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Emergency departments (EDs) 
face growing care pressure due to 
increasing patient volumes, limited 
resources, and the need to provide 
rapid and accurate  at tent ion. 
Diagnostic delays are a key factor in 
ED overcrowding and are associated 
with increased morbidity and mortal-
ity.1,2 Traditionally, diagnostic tests 
are ordered only after the initial 
medical evaluation, which can gener-
ate delays—especially in overcrowd-
ed settings.3 Triage allows clinicians 
to stratify patients and assign priori-
ty, but it does not activate diagnostic 
test ordering. With advances in artifi-
cial intelligence (AI), particularly 
large language models (LLMs) such 
as ChatGPT (OpenAI), there is in-
creasing interest in their application 
as clinical support tools.4,5 These 
models can process free-text input 
and generate relevant recommenda-
tions,6 although their use in real clin-
ical environments remains limited.

This study assessed the ability of 
ChatGPT (GPT-4, March 2024 ver-
sion) to suggest diagnostic tests 
based on triage notes, and whether 
these suggestions matched real med-
ical decisions. It also simulated the 
operational impact of an alternative 
workflow in which diagnostic tests 
are ordered before medical evalua-
tion (Circuit 2) vs the traditional 
workflow (physician before test, 

Circuit 1). The analysis explored how 
this intervention could reduce care 
times according to hospital type 
(public or private) and saturation lev-
el (low, medium, high).

We conducted a retrospective obser-
vational study using triage data from an 
academic private tertiary referral center in 
Spain. The protocol was approved by 
Hospital Costa del Sol (Málaga, Spain) 
Ethics Committee. A total of 100 consec-
utive adult patients who presented to the 
ED with a free-text triage narrative were 
included. Minors, patients without medi-
cal evaluation, and cases with incomplete 
data were excluded. A total of 84 pa-
tients were analyzed. For each triage 
note, ChatGPT was asked to suggest the 
most appropriate diagnostic test, restrict-
ed to common ED tests (blood or urine 
analysis, ECG, radiography, ultrasound, 
CT). Actual medical decisions were drawn 
from health records, and 3 independent 
physicians determined the main diagnos-
t i c  t e s t  o r d e r e d  i n  e a c h  c a s e . 
Concordance was established when the 
model’s recommendation matched the 
medical test. In discordant cases, a sec-
ond round was performed by adding the 
full medical anamnesis to the model 
prompt to determine whether concord-
ance improved.

Two diagnostic pathways were simu-
lated for each patient: Circuit 1 (triage –> 
physician –> test) and Circuit 2 (triage –> 
test –> physician). Estimated times for 
each step (physician evaluation, diagnos-
tic tests) were obtained from the litera-
ture and internal reports (Tables 1 and 

2)7-13 and were adapted to each hospital 
type and level of saturation (Table 3). 
Time differences between circuits were 
calculated, and paired t-tests were used 
for comparison, along with ANOVA and 
linear regression to analyze predictors of 
t ime savings (Supplementary data: 
ht tps : // rev i s taemergenc ias .org/ex-
tra/5061.pdf).

Most of the 84 patients analyzed 
were categorized as level IV under 
the Manchester Tr iage System 
(58.3%), followed by levels III, II, 
and V. In 58 cases (69.0%), the diag-
nostic test suggested by ChatGPT 
based on triage coincided with the 
medical order, yielding a kappa in-
dex of 0.41 with a 95% confidence 
interval (95% CI) of 0.37–0.44. 
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Table 1. Estimated waiting times from 
triage to medical evaluation
Hospital 
type

Saturation 
level

Estimated waiting 
time (minutes)

Public Low 20–30
Medium 50

Very high > 90 (may exceed 2 
hours)

Private Low 10–15
Medium 20
Very high 30

Estimated waiting times from triage to medical 
evaluation in Spanish hospital emergency de-
partments, stratified by hospital type and satu-
ration level. Times are based on official public 
reports and internal hospital audits.7-14
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Among the 26 discordant cases, after 
adding the anamnesis, the model 
modified its recommendation in 14 
cases (53.8%); 9 of these aligned 
with the medical test. Thus, overall 
concordance increased to 67 of 84 
cases (79.8%), resulting in a Cohen’s 
kappa of 0.44 (95% CI, 0.41–0.47). 
Table 3 illustrates the triage level ac-
cording to the Manchester system, 
the diagnostic test requested by the 
AI model, and the degree of con-
cordance with the physician’s re-
quest—both at the initial triage stage 
and after including anamnesis in the 
discordant cases.

Simulation demonstrated that 
Circuit 2 was systematically faster—or 
at least equal—vs Circuit 1 in all sce-
narios. The average total time was 
53.6 minutes in Circuit 1 vs 39.2 
minutes in Circuit 2, with mean sav-
ings of 14.4 minutes per patient (SD, 
8.1). The greatest savings were ob-
served in highly saturated public hos-

pitals (> 22 minutes), and the smallest 
in low-demand private hospitals (6.3 
minutes). Nevertheless, all scenarios 
showed statistically significant differ-
ences (P < .001). Multivariate regres-
sion confirmed that both hospital 
type and saturation level were signifi-
cant predictors of time saved. Public 
hospitals were associated with an ad-
ditional savings of 9.8 minutes vs pri-
vate hospitals (β = 9.8; P < .001). For 
every additional saturation level, an 
average of 4.0 minutes was saved 
(β = 4.0; P < .001). The model ex-
plained 12.1% of the variance in time 
saved (R² = 0.121).

These findings suggest that incor-
porating AI-generated diagnostic rec-
ommendations at triage, along with 
workflows that enable early activa-
tion of tests, can significantly reduce 
care times. The greatest benefits oc-
cur in high-pressure settings, such as 
saturated public hospitals. Unlike for-
mer studies that used structured 

tools or predefined protocols, this 
study relied on real free-text inputs, 
better representing the complexity of 
the  c l i n i c a l  env i ronment . 14 ,15 
Additionally, the results showed that 
symptoms recorded at triage often 
do not reflect the true clinical prob-
lem, generating discordance. When 
the LLM re-evaluated cases with the 
added clinical anamnesis, concord-
ance improved. However, no trend 
was observed toward requesting 
more or fewer tests, nor were specif-
ic differences found related to reason 
for consultation or triage level. This 
was likely related to the sample size 
in both conditions.

Cognitive plausibility of LLMs as 
early clinical support tools is rein-
forced by the high AI-physician con-
cordance (nearly 80%), surpassing 
studies limited to performance on 
medical examinations.6 However, 
limitations must be considered, such 
as the use of data from a single pri-
vate hospital and the simulated des-
ing of the time analysis, which may 
differ from real-world practice. In 
conclusion, this pilot study shows 
that integrating diagnostic AI into 
triage—along with workflows that 
anticipate test ordering—can mean-
ingfully enhance ED operational effi-
ciency. The effects are especially pro-
nounced in public hospitals and 
high-saturation contexts. Future pro-
spective studies in real clinical envi-
ronments will be necessary to vali-
date these findings and explore their 
impact on patient-centered clinical 
outcomes.
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Table 2. Estimated times for diagnostic testing

Hospital type Estimated time (minutes)

Plain radiography Public 30 (up to 60 if highly saturated)
Private 15–30

Blood tests (CBC, coagulation, chemistry)
Public 35
Private 30–45

Electrocardiogram Public < 10
Private 5–10

Urine dipstick Public 5
Private 5

Vital signs Public 2–5
Private 2–5

Urgent CT scan Public 30 (up to +60 if highly saturated)
Private 20–30

Ultrasound Public 60
Private 30–45

Estimated times for performing common diagnostic tests in Spanish hospital emergency depart-
ments according to hospital type.

Table 3. Simulated times according to hospital type, saturation level, and circuit
Saturation 

level degree of 
saturation

Circuit Mean (SD) 
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