance comparison based on the semantic similarity 
evaluation. Google ASR still achieved the highest average performance. The perfor-
mance of Google ASR in categories such as “past medical history,” “ECG,” “medi-
cation,” and “treatment” showed greater improvement compared to the other catego-
ries when semantic similarity evaluation was used. Through our investigation, we 
discovered that semantic measurement could identify cases where transcribed words 
had similar meanings to the ground truth, even if the words were not an exact match. 
For example, if the ground truth was “diarrhea for the past two days,” and the tran-
scribed word was “diarrhea for the past few days,” the semantic similarity between 
these two phrases was more than 0.9, and it was counted as a correct case. On the 
other hand, the performance in the “pupils” category remained low even though 
semantic measurements were used.

In addition to the performance on EMS EHR categories, we also assessed the 
ASR engines’ performance in transcribing content within these categories for each 
individual recording. The number of entities in each EMS EHR category varied 
between recordings. We calculated precision, recall, and F1 scores using NER-based 
metrics for all entities in each recording, then averaged these scores across entities 
to determine the performance for that recording. Finally, we averaged the perfor-
mance across all 40 recordings to compare the ASR engines. The results are shown 
in Table 5. Similar to the performance on EMS EHR categories, Google ASR per-
formed better than the others.

3.4 � Types of Errors in Transcribing

Given that the ASR did not perform well for some EHR categories, we analyzed the 
errors and grouped them into three types: substitution (the transcribed word is dif-
ferent from the ground truth), approximation (the transcribed word differs by a few 
characters from the ground truth, but has a similar pronunciation), and truncation 
(the transcribed word omits certain characters from the ground truth). These error 
types were used in the literature [11] to summarize and categorize speech recogni-
tion errors.
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Table 6 provides representative examples of these error types. The first five cases 
show substitution errors, where the transcribed word(s) differ from the ground truth 
conversation. In other words, most of these errors alter the meaning of the origi-
nal words, which could result in wrong documentation in the EHR. The next four 
cases are examples of approximation errors, indicating that the ASR transcribed 

Table 4   Performance comparison of the ASR engines using semantic similarity-based accuracy (similar-
ity ≥ 0.8)

The numbers in bold highlight the best performance of each category

EMS EHR fields Google ASR OpenAI ASR Amazon ASR Azure ASR

Gender 0.771 0.778 0.998 0.954
Age 0.800 0.639 0.819 0.838
Family information 0.814 0.801 0.739 0.804
Complaint/symptoms 0.731 0.759 0.660 0.749
Lung sounds 0.741 0.639 0.639 0.700
Mental state 1.000 0.984 0.965 0.984
Trauma 0.753 0.806 0.724 0.739
Airway 0.648 0.733 0.485 0.586
Allergies 0.903 0.834 0.787 0.838
Past medical history 0.834 0.695 0.597 0.756
AVPU 0.736 0.678 0.686 0.720
BGL 0.896 0.800 0.816 0.815
BP 0.785 0.657 0.742 0.730
Capillary refill time 0.762 0.913 0.779 0.744
ECG 0.855 0.736 0.702 0.793
Electrolytes 1.000 1.000 1.000 1.000
Pupils 0.594 0.595 0.658 0.675
Pulse 0.807 0.656 0.668 0.739
RESP 0.792 0.622 0.737 0.736
SPO2 0.728 0.635 0.726 0.717
Temperature 0.790 0.759 0.724 0.824
Medication 0.711 0.649 0.616 0.639
Treatment 0.683 0.636 0.611 0.636
Average 0.789 0.739 0.734 0.770

Table 5   Comparison of average 
ASR engine performance across 
all recordings using NER-based 
metrics

The numbers in bold highlight the best performance of each metric

ASR engine F1 R P

Google ASR 0.643 0.645 0.643
OpenAI ASR 0.502 0.502 0.502
Amazon ASR 0.490 0.490 0.489
Azure ASR 0.495 0.495 0.496
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words into ones that sound similar but have totally different meanings. In the medi-
cal domain, transcribing “hypertension” as “hypotension” or “hypoglycemia” as 
“hyperglycemia” would raise critical concerns. In the truncation error type, as dem-
onstrated in the last three cases, instances of non-exact matches—even when only 
one character is omitted in the transcription—could potentially lead to a completely 
different representation of the patient’s situation. For instance, the acronym “OPA” 
stands for oropharyngeal airway, but the transcribed phrase “OP” omits the charac-
ter “A,” leading to an inaccurate representation of the patient’s status.

4 � Discussion

With the growing interest in leveraging ASR engines to facilitate and automate clin-
ical documentation, a few studies have examined and evaluated their performance 
in recognizing medical information and automating (part of) clinical documentation 
during patient-provider encounters. For example, Tran et al. [20] assessed the per-
formance of two ASR engines (Google Speech-to-Text Clinical Conversation and 
Amazon Transcribe Medical) in recognizing non-lexical conversational sounds (e.g., 
“Mm-hm,” “Uh-uh”) during primary care encounters. In a similar vein, a few other 
studies [11] have used and evaluated ASR engines for transcribing clinical conversa-
tions in domains such as primary care [18], orthopedic encounters [38], home hemo-
dialysis [39], and telemedicine [40]. However, these prior studies were primarily 
conducted in quieter medical settings, such as patient exam rooms, and focused on 
transcribing and summarizing one-on-one patient-clinician interactions. The perfor-
mance of ASR engines in more dynamic, noisy, and fast-paced environments involv-
ing conversations among multiple individuals (including care providers, patients, 
and patients’ caregivers) has been understudied. To the best of our knowledge, this 

Table 6   Examples of the transcribing errors in each type

Error type Category Ground truth conversation Transcribed text

Substitution AVPU Responsive Responding
AVPU Crying Trying
Complaint/symptoms Cyanosis Diagnosis
Medication Clonodine Klonopin
Treatments Glucometer Glucose

Approximation SPO2 Capnography Catnography
Medication Catapres Cataphras
Complaint/symptoms Hypertension

Syncope, bradycardia
Hypotension
Syncope, bradycardia

Complaint/symptoms Hypoglycemia Hyperglycemia
Truncation Complaint/symptoms Asystolic period Systolic period

Treatments Cardiovert Cardio
Treatments OPA OP
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study is the first to examine commercially available AI-powered ASR engines for 
transcribing clinical conversations in dynamic emergency medicine settings.

Our evaluation results show that the overall quality of the transcripts generated by 
current state-of-the-art ASR engines falls short in accurately transcribing and recog-
nizing medical information in the busy and noisy EMS environment. All of the ASR 
engines encountered difficulties recognizing information in key EMS EHR fields, 
such as “airway” and “pupils.” Upon investigation, we found that certain words in 
these categories were not accurately transcribed. For instance, “good chest rise” in 
the “airway” category was transcribed as “good chest wise,” and “nonreactive when 
I looked” in the “pupils” category became “nonreactive where there was.” After 
investigation of two human annotators, these transcription errors could be attributed 
to the noisy EMS environment and the speakers’ volume levels. Since all recordings 
involved four or more EMS clinicians and had relatively equivalent complexity in 
medical scenarios, we did not find a direct relationship between the ASR transcrip-
tion performance and the number of involved EMS clinicians or the complexity of 
the medical scenarios.

For all four ASR engines, a number of pieces of content containing clinically 
relevant information were truncated, with many being replaced by irrelevant words, 
particularly within categories “complaint/symptoms,” “treatment,” and “medica-
tion.” This finding aligns with the existing literature [41–43], which suggests that 
without adding clinical context to refine the models, ASR engines are likely to have 
difficulties in recognizing “complaint/symptoms,” “treatment,” and “medication,” 
even when some of it appears frequently in the recordings. Our examination of the 
40 EMS audio recordings indicates that over 87.5% of communications during EMS 
scenes contain clinical information within these categories (“complaint/symptoms,” 
“treatment,” and “medication”). Accurate documentation in these fields is therefore 
essential, especially for downstream tasks such as generating real-time decision 
support to enhance EMS care. Failure to capture such information correctly could 
lead to inaccuracies in clinical documentation and potentially adverse patient safety 
incidents.

The results of this study indicate substantial potential for improving state-of-
the-art ASR engines in accurately recognizing clinical information in EMS com-
munication, especially with the advance of AI and advanced large language models 
(LLMs), such as GPT-4 [44], Me-Llama [45], and others. More specifically, LLMs 
can be finetuned to correct transcription errors by leveraging medical knowledge 
and context to accurately extract the clinical information [46, 47]. For example, 
LLMs could be fine-tuned to modify transcribed text from “heart rate 90 to 105. 
Fifty-five to 70. Blood pressure is systolic. Hypertensive, tachycardia, just dehy-
drated” to “heart rate, 90 to 105. Fifty-five to 70. Blood pressure is systolic. Hypo-
tensive, tachycardia, just dehydrated,” based on range of blood pressure according 
to the health guidelines. Additionally, LLMs can be finetuned to identify the correct 
numeric value (e.g., “fifty-three over twenty-eight”) when provider spoke a wrong 
value followed by a correct one (e.g., “Fifty-three over 25 … Twenty-eight”). Our 
future strategy involves creating a training dataset that encompasses the common 
errors made by ASR engines in the EMS context. This will enable us to fine-tune 
LLMs to identify errors based on context, ensuring not only accurate transcription 



Journal of Healthcare Informatics Research	

but also capturing the intended words and conveyed meaning effectively. Addition-
ally, our future work also includes field testing to assess the performance of fine-
tuned LLMs in transcribing real-time clinical conversations in dynamic and noisy 
environments such as EMS.

However, despite the great potential of ASR engines and LLMs in transcribing 
clinical conversations and automating EHR documentation, there are several consid-
erations for fully implementing such technology in real clinical settings. For exam-
ple, the accuracy of current ASR engines in transcribing spontaneous speech and 
extracting relevant clinical information from fragmented conversations has been a 
concern for many healthcare clinicians [48, 49]. Therefore, human validation is still 
required in the process of automated EMS clinical documentation to prevent any 
errors or biases that may arise from the system or LLMs [50–52]. Future work can 
look into whether the human validation task increased the documentation time, as 
prior work found that editing ASR-generated reports took longer than traditional dic-
tation and transcription [53]. Another consideration is related to user acceptance and 
usability of such tools, that is, whether these tools are perceived to be easy to use 
and useful, and how adopting them can impact clinicians’ workflow. Limited work 
has engaged end-users in evaluating ASR engines, with only two exceptions where 
a qualitative evaluation with end-users was conducted to elicit clinicians’ experience 
with using such tools [39, 40]. Future work should take a human-centered approach 
to systematically evaluate the tools’ usability, clinical validity, and impact on clini-
cal workflow. Finally, as some medical settings (e.g., EMS) do not have a dedicated 
role for documentation and require clinicians to be hands-on almost all the time [7], 
it is critical to consider how to facilitate the use of ASR tools in such dynamic and 
hands-busy environment. Recent work has proposed using wearable devices (e.g., 
smart glasses [54]) to enable hands-free clinical documentation. Future work can 
explore the potential of combining ASR engines with hands-free, wearable devices 
integrated with EHR systems to better support real-time transcription and documen-
tation in dynamic and hands-busy medical settings.

There are several limitations in this study. First, only three clinical scenarios were 
used in the simulations, and only 40 audio recordings from EMS training simula-
tions were utilized to assess the ASR engines. The relatively limited sample size 
might affect the generalizability of our findings. However, the use of three distinct 
clinical scenarios and having multiple groups of EMS clinicians perform each sce-
nario may better isolate ASR performance issues arising from the technology’s 
intrinsic limitations rather than scenario-specific factors. Second, our results might 
not accurately reflect the actual performance of ASR systems when applied to real 
EMS environments, which are subject to various complicated factors, including pos-
sible more interruptions, variations in communications between patients and clini-
cians, and the potential for increased outdoor noise levels, and operating in a moving 
vehicle. These conditions are expected to present greater challenges and may lead 
to lower ASR performance. Third, our study only evaluated four ASR engines. We 
acknowledge the existence of other initiatives led by academic institutions and com-
panies (such as tecdoc.ai) aimed at developing next-generation ASR engines tailored 
for clinical documentation. However, some ASR engines did not provide an open 
API for evaluation. Finally, our assessment focused on evaluating the transcription 
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of conversations specifically in the pediatric EMS context. Further research is 
needed in other noisy and dynamic settings, such as emergency departments and 
trauma resuscitations, where more complex teams are present. Additionally, evalu-
ation of generalizability to the adult EMS context is necessary, given that clinical 
terms in different medical contexts may have varying meanings.

5 � Conclusion

We assessed the performance of four contemporary ASR engines in analyzing con-
versations within EMS care to determine the potential of using such technology to 
facilitate and even automate real-time clinical documentation. Our results indicate 
that the Google ASR engine outperformed the other three ASR engines in recogniz-
ing clinical information across most categories in EMS EHR. However, the overall 
performance of all engines remains suboptimal, with significant clinical information 
often omitted or replaced with irrelevant words. Such errors can result in missing or 
incorrectly interpreted patient information and treatment during EMS care. There-
fore, there is a need to improve the performance of ASR engines to ensure accurate 
recognition of all critical clinical information, enabling effective automated docu-
mentation in the EMS setting. Future work should focus on enhancing ASR accu-
racy to minimize recognition errors and reduce patient safety risks associated with 
EMS clinical documentation technology.
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