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Abstract

Objectives Emergency department (ED) overcrowding causes diagnostic challenges, prolonged wait times, and impairs
appropriate triage, often due to human error and fatigue. Large language models can assist ED staff in triage, improving
patient care by mitigating these problems.

Methods We designed an evaluation method (Skyer benchmark) to assess fifteen large language models, including DeepSeek-
R1 (70B, 7B), ChatGPT versions (4, 4.5-preview), Gemini iterations (1.5-pro, 2.0-Pro-experimental, 2.5_03-25, 2.5_05-06),
Mistral-7B, Llama-3.3, Gemma models (2-27b-it, 3-12b-it, 3-27b-it), Qwen-2.5, and Phi-4-14B. We assessed the perfor-
mance of models in ED triage by using 55 realistic clinical pediatric scenarios. The main objective was to evaluate models’
triage performance using a weighting system that accounted for the impacts of over-triage and under-triage, in addition to
simple accuracy. A secondary objective was to assess models’ consistency, by repeating tests across scenarios three times.
Results Our findings indicate that only two models, ChatGPT-4.5-preview and Gemini-2.5_05-06, demonstrated superior
and reliable triage performance. ChatGPT-4.5-preview (77% accuracy, mean weight 377.5 out of 550) and Gemini-2.5_05-06
(74% accuracy, mean weight 365/550) significantly outperformed human-triage-experts accuracy (64% accuracy, mean
weight 253.5/550) and other models. This difference was statistically significant (p-value <0.05), with an extremely large
effect size (Cohen’s D=2.18 and 1.98). Furthermore, they demonstrated sufficient reliability due to acceptable consistency
in their triage performance (85% and 82%).

Conclusion Our work establishes Skyer as an evaluation approach of large language models. Skyer selected the best-per-
forming models, which demonstrated significantly higher triage performance than the human experts and showed consistent
results. These large language models can streamline the delivery of quality healthcare in overcrowded EDs. Despite promising
outcomes, we identified limitations prohibiting these large language models as replacement of human experts. Instead, we
demonstrate their potential for a substantial role in assisting the staff in overcrowded EDs.

Keywords Artificial intelligence (Al) - Large language models - Pediatrics emergency department (ED) - Triage -
Benchmark

Résumé

Objectifs Le surpeuplement des services d’urgence (SU) entraine des difficultés diagnostiques, des temps d’attente prolon-
gés et un triage inapproprié, souvent en raison d’erreurs humaines et de la fatigue. Les grands modeles de langage peuvent
aider le personnel du service d’urgence dans le triage, améliorant ainsi les soins aux patients en atténuant ces probleémes.
Méthodes Nous avons congu une méthode d’évaluation (benchmark de Skyer) pour évaluer quinze grands modeles de lan-
gages, y compris DeepSeek-R1 (70B, 7B), les versions ChatGPT (4, 4.5-preview), les itérations Gemini (1.5-pro, 2.0-Pro-
experimental, 2.5_03-25, 2.5_05-06), Mistral-7B, Llama-3.3, les modeles Gemma (2-27b-it, 3-12b-it, 3-27b-it), Qwen-2,5 et
Phi-4-14B. Nous avons évalué la performance des modeles dans le triage ED en utilisant 55 scénarios pédiatriques cliniques
réalistes. L’objectif principal était d’évaluer la performance de triage des modeles a 1’aide d’un systéme de pondération qui
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tenait compte des impacts du triage excessif et du triage insuffisant, en plus de la simple précision. Un objectif secondaire
était d’évaluer la cohérence des modeles, en répétant trois fois les tests entre les scénarios.

Résultats Nos résultats indiquent que seuls deux modeles, ChatGPT-4.5-preview et Gemini-2.5_05-06, ont démontré des
performances de triage supérieures et fiables. ChatGPT-4.5-preview (précision de 77%, poids moyen 377,5 sur 550) et
Gemini-2.5_05-06 (précision de 74%, poids moyen 365/550) ont significativement surpassé la précision des experts en triage
humain (précision de 64%, poids moyen 253,5/550) ainsi que d’autres modéles. Cette différence était statistiquement signifi-
cative (valeur p > 0,05), avec une taille d’effet extrémement grande (D de Cohen=2,18 et 1,98). De plus, ils ont démontré
une fiabilité suffisante en raison d’une cohérence acceptable dans leur performance de triage (85% et 82%).

Conclusion Notre travail établit Skyer comme une approche d’évaluation des grands modeles linguistiques. Skyer a sélec-
tionné les modeles les plus performants, avec une performance de triage significativement supérieure a celle des experts
humains. Ces grands modeles de langage peuvent rationaliser la prestation de soins de santé de qualité dans les services
d’urgence surpeuplés. Malgré des résultats prometteurs, nous avons identifié des limites interdisant ces grands modeles de
langage en remplacement des experts humains. Au lieu de cela, nous démontrons leur potentiel pour un role substantiel dans
I’ assistance au personnel dans les services d’urgence surpeuplés.

Mots-clés Intelligence artificielle (IA) - Grands modeles de langage - Service des urgences pédiatriques (SU) - Triage -
Benchmark

and medical staff, accelerating reliable and efficient care
Clinician’s capsule [1]. Nevertheless, previous research relied on virtual or
textbook scenarios rather than real-life situations and was
mostly focused on adults.

To assess effectiveness of large language models, bench-
marking is employed. Benchmarking is the process of sub-
jecting various methods to a set of standard questions to
gauge performance and accuracy in a unified way. In our

What is known about the topic?

Overcrowded EDs, particularly pediatric EDs, pre-
sent significant challenges to healthcare systems,
resulting in prolonged waiting times, misdiagnoses
and improper triage

What did this study ask? context, it serves as a standardized test for Al, with the
We designed the Skyer benchmark to assess large results revealing a model’s ability to handle diverse informa-
language models performance as a reliable triage tion [3]. Benchmarking models against human performance
assistant in real-life ED situations and against one another on clinically relevant tasks enables
What did this study find? tracking of their capabilities and progress [4]. Existing Al
This study reveals that two of fifteen evaluated mod- triage model benchmarks may not be validated for pediat-
els can assist triage-experts performance, reduce rics due to unique challenges. Pediatric medicine challenges
errors and improve ED flow include complex comorbidities, rising emergency admis-

sions, limited access to specialists, differences in disease
prevalence, and age-dependent variations compared with
adult medicine. These factors threaten the delivery of high
quality and timely care. Data privacy for sensitive pediat-
ric medical information is also a key concern [5]. While
large language models show significant potential in medi-
cal fields, their proficiency in pediatrics requires validation.
Improving accuracy in this specialized area necessitates inte-
grating pediatric data into pretraining datasets [6]. Further-
more, patient safety concerns for young individuals demand
exceptional accuracy and reliability in any Al-driven triage
system. Models trained primarily on adult data or lacking
diverse pediatric representation may not perform equitably
across all children [7].

Our study evaluated the accuracy and effectiveness of
various large language models in triage scoring in realistic
pediatric cases. Meanwhile, a significant challenge of using
models in EDs is their inconsistent performance. Consistent,
trustworthy models should yield similar answers to the same

Why does this study matter to clinicians?
Skyer can evaluate current and upcoming models to
determine the most effective assistance for ED per-
formance leading to improved patient care

Introduction

Overcrowded emergency departments (EDs) are plagued
by prolonged waiting times, staff overfatigue, and an ele-
vated risk of misdiagnosis. Previous research suggests that
advanced large language models might help EDs increase
diagnosis accuracy [1], prioritize triage, promptly iden-
tify critical conditions, and optimize resource allocation
[2]. Implementing such models could significantly allevi-
ate these issues and improve the condition of both patients
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Table 1 The offline and online

Name Size Release Date Creator
large language models evaluated
in the study Online large ChatGPT-4 March 2023 Open Al
language ChatGPT-4.5-preview February 2025 Open Al
models Gemini-1.5-pro May 2024 Google
Gemini-2.0-Pro experimental February 2025 Google
Gemini-2.5_03-25 May 2025 Google
Gemini-2.5_05-06 June 2025 Google
Offline large Deepseek-R1 7B January 2025 Deepseek Al developmental

language

Deepseek-R1
models

Qwen -2.5
Phi-4
Llama-3.3
Mistral
Gemma-2
Gemma-3
Gemma-3

70B January 2025 Deepseek Al developmental

7.6b September 2024 Alibaba
1470 January 2025 Microsoft
70.6b December 2024 Meta
7.2b July 2024 Mistral
27b July 2024 Google
12B March 2025 Google
27B March 2025 Google

prompt across different users and times. A model is typically
deemed consistent if 80% of responses to repeated questions
meet this standard [8]. Our evaluation focused on comparing
the accuracy of weighted triage scores and the consistency
of the models. We hypothesized that large language models
achieve a consistently superior triage accuracy compared to
human experts. It demonstrated their potential to alleviate
ED overcrowding.

Methods
Study design and population

To evaluate the performance of the large language models,
a high quality set of targeted test scenarios is necessary
[9]. Using real data presented several risks, including ethi-
cal and legal concerns, data noise due to parent prompts,
and bias due to overlap between cases. Public datasets are
also not usable, as they could be present in model train-
ing sets. Therefore, 55 realistic, synthetic pediatric clini-
cal scenarios (common and severe conditions) were created
by an experienced pediatrician. Prompts were solely based
on parent descriptions. For a comparative analysis of triage
performance, the models were compared against each other,
as well as against the assessments of three experienced tri-
age nurses and a physician, all utilizing identical scenario
information.

Data collection

Each case was presented individually to the models and
human experts, with details mirroring parents’ complaints

arriving at EDs. They were tasked with assigning a triage
score (1—life-threatening, 2—emergent, 3—urgent, 4—
less-urgent, 5—non-urgent) using both the American Emer-
gency Severity Index (ESI) [10] and the Canadian Triage
and Acuity Scale (CTAS) [11]. This method was used to
benchmark fifteen recently developed, highly ranked, effi-
cient large language models listed in Table 1.

Data analysis

Our analysis focused on triage accuracy and the impact of
incorrect triage scores to identify the top-performing model
for ED use. Consistent with prior pediatric triage research
[12, 13], triage levels 4 and 5 were merged into a single low-
acuity group for the analysis, given that both categories rep-
resent stable patients requiring minimal anticipated resource
use. Additionally, if a model generates different scores for
a case, the higher-priority triage level is selected (e.g., if a
case is triaged as 3 or 4, level 3 is assigned).

Inaccurate triage impacts patients’ conditions in dis-
tinct ways. While assigning a score of 3 instead of 2 to a
critical patient might cause non-life-threatening treatment
delays, incorrectly assigning a score of 4 significantly risks
the patient’s life. Therefore, distinguishing between inac-
curate scores is crucial. Although over-triage can lead to
unnecessary healthcare costs and staff fatigue, it is generally
preferred over under-triage for patient well-being [14, 15].
Under-triage can result in disastrous patient outcomes due
to increased waiting times and inadequate care.

Conversely, some models might uniformly assign a high
triage score (e.g., 2) to all patients, neglecting individual
assessment. While this approach minimizes undercare, it
can cause staff overfatigue and unacceptably longer waiting
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times. Therefore, a system is required to reward accuracy
and apply penalties proportional to the degree of impact.

Therefore, in Skyer, we implemented a triage weight-
ing system. This system rewarded accurate triage scores
while penalizing both over-triage and under-triage through
varying weights. To develop this weighting system, various
positive and negative variables were identified through text-
book research and prior studies [16, 17]. The models were
weighted based on these specific variables:

Patient outcome/prognosis [— 5, + 5]

Patient safety [— 3, + 3]

Patient satisfaction/confidence [—2,+ 2]

Resource consumption/healthcare utilization [— 2, 0]
Staff fatigue [—2, 0]

Impact on operational ED flow [—2, 0]

Accurate triage increases expected patient satisfac-
tion (weighted 4+ 2). Under-triage resulting only in delayed
treatment is weighted — 1. However, under-triage causing
increased anxiety, cost, and reduced ED trust has a worse
impact on patient satisfaction, weighted —2. Expected staff
overfatigue from unnecessary care is more detrimental than
increased workload from admission instead of observa-
tion. These weights facilitated a comparison that not only
assessed the correct task but also accounted for the impact of
both over-scoring and under-scoring in triage. The model’s
final triage performance score was determined by the sum
of its weighted values across all 55 cases.

Statistical analysis

In Skyer, large language models’ triage accuracy was
assessed and then re-evaluated using the designed weighting
system. Welch’s one-sided ¢-test compared models to each
other and to human experts. A significance level of 0.05 was
applied, and the null hypothesis was rejected when p <0.05,
to support the models’ superiority. CIs were reported where
applicable (Table 3). Focusing solely on triage score accu-
racy and p-value overlooks the critical impacts of under-
triage and over-triage. It fails to represent the real ED medi-
cal complexities. For instance, one model accurately triaged
60% of cases but severely under-triaged 33% of the remain-
der. While the accuracy and p-value might suggest a good
model performance, considering the high under-triage rate
indicates the model’s suboptimal performance. Therefore,
the Skyer weighing system calculated the mean CTAS and
ESI weights for each model. These were then compared with
the average triage score weights of human experts. We also
calculated the effect size (Cohen’s D), which is valid regard-
less of the distribution’s shape. To further confirm statistical
significance, we also performed the Mann—Whitney U test.
All the above methods yielded the same results. Finally, to
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evaluate consistency, top-performing models were tested
three times on identical cases.

Results

This study evaluated the triage accuracy of fifteen large
language models on 55 realistic cases. The models’ per-
formance was compared with one another and with human
experts (one physician, three triage nurses). Various stud-
ies have reported moderate levels of adult triage accuracy
among human experts: 66.2% [17], 63% [18], 56.2% [19],
59.3% [20], 62.5% [21], and 46.9% for pediatric [17]. The
human-experts’ triage accuracy in our study ranged from 56
to 69% (mean: 64%), consistent with previous studies and
suitable as a baseline.

Table 2 illustrates the rates of correct triage assignments,
over-triage (assigning a higher priority), and under-triage
(assigning a lower priority) using EST and CTAS systems.

The six top-performing models demonstrated a triage
accuracy range of 64-80%, over-triage 7-29%, and under-
triage 2-24%. This contrasts with triage-experts, who dem-
onstrated a triage accuracy range of 56-69%, over-triage
0-18%, and under-triage 24-44% (Table 2). ChatGPT-
4.5-preview demonstrated the highest triage accuracy in
both systems, with a mean triage accuracy of 77.5%. Gem-
ini-2.5_05-06 (74%), Deepseek-R1-70b, and Gemini-1.5-pro
(72%) also exhibited strong performance. Gemini-2.0-pro-
experimental and Gemma-3-27b-it performed well, both
at 66%. These models generally demonstrated comparable
or superior mean triage accuracy to that of human experts
(Fig. 1).

Table 3 clearly illustrates that ChatGPT-4.5-preview and
Gemini-2.5_05-06 statistically significantly outperformed
human experts in triage performance (p-value <0.05, CI
24.9, 223.9/12.8, 210.2). While the performance of Deep-
seek-R1-70b, Gemini-1.5-pro, Gemini-2.0-pro-experimen-
tal, and Gemma-3-27b-it practically exceeded that of human
experts (large or medium positive effect sizes), these differ-
ences were not statistically significant. Other models, how-
ever, did not outperform human experts in triage scoring.
Inter-rater reliability, among four human raters, showed good
reliability (ICC 0.75 to 0.90). Reliability remained good for
both CTAS (ICC =0.86) and ESI (ICC =0.82), indicating
consistent scoring among human experts.

Finally, we focused on evaluating the consistency of our
top-performing models, a critical issue in healthcare. We
conducted three evaluations using the same prompt. Due
to unavailability for re-evaluation, Gemini-2.0-pro-experi-
mental was skipped. Only ChatGPT-4.5-preview, Gemini-
1.5-pro, and Gemini-2.5_05-06 demonstrated an acceptable
triage consistency of over 80% (Table 4).
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Table 2 Triage scores of large language models in American system
(ESI) and Canadian system (CTAS) (N=55)

Triage source Correct triage  Over-triage  Under-triage

N (%) N (%) N (%)

ChatGPT-4.5-preview

ESI 44 (80) 4(7) 7(13)

CTAS 41 (75) 4(7) 10 (18)

Mean 42.5 (71.5) 4(7) 8.5(15.5)
Gemini-2.5_05-06

ESI 41 (75) 13 (24) 12

CTAS 40 (73) 12 (21) 3(6)

Mean 40.5 (74) 12.5(22) 24
DeepSeek-R1-70B

ESI 40(73) 8 (14) 7(13)

CTAS 39 (71) 8 (14) 8 (14)

Mean 39.5(72) 8 (14) 7.5 (14)
Gemini-1.5-pro

ESI 40 (73) 9 (16) 6(11)

CTAS 38 (69) 9 (16) 8 (14)

Mean 39 (72) 9 (16) 7(13)
Nurse #3

CTAS 38 (69) 4(7) 13 (24)
Nurse #1

ESI 38 (69) 6(11) 11 (20)
Gemini-2.0-pro-exper-

imental

ESI 37 (67) 16 (29) 24

CTAS 36 (66) 15 (27) 4(7)

Mean 36.5 (66) 15.5 (28) 3(6)
Gemma-3-27b-it

ESI 37 (67) 15 (27) 3(6)

CTAS 35 (64) 15 (27) 509)

Mean 36 (66) 15 (27) 4(7)
Mean human expert

Mean 35.5 (64) 509) 14.5 (27)
Nurse #2

CTAS 34 (62) 10 (18) 11 (20)
Gemma-3-12b-it

ESI 34 (62) 20 (36) 1(2)

CTAS 33 (60) 19 (34) 3(6)

Mean 33.5(61) 19.5 (35) 24
ChatGPT-4

ESI 34 (62) 4(7) 17 (31)

CTAS 33 (60) 4(7) 18 (33)

Mean 33.5(61) 4(7) 17.5 (32)
Gemini-2.5_03-25

ESI 34 (62) 20 (36) 1(2)

CTAS 32 (58) 20 (36) 3(6)

Mean 33 (60) 20 (36) 24)
Llama-3.3

ESI 33 (60) 15 (27) 7(13)

CTAS 31 (56) 15 (27) 9 (16)

Table 2 (continued)

Triage source Correct triage  Over-triage  Under-triage

N (%) N (%) N (%)

Mean 32 (58) 15 (27) 8 (15)
Gemma-2-27b-it

ESI 32 (58) 20 (36) 3 (6)

CTAS 30 (55) 20 (36) 509

Mean 31 (56) 20 (36) 4(7)
Physician

ESI 31 (56) 0(0) 24 (44)
Qwen-2.5

ESI 30 (55) 22 (40) 3 (6)

CTAS 28 (51) 22 (40) 509

Mean 29 (53) 22 (40) 4(7)
Phi-4-14B

ESI 28 (51) 24 (44) 3 (6)

CTAS 26 (47) 24 (44) 509

Mean 27 (49) 24 (44) 4(7)
Mistral-7B

ESI 26 (47) 26 (47) 3(6)

CTAS 26 (47) 25 (46) 4(7)

Mean 26 (47) 25.5 (46.5) 3.5(6.5)
DeepSeek-R1-7B

ESI 23 (42) 25 (45) 7 (13)

CTAS 21 (38) 25 (45) 9 (16)

Mean 22 (40) 25 (45) 8 (15)
Discussion

Interpretation of findings

Our Skyer benchmark assessed the reliability of cutting-
edge large language models for ED triage and their poten-
tial role as ED staff assistants, comparing them against one
another and human experts. Overall triage score perfor-
mance weighted over- and under-triage errors differently
due to their significant impact on patient outcomes. Our
findings indicate that among various models evaluated for
triage using “parent-type prompts,” ChatGPT-4.5-preview
and Gemini-2.5_05-06 demonstrated statistically significant
overperformance. Other over-performing models, including
Deepseek-R1-70b, Gemini-1.5-pro, and Gemini-2.0-pro-
experimental and at lower rates, Gemma-3-27b-it, showed
notable practical improvements over human experts in triage
tasks, specifically in reducing both over-triage and under-
triage errors. However, these differences were not statisti-
cally significant, (Table 3). To ensure consistent and reliable
responses in ED settings, our leading models were evaluated
twice more, except Gemini-2.0-pro-experimental which was
unavailable. The results indicate that ChatGPT-4.5-preview
and Gemini-2.5_05-06 demonstrated acceptable consistency
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Fig.1 Mean of ESI and CTAS
triage scores of triage sources
100%

75%
50%
25%

0%

across triage tasks, making them the most reliable models.
While Gemini-1.5-pro achieved a high weight score and
consistency, it lacked statistical significance. Similarly,
Gemma-3-27b-it and Deepseek-R1-70b showed promising
triage scoring and weighing in the initial assessment, but
their inconsistent performance and lack of statistical signifi-
cance rendered them unreliable for ED triage use (Table 4).

Comparison to previous studies

Previous studies on triage accuracy have yielded varied and
even contradictory results. Some research indicates that
ChatGPT triage was unreliable for complex patients [22,
23] or ChatGPT-v4 had low accuracy and improved with
prompt engineering [24]. Ethical concerns regarding GPT-
40’s unreliability were reported [25]. Additionally, ChatGPT
and Copilot were found to be inaccurate, though better at
identifying high-acuity patients [21]. Conversely, other stud-
ies present more optimistic findings. Sorich et al. reported
high adult triage performance for GTP-40, Claude-3.5-Son-
net, and Gemini-1.5-Pro, with urgency overestimation as the
main error [4]. Trained GPT-4.0 and Claude-3 Opus showed
improved predictive performance and reliability in high tri-
age levels [26]. Al-enabled triage tools achieve substantial
agreement with GP urgency assessments [27]. Halwani
et al. reported that SVM, RF, and LGBM demonstrated high
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Mean under-triage

Mean over-triage [l Mean correct triage

performance with consistent precision and recall across all
CTAS triage levels [28]. Anoka study showed that the KATE
triage model improved accurate risk stratification compared
to Gemini, Copilot, ChatGPT, and Pi AI [29].

Evaluating the varied results in large language models’
triage scoring necessitates a unique triage benchmarking
approach. Previous benchmarks focused on Q&A tasks
(ClinicBench, Liu et al. [30]) or model-user conversations
(Healthbench, Arora et al. [31]). The closest benchmark to
Skyer was Kirch et al.’s TRIAGE, which evaluated models’
capacity for ethical decision-making during mass casualty
incidents [32].

Strengths and limitations

The primary strength of Skyer is its use of pediatric cases
that mirror real-life scenarios, with prompts reflecting par-
ents’ typical descriptions of their children’s symptoms.
Its accuracy is evaluated in the most challenging environ-
ment, EDs, focusing on complex patient groups: pediatrics.
Meanwhile, Skyer employs a weighing system to evaluate
the varying impacts of models over- and under-triage on
patient outcomes and their consistency.

The primary limitation is that relying solely on large
language models for triage raises ethical concerns. Patients
seeking prioritized care might exaggerate symptoms to
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Table 4 Consistency of top large language models performances in
triage

Large language model Triage
consist-
ency (%)

ChatGPT-4.5-preview 85

Gemini-1.5-pro 82

Gemini-2.5_05-06 80

DeepSeek-R1-70B 60

Gemma-3-27b-it 60

models, without human oversight to verify their claims.
This is framed as an ethical challenge rather than a system
failure. Another significant concern is overreliance on Al
systems for diagnosis and triage, which could lead patients
to forgo professional medical care. Our research highlights
the necessity of precise descriptions for accurate model diag-
noses. We emphasize that non-expert patient interactions
with Al may be unreliable, especially given the risk of model
hallucinations.

Clinical implications

Overcrowded EDs strain the traditional triage system, lead-
ing to human error, fatigue, and long waiting times, which
can compromise patient health and care quality. Large lan-
guage models can potentially assist the ED system. Previous
similar studies often relied on textbook or exam questions,
which may overlap with the model training datasets and
do not accurately reflect real-world scenarios. Meanwhile,
their prompts are crucial; for instance, it is unclear whether
Sorich et al. models’ good performance was responsible
for the positive results or their prompt types [4]. Since the
prompts cannot be revealed, a unified benchmark is crucial
for evaluating the results. Skyer can play an important role
in evaluating large language models to identify the best one
as an ED assistant. Since relying solely on them for triage
raises significant ethical concerns, it can be addressed in
two ways:

1. Large language models as an assistant: They can assist
triage nurses by rapidly providing triage scores and
allow human review if there are any discrepancies.

2. Tiered triage system: Patients with triage scores of 1
and 2 will be sent directly to physicians. Patients with
scores 3, 4, or 5 will undergo a second nurse triage to
ensure accuracy. This approach minimizes waiting times
for critical patients and helps identify and re-triage those
attempting to exploit the system.

&)\ Springer gﬁ% CAEP | ACMU

Research implications

Skyer benchmarked recent large language models for their
ED triage performance. This establishes the foundation for
evaluating models to identify better-performing models as
ED assistants for diagnosis and decision-making as well as
triage. We are developing an Al-based patient agent that
interacts with models, rates them based on expected out-
comes, and assists in developing new models.

Conclusion

Our Skyer benchmark used synthetic realistic pediatric
ED cases, which presented a greater challenge compared
to previous studies. The triage performance was evalu-
ated based on triage accuracy, weights, and consistency. It
showed that ChatGPT-4.5-preview and Gemini-2.5-05_06
performed strongly in triage, offering reliable assistance to
existing ED triaging systems. We propose that these high-
performing models serve as assistive tools in EDs, operating
under the careful oversight of human experts. They could
offer several benefits, including reduced patient wait times,
decreased staff burnout, fewer misdiagnoses, and improved
patient outcomes.
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