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ABSTRACT

Objective: Carbon monoxide (CO) poisoning requires rapid
identification and timely decisions regarding the need for
hyperbaric oxygen therapy (HBOT) to improve clinical
outcomes. This study aimed to compare the decision-making
performance of emergency medical services (EMS) personnel
and large language models (LLMs) in accurately determining
the need for HBOT during the prehospital phase of CO
poisoning cases, and to explore the potential implementation of
LLMs as decision-support tools for patient triage and referral.

Material and Methods: In this prospective, simulation-based
diagnostic accuracy study, 128 standardized scenario-based
clinical cases (64 requiring HBOT, 64 not requiring HBOT)
were developed based on established indications. Sixty EMS
personnel and five LLMs (GPT-40, GPT-4.5, GPT-03, Gemini
2.5 Pro, and DeepSeek-R1) evaluated each scenario. Their
responses were compared with the gold standard answers
established by consensus between a medical toxicologist and a
hyperbaric medicine specialist.

Results: The overall accuracy of the EMS personnel was
65.1%, whereas the highest accuracy was observed with GPT-
03 (96.9%). All LLMs demonstrated 100% sensitivity, although
the specificity varied, ranging from 26.6% (GPT-4.5) to 93.8%
(GPT-03). The accuracy of GPT-03 (96.9%, p<0.001), GPT-40
(78.9%, p=0.001), and Gemini 2.5 Pro (75.8%, p=0.012) was
significantly higher than that of the EMS personnel. GPT-03
also significantly outperformed all other models (all p<0.001).

Conclusion: Our study suggests that LLMs can support
prehospital decision-making, facilitating timely referral to
appropriate centers, improving early access to HBOT, and
potentially enhancing outcomes. However, these findings are
based on standardized simulation scenarios, and real-world
clinical validation is necessary before widespread
implementation.
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Amag: Karbonmonoksit (CO) zehirlenmesi, klinik sonuglar
iyilestirmek i¢in hizli tanimlama ve hiperbarik oksijen tedavisi
(HBOT) ihtiyacina yonelik zamaninda karar verilmesini
gerektirir. Bu c¢alisma, CO zehirlenmesi vakalarinda hastane
oncesi evrede HBOT ihtiyacinin dogru sekilde belirlenmesinde
acil saglik hizmetleri (ASH) personeli ile biiytik dil
modellerinin (LLM) karar verme performansii karsilastirmay1
ve LLM'lerin hasta triyaji ve sevkinde karar destek araci olarak
kullanim potansiyelini kullanimini arastirmay1 amaglamistir.

Gere¢ ve Yontemler: Bu prospektif ve simiilasyon temelli
tanisal dogruluk calismasinda, yerlesik endikasyonlara dayali
olarak 128 standart vaka temelli klinik senaryo (64'i HBOT
gerektiren, 64'0 gerektirmeyen) gelistirildi. Altmis ASH
personeli ve bes LLM (GPT-40, GPT-4.5, GPT-03, Gemini 2.5
Pro ve DeepSeek-R1) her bir senaryoyu degerlendirdi.
Katilimetlarm yanitlari, bir tibbi toksikolog ve bir hiperbarik tip
uzmani arasindaki fikir birligi ile olusturulan altin standart
cevaplarla karsilagtirildi.

Bulgular: ASH personelinin genel dogruluk oram %65,1 iken,
en yiiksek dogruluk orani GPT-03 modelinde (%96,9)
gozlemlenmistir. Tim LLM'ler %100 duyarlilik gostermekle
birlikte 6zgiilliik oranlar1 %26,6 (GPT-4.5) ile %93,8 (GPT-03)
arasinda degismisti. GPT-03 (%96,9, p<0,001), GPT-4o
(%78,9, p=0,001) ve Gemini 2.5 Pro (%75,8, p=0,012)
modellerinin  dogruluk oranlar1 ASH personeline kiyasla
istatistiksel olarak anlaml diizeyde yiiksek bulunmustur. Ayrica
GPT-03, diger tim modellerden anlamli derecede daha iyi
performans gostermistir (tiimil i¢in p<0,001).

Sonug: Calismamiz, LLM'lerin hastane Oncesi karar verme
stireglerini destekleyebilecegini, uygun merkezlere zamaninda
sevki  kolaylastirabilecegini, HBOT'ye erken erisimi
artirabilecegini ve potansiyel olarak klinik sonuglar
iyilestirebilecegini 6ne siirmektedir. Bununla birlikte, bu
bulgular standart simiilasyon senaryolarina dayanmaktadir ve
yaygin  uygulama  Oncesinde  ger¢cek diinya  klinik
dogrulamasinin yapilmasi gerekmektedir.

Anahtar Kelimeler: Yapay zekd, karbonmmonoksit, acil saglik

hizmeti, zehirlenme, triyaj

OO Correspondence/Yazisma Adresi:

Lk
"-"'n!.'ﬂ':' LT Phone/Tel: +905556216171
LML, Received/Gelis Tarihi: 03.04.2026

Dr. Vildan OZER

iy Department of Emergency Medicine, Faculty of Medicine, Karadeniz Technical University, TRABZON, TURKIYE.

E-mail/E-posta: dr.vilzan@hotmail.com
Accepted/Kabul Tarihi: 04.05.2026

KUTFD | 314


https://orcid.org/0000-0002-2514-5674
https://orcid.org/0000-0002-2514-5674
https://orcid.org/0000-0002-1719-1646
https://orcid.org/0000-0002-1719-1646
https://orcid.org/0009-0008-1911-4506
https://orcid.org/0009-0008-1911-4506
https://orcid.org/0000-0001-7673-7699
https://orcid.org/0000-0001-7673-7699
https://orcid.org/0000-0002-2679-6276
https://orcid.org/0000-0002-2679-6276

Ozer V et al.
Prehospital Triage of Carbon Monoxide Poisoning

KU Tip Fak Derg 2026;28(2):314-320
Doi: 10.24938/kutfd. 1922944

INTRODUCTION
The global cumulative incidence and mortality of carbon
monoxide (CO) poisoning are currently estimated at 137
cases and 4.6 deaths per million population,
respectively. Although CO-related mortality has
declined by approximately 36% over the past 25 years,
the incidence of CO poisoning has remained stable
during this period.! CO poisoning primarily affects the
cardiovascular and neurological systems. It is also a
well-recognized cause of delayed neuropsychiatric
sequelae (DNS), which can emerge days to weeks after
exposure and significantly impair long-term
neurological function.??
Hyperbaric oxygen therapy (HBOT) prevents cerebral
oxidative damage and late neurological symptoms in
moderate-to-severe cases of CO poisoning.’® Studies
have demonstrated that early administration of HBOT,
particularly within 6 h of exposure, can significantly
improve neurocognitive outcomes. Delays beyond 6 h,
however, are associated with a worse neurological
prognosis.>® As HBOT requires specialized facilities
that are not available at all hospitals, the early
identification of suitable patients and timely referral to
HBO-capable centers during the prehospital phase are
critical for optimal outcomes.”
In recent years, large language models (LLMs) have
demonstrated significant potential across various fields
of medicine, including clinical decision support,
diagnostics, and patient triage.'®!'! In this study, we
aimed to compare the decision-making performance of
emergency medical services (EMS) personnel and
different LLMs in terms of diagnostic accuracy for
determining the need for HBOT during the prehospital
phase of CO poisoning cases, and to explore the
potential of LLMs as decision-support tools for patient
triage and referral.

MATERIALS AND METHODS

Study Design and Setting

This prospective simulation-based diagnostic accuracy
study, conducted between May 1 and May 30, 2025,
compared the performance of EMS personnel and
various LLMs in determining the need for HBOT in CO
poisoning scenarios during the prehospital phase. This
study used standardized, scenario-based simulated cases
to evaluate diagnostic decision-making performance.
Scenario-based simulated cases related to CO poisoning
were developed to address the study objectives. These
scenarios were presented to EMS personnel and LLMs
(GPT-40, GPT-4.5, GPT-03, Gemini 2.5 Pro, and
DeepSeek-R1), and their responses were compared with
gold standard (GS) answers, established through
consensus between a medical toxicologist and a
hyperbaric medicine specialist. An overview of the
study design, including the evaluated models, clinical

scenario structure, comparison groups, and performance
metrics, is shown in Figure 1.
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Figure 1: Flowchart of the study

Results
comparision

Accuracy

5ensitivity| ‘Specificity

Selection of Participants

The study included EMS personnel actively providing
services, as well as several LLMs (GPT-40, GPT-4.5,
GPT-03, Gemini 2.5 Pro, and DeepSeek-R1). The LLMs
were prompted to analyze the clinical scenarios using a
standardized case analysis form. In each case, the
participants and LLMs were tasked with determining
whether the patient required referral to a HBOT-capable
center. Participants were tasked with evaluating 128
standardized clinical scenarios to determine the need for
HBOT. Detailed information on the participants is
provided in the following sections.

EMS Personnel

EMS personnel were recruited on a voluntary basis from
paramedics and emergency medical technicians actively
serving within the 112 command and control center.
EMS personnel included paramedics and emergency
medical technicians working as ambulance crew
members or emergency call center operators within the
112 command and control center of a city with a
population of approximately 820,000. Both ambulance
crews and call center operators are authorized to make
decisions regarding patient referral to the appropriate
medical centers based on the initial scene assessment.
Prior to the evaluation, participants were informed
verbally about the general nature and purpose of the
study. They were not informed of the specific content of
the scenarios in advance. Participants were explicitly
instructed not to consult any external resources, clinical
protocols, reference materials, or artificial intelligence
tools during the evaluation. The evaluation was
conducted online in a supervised setting, with all
participants completing the scenarios simultaneously,
thereby preventing any communication or discussion of
case content between participants. No formal time limit
was imposed, and the estimated completion time was not
predetermined. The minimum required sample size for
EMS personnel was calculated as 52 using G*Power
(two-sided Z-test, EMS accuracy 65%, 20% difference,
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a=0.05, power 0.80). All EMS personnel who
completed the full set of clinical scenarios were included
in the final analysis.

Gold Standard

GS (reference standart) responses regarding HBOT
referral in CO poisoning scenarios were determined
through consensus between a medical toxicologist and a
hyperbaric medicine physician. Discrepancies were
resolved by a third medical toxicologist.

Large Language Models

The selected LLMs were chosen to include models
developed by different organizations and to allow
comparison across commonly used general-purpose
language models. All LLMs used in this study (GPT-4o,
GPT-4.5 [research preview version], GPT-03 [OpenAl,
L.L.C., San Francisco, CA, USA], Gemini 2.5 Pro
[preview version] [Google AI, Mountain View, CA,
USA], and DeepSeek-R1 [DeepSeek Inc., Hangzhou,
China]) were accessed via their official web-based
interfaces, without the use of APIs or third-party
platforms. Each scenario was submitted in a separate
session to prevent memory effects and contextual
carryover. A standardized prompt was used: “I would
like to ask your opinion on a prehospital clinical
decision. Please read the case below and choose the most
appropriate option and briefly explain your reasoning in
1-2 sentences.” The prompt used in this study was
intentionally designed to be simple and standardized in
order to minimize potential bias arising from advanced
prompt engineering techniques and to reflect real-world
prehospital decision-making conditions. The same
prompt was applied across all scenarios and models to
ensure comparability. Advanced prompt engineering
strategies were not employed. This approach was chosen
to evaluate the models’ basic clinical reasoning under
realistic conditions and to reflect routine use by EMS
personnels. The models were expected to indicate
whether a referral to an HBOT center was necessary,
along with a brief rationale. Sample responses for each
model are provided in Appendix 1. All models evaluated
the same 128 scenarios under identical conditions.
Scenario-based simulated cases development and
presentation

The number of scenarios was determined a priori using
MedCalc statistical —software (v.23.2.1) (single
proportion, 95% CI, expected proportion 80%, CI width
20%), which indicated a minimum of 60 scenarios per
group. Accordingly, 128 scenario-based simulated cases
(64 requiring and 64 not requiring HBOT) were
developed in total, ensuring a balanced binary design.
These scenario-based simulated cases were developed
using a structured approach informed by established
HBOT indications as described in Goldfrank's
Toxicologic Emergencies.'> The scenario set was
intentionally balanced to include an equal number of

cases requiring and not requiring HBOT in order to
enable fair performance comparison across models and
participants. All 128 scenarios were constructed de novo
by an emergency medicine physician based on current
literature and clinical expertise and were independently
reviewed by a second emergency medicine physician to
ensure clinical accuracy, relevance, and consistency
with prehospital practice standards.

Each scenario was designed to represent realistic
prehospital conditions and included standardized
clinical variables such as patient demographics, medical
history, exposure characteristics, vital signs,
electrocardiographic findings, physical examination
findings, and carboxyhemoglobin (COHDb) levels. All
scenarios are provided in full in Appendix 2.

No formal Delphi process was conducted; however,
iterative expert review was used to ensure consistency,
clarity, and alignment with real-world prehospital
decision-making. To minimize the ordering bias, the 128
clinical scenarios were randomized prior to
administration using the Fisher—Yates shuffle algorithm
implemented in Python.!> A single randomized
sequence was generated and applied uniformly to all
EMS personnel and LLMs, thereby maintaining
identical presentation conditions across all participants.
The participants and models evaluated each scenario to
determine whether referral to an HBOT-capable center
was necessary.

Data Collection and Statistical Analysis

For each clinical scenario, EMS personnel and LLMs
were required to make a referral decision by selecting
one of two options: (1) referral to an HBOT-capable
center or (2) transfer to the nearest healthcare facility
without HBOT capability. Responses were coded in a
binary format (Yes/No) to indicate whether referral to
an HBOT center was deemed necessary. These
responses were compared with the GS answers
established by consensus between a medical toxicologist
and a hyperbaric medicine physician. The primary
outcome measures included sensitivity, specificity,
positive predictive value, negative predictive value, and
overall accuracy for each participant group relative to
the GS. Statistical analyses were conducted using SPSS
27.0 (IBM Corp, Armonk, NY) and MedCalc Statistical
Software (v.23.2.1). Descriptive statistics were
presented as frequencies and percentages for categorical
variables and as means with standard deviations or
medians with interquartile ranges for continuous
variables, as appropriate. A p-value of <0.05 was
considered statistically significant. The study was
approved by the Scientific Research Ethics Committee
of Karadeniz Technical University (Date: 07/04/2025,
Number: 2025/96) and conducted in accordance with the
Declaration of Helsinki.
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RESULTS
A total of 128 scenario-based clinical cases were
developed (64 requiring HBOT and 64 not requiring it).
These scenarios were presented to EMS personnel and
LLMs. Initially, 93 paramedics participated, but 33 were
excluded because of incomplete scenario evaluations.
Therefore, 60 EMS personnel were included in the final
analysis. The demographic characteristics of the EMS
personnel are summarized in Table 1. The diagnostic
performance metrics for EMS personnel and LLMs in
determining the need for HBOT are shown in Table 2.
The overall accuracy for EMS personnel was 65.1%,
whereas the highest accuracy was observed with the
GPT-03 model at 96.9%. Although all LLMs
demonstrated 100% sensitivity, there were notable
differences in specificity. The lowest specificity was
observed in GPT-4.5 (26.6%), whereas GPT-03
achieved the highest specificity at 93.8%. Pairwise

comparisons between EMS personnel and LLMs are
presented in Table 3, Figure 2 and Figure 3.

Table 1: Demographic characteristics of EMS personnel

Variable n (%)
Sex

Female 42 (70.0)

Male 18 (30.0)
Profession

Emergency medical technician 33 (55.0)

Paramedic 27 (45.0)
Age Group

< 35 years 26 (43.3)

> 35 years 34 (56.7)
Years of Experience

<5 years 8 (13.3)

> 5 years 52 (86.7)
Work Unit

Ambulance crew 39 (65.0)

Command and control center 21 (35.0)

EMS: Emergency medical services

Table 2: Diagnostic performance metrics of EMS personnel and Al models in determining the need for HBOT

Model Sensitivity (95% CI) | Specificity (95% CI) PPV (95% CI) NPV (95% CI) Accuracy (95% CI)
EMS 71.6 (70.1-73.0) | 587 | (57.1-60.3) | 63.4 | (62.4-64.4) 674 | (66.1-68.6) | 651 | (64.1-66.2)
personnel

GPT-03 100.0 | (944-100.0) | 93.8 | (84.8983) | 941 | (86.1-97.6) | 100.0 | (94.0-100.0) | 96.9 | (92.2-99.1)
GPT-40 100.0 | (94.4-100.0) | 57.8 | (44.870.1) | 703 | (64.0-76.0) | 100.0 | (90.5-100.0) | 78.9 | (70.8-85.6)
g:;“‘“‘ 25 100.0 | (94.4-100.0) | 51.6 | (38.7-64.3) | 674 | (61.6-72.7) | 100.0 | (89.4-100.0) | 75.8 | (67.4-82.9)
DeepSeek-R1_ | 100.0 | (94.4-100.0) | 328 | (21.645.7) | 59.8 | (55.6.63.9) | 100.0 | (83.9-100.0) | 66.4 | (57.5-74.5)
GPT-4.5 100.0 | (944-100.0) | 26.6 | (163-39.1) | 57.7 | (54.0-612) | 100.0 | (80.5-100.0) | 63.3 | (54.3-71.6)

EMS: Emergency medical services, Al: Artificial intelligence, HBOT: Hyperbaric oxygen therapy, PPV: Positive predictive value,

NPV: Negative predictive value, CI: Confidence interval

EMS Accuracy (65.1%) 96.9%
§
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;.
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1
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Figure 2: Comparative accuracy analysis between EMS
personnel and individual Al models in determining the need
for HBOT; symbols indicate statistically
significant differences compared to EMS:

tp = 0.012; ip =0.001; and §p < 0.001
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Figure 3: Comparative accuracy analysis between individual
Al models in determining the need for HBOT; symbols
indicate statistically significant differences between models:
*p < 0.001; fp < 0.001; Ip < 0.001; §p < 0.001; #p = 0.006;
Ap =0.025; and Qp = 0.030

Table 3: Pairwise accuracy comparisons between EMS personnel and Al models in

determining the need for HBOT.

Comparison Accuracy (%)
(Group 1 vs. Group 2) P

EMS personnel vs. GPT-03 65.1vs. 96.9 <0.001
EMS personnel vs. GPT-40 65.1 vs. 78.9 0.001
EMS personnel vs. Gemini 2.5 Pro 65.1 vs. 75.8 0.012
EMS personnel vs. DeepSeek-R1 65.1 vs. 66.4 0.766
EMS personnel vs. GPT-4.5 65.1vs. 63.3 0.661
GPT-03 vs. GPT-40 96.9 vs. 78.9 <0.001
GPT-03 vs. Gemini 2.5 Pro 96.9 vs. 75.8 <0.001
GPT-03 vs. DeepSeek-R1 96.9 vs. 66.4 <0.001
GPT-03 vs. GPT-4.5 96.9 vs. 63.3 <0.001
GPT-40 vs. Gemini 2.5 Pro 789 vs. 75.8 0.550
GPT-40 vs. DeepSeek-R1 78.9 vs. 66.4 0.025
GPT-4o0 vs. GPT-4.5 78.9 vs. 63.3 0.006
Gemini 2.5 Pro vs. DeepSeek-R1 75.8 vs. 66.4 0.098
Gemini 2.5 Pro vs. GPT-4.5 75.8 vs. 63.3 0.030
DeepSeek-R1 vs. GPT-4.5 66.4 vs. 63.3 0.601

Abbreviations: EMS: Emergency medical services, Al: Artificial intelligence,

HBOT: Hyperbaric oxygen therapy.
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DISCUSSION

HBOT administered within the first 6 h of CO poisoning
significantly = improves long-term neurocognitive
prognosis and reduces mortality. Conversely, delays in
accessing HBOT are associated with worse neurological
outcomes.>*!* Therefore, early recognition and timely
referral to HBOT-capable centers are important. In this
study, EMS personnel made correct decisions in
approximately 65% of the scenarios; they failed to
identify certain HBOT indications. In contrast, all LLMs
demonstrated 100% sensitivity, with specificity varying;
GPT-03 exhibited the highest diagnostic accuracy. Our
study represents one of the first investigations into the
feasibility of using LLM-supported decision systems for
prehospital HBOT referral in CO poisoning. These
findings highlight the potential of GPT-03, in particular,
to serve as an effective clinical decision-support tool for
the accurate identification of HBOT requirements and
ensuring timely referral to appropriate centers during the
prehospital phase.

CO poisoning affects approximately 50,000 individuals
annually in the United States alone, and 15%-40% of
those affected develop persistent neurocognitive and
psychiatric impairments. In addition, long-term
mortality rates are elevated among those exposed to
CO."*16 Although HBOT has been shown to reduce
mortality and DNS while improving neurocognitive
outcomes, it remains unavailable in many healthcare
facilities.” Therefore, it is crucial for EMS personnel to
promptly identify patients with suspected CO poisoning
at the scene and direct them to appropriate centers,
thereby facilitating early access to HBOT and
improving the clinical outcomes. Considering that the
risk of DNS can be minimized if HBOT is initiated
within 6 h, accurate prehospital triage and timely
referral are critical. Previous studies have demonstrated
that prehospital triage by EMS personnel reduces
mortality and expedites treatment in time-sensitive
emergencies, such as STEMI, trauma, and stroke.!”"”
Moreover, recent studies have highlighted the
effectiveness of Al-assisted prehospital triage
systems.?®?! In our study, EMS personnel demonstrated
relatively low accuracy (65.1%) in identifying HBOT
indications during the prehospital phase. This may be
attributed to limited training, lack of medical
knowledge, or the missing of critical clinical cues.
Additionally, the use of simulated scenarios, rather than
real patients may have diminished the realism and
clinical judgment of EMS personnel. In contrast, all
LLMs achieved 100% sensitivity in detecting the need
for HBOT. These findings suggest that LLMs can
support EMS personnel in the early prehospital
assessment of HBOT requirements and serve as
valuable decision-support tools in this context. The need
for standardized triage protocols is also evident in the

existing literature. For instance, Kijanka et al.
proposed a three-step algorithm for the prehospital CO
poisoning diagnosis that incorporates exposure
history, symptom evaluation, and on-site COHb
measurement. The algorithm also recommends
teleconsultation with an HBOT center to assess the need
for treatment and arrange for transfer.?? Similarly,
Hampson et al. found that on-site COHb measurement
reduced the time to HBOT by an average of 1 h.?? These
findings emphasize the importance of rapid on-scene
assessment and early referral, suggesting that integrating
LLMs into this workflow could provide substantial
benefits to the healthcare system. Future studies should
evaluate whether LLMs such as GPT-03 can be
integrated into teleconsultation-based triage algorithms
to support decision-making when toxicologist access is
limited. The present study did not assess integration
feasibility or decision-making speed.

In our study, all evaluated LLMs demonstrated 100%
sensitivity in determining the need for HBOT in CO
poisoning cases; however, their specificity varied
widely across models. The ability of LLMs to perform
consistent, meticulous, and systematic analyses in
structured scenarios may explain this superior
performance. Furthermore, although the LLMs used in
this study were trained only up to specific knowledge
cut-off dates, their capacity for real-time web browsing
suggests the potential for continuous updates to medical
information, thereby enhancing their decision-support
capabilities. These models can retrieve content from
specialized academic databases, such as PubMed,
enabling them to provide more reliable and
scientifically validated responses, particularly in highly
specialized domains such as toxicology.?*33 This
functionality may contribute to safer decision-making
processes at both the individual and system levels. The
100% sensitivity observed across all LLMs indicates a
robust safety net, ensuring that no patient requiring
HBOT is overlooked, potentially preventing severe
outcomes such as DNS or fetal complications.
However, models such as GPT-4.5, which exhibit
lower specificity, may lead to unnecessary referrals and
inefficient use of healthcare resources. Given the high
morbidity and mortality associated with CO poisoning,
high sensitivity in identifying true HBOT candidates is
crucial. Nonetheless, sufficient specificity is equally
important for avoiding overtriage and preserving
resource efficiency. Maintaining this balance is
essential for optimizing both patient safety and
healthcare utilization. Among the evaluated models,
GPT-03  demonstrated the highest diagnostic
performance, with 100% sensitivity and 93.8%
specificity. This outstanding accuracy is likely
attributed to the model’s advanced reasoning abilities,
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architecture optimized through large-scale reinforcement
learning algorithms, and fine-tuning for complex
clinical decision-making tasks.?® GPT-03’s effectiveness
stems not only from real-time information access but also
from its ability to prioritize and synthesize -clinical
data, construct logical reasoning chains, and deploy
tools strategically at the appropriate decision points.
These competencies are particularly valuable in time-
sensitive clinical contexts, such as CO poisoning, where
context-aware and  safe triage decisions are
paramount.’® As GPT-o3 was released in April
2025, this study represents the first known evaluation of
its effectiveness in prehospital clinical decision-making
and provides preliminary data for future research.
Furthermore, while our results highlight the promising
potential of LLMs in prehospital triage, it is essential
to recognize that simulation-based findings may not
fully reflect the complexity and unpredictability of
actual clinical settings. Future research should prioritize
prospective real-world validation studies to confirm the
utility and safety of LLM-assisted decision support in
routine prehospital care.

This study had some limitations. First, the clinical
scenarios were standardized and may not fully reflect the
complexity and variability encountered in real-world
prehospital Second, EMS personnel
made decisions based on written case scenarios, which
differ from actual field conditions, where visual cues,
environmental

environments.

context, and dynamic interactions
contribute to clinical judgment. It should also be
acknowledged that this design may inherently favor the
LLMs, as written clinical scenarios are the native input
modality of these text-based models, whereas EMS
personnel typically operate under dynamic field conditions
not reproduced here. The observed performance gap may
therefore overestimate the real-world advantage of LLMs.
Third, the study was limited to a single geographic region,
and EMS training and experience may vary across different
healthcare systems.Fourth, LLMs evaluated cases based on
static text inputs and were not integrated into real-time
workflows or equipped with voice input/output capabilities,
which could influence their practical utility in the field.
Additionally, because LLMs were not trained specifically
on toxicology or emergency medicine data, their
performance may change as newer model versions are
developed or fine-tuned for clinical applications.
Moreover, no formal time limit was imposed on
participants during the evaluation, which does not fully
reflect the time-critical nature of real-world prehospital
triage, where decisions must often be made under
considerable  time  pressure.  Another  important
consideration is that all LLMs achieved 100% sensitivity in
our analysis.Although striking, this finding may be a
consequence of the structured and somewhat simplified

nature of the scenario set. The clinical features
pointing toward HBOT may have been presented in a
clearer and more consistent manner than in real-life
prehospital encounters. Finally, our findings (derived
from simulation scenarios) may not directly translate to
clinical outcomes. In addition, because the scenario set
was artificially balanced (1:1 ratio of HBOT required and
non-required cases) and may not reflect real-world
prevalence, PPV and NPV may not be directly
generalizable to real-world clinical settings, as these
metrics are influenced by disease prevalence. This should
be considered when interpreting the predictive
performance of both EMS personnel and LLMs.
Therefore, these results should be interpreted with
caution, and prospective studies in real-world
prehospital environments are required to confirm these
findings and guide safe integration into practice.
This study demonstrated that LLMs, particularly GPT-
03, outperformed EMS personnel in determining the
need for HBOT in standardized CO poisoning scenarios.
While all LLMs showed excellent sensitivity, GPT-03
achieved both high sensitivity and specificity,
suggesting its strong potential as a reliable decision-
support tool during the prehospital phase. However, this
study demonstrated superior diagnostic accuracy only
under standardized simulation conditions; real-world
integration, decision-making speed, and clinical
outcomes were not assessed and require prospective
validation.
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