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Abstract

Background: Artificial intelligence (AI) technology can enable more efficient decision-making in healthcare settings. There is a
growing interest in improving the speed and accuracy of AI systems in providing responses for given tasks in healthcare settings.

Objective: This study aimed to assess the reliability of ChatGPT in determining emergency department (ED) triage accuracy
using the Korean Triage and Acuity Scale (KTAS).

Methods: Two hundred and two virtual patient cases were built. The gold standard triage classification for each case was
established by an experienced ED physician. Three other human raters (ED paramedics) were involved and rated the virtual
cases individually. The virtual cases were also rated by two different versions of the chat generative pre-trained transformer
(ChatGPT, 3.5 and 4.0). Inter-rater reliability was examined using Fleiss’ kappa and intra-class correlation coefficient (ICC).

Results: The kappa values for the agreement between the four human raters and ChatGPTs were .523 (version 4.0) and .320
(version 3.5). Of the five levels, the performance was poor when rating patients at levels 1 and 5, as well as case scenarios
with additional text descriptions. There were differences in the accuracy of the different versions of GPTs. The ICC between
version 3.5 and the gold standard was .520, and that between version 4.0 and the gold standard was .802.

Conclusions: A substantial level of inter-rater reliability was revealed when GPTs were used as KTAS raters. The current study
showed the potential of using GPT in emergency healthcare settings. Considering the shortage of experienced manpower,
this AI method may help improve triaging accuracy.
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Introduction
Triage systems are commonly used in emergency depart-
ments (EDs) across the world. The Manchester Triage
System (MTS), the Emergency Severity Index (ESI), and
the Canadian Triage Acuity Scale (CTAS) are some of
the examples of triage systems.1–4 The triage algorithm
can be used to prioritize and sort patients to determine
acceptable medical waiting time and optimize the efficiency
of emergency care.5 Triaging entails the classification of
patients according to background information and the pre-
senting symptoms, enabling timely identification of patients
who require urgent care.5
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In Korea, the Korean Triage and Acuity Scale (KTAS) is
universally used and applied to all patients admitted to
EDs.6 Patient overload and shortage of healthcare personnel
and patient beds is a known challenge in the EDs across
Korea. The KTAS was developed by the Ministry of
Health and Welfare in 2012 to address this issue.7 The
KTAS has been implemented in emergency centers in
Korea since 2016.6 These facilities catered to ∼7.2
million patients in 2022, corresponding to a patient–bed
ratio of 1009.8 The regional emergency medical centers at
tertiary-level hospitals, catering to more critical patients,
had a higher proportion of level 1 (requiring resuscitation)
and level 2 (emergent) cases, and the shortage of workforce
in these settings hampers the quality of care.9

The KTAS is a symptom-based classification tool used
for assessing patients. It involves evaluating the initial
impression given by the patient, conducting basic inter-
views and examinations, and considering the presenting
symptoms. The primary considerations that apply to
common symptoms and secondary considerations specific
to particular symptoms are used to determine the severity
and urgency of the patient’s condition.6 However, general
triage systems are not sufficiently specific for every
illness,3,4 and the diverse back ground of the personnel con-
ducting triaging is another concern. The complexity of
symptoms as well as the capacity, knowledge, and experi-
ence levels of classifiers may lead to discrepancies in the
outcomes of triage.10

The recommended time for the initial medical examin-
ation by an emergency physician is determined on five
levels, ranging from immediate to within 120 min in the
following order: (a) age (15 years as the age criterion for
distinguishing between adults and pediatrics), (b) main
symptom, (c) consciousness and vital signs, (d) pain
pattern, and (e) other factors, e.g., pregnancy and psycho-
logical state. The system utilizes a total of 155 symptoms
for adults and 165 symptoms for pediatric cases, classified
into 17 common groups. The selection of symptoms and
consideration of first and second criteria are designed
such that the first consideration criteria include conscious-
ness, hemodynamic status based on vital signs, degree of
respiratory distress, fever, pain, presence of bleeding dis-
orders, and the mechanism of injury—applicable uni-
formly across most symptoms. The second consideration
criteria are applicable to specific symptoms. For instance,
if “sudden changes in vision” is chosen as the primary
symptom, it is further classified as level 2 in the second
consideration criteria if there is “sudden change in
vision.” It is important to note that “sudden changes in
vision” is a consideration limited to certain eye-related
symptoms.6

Those with the highest priority will receive treatment
first, while patients with lower classifications might wait
for treatment.11 Given the importance of accurate triage
classifications, there is a need to strengthen the ability and

acuity of classifiers. Triage systems have started to incorp-
orate artificial intelligence (AI) technology to support the
clinical decision-making process. A previous systematic
review of various clinical decision-making support
systems for triage classifications found improvements in
decision-making, leading to better patient outcomes.12

Various techniques, from logistic regression to neural
networks, have utilized machine learning approaches to
improve the accuracy of patient prioritization.13 Accurate
remote triage classifications using wearable devices are
expected to substitute for manpower.13 Recent studies
have demonstrated the potential of chat generative pre-
trained transformer (ChatGPT)14 in assisting informed
decision-making by health providers.15–17 ChatGPT ana-
lyzes various written materials fed into neural net-
works.18,19 This AI technology understands and responds
to conversational input in a human-like manner.

Developed by OpenAI, ChatGPT is a large language
model (LLM).14 GPT3.5 utilizes ∼175 billion parameters
and is trained on about 753.4 GB of data from various
sources, including the World Wide Web, books, and
Wikipedia. ChatGPT uses the GPT3.5 model, which is a
version of GPT3 enhanced by reinforced learning with
human feedback (RLHF) to improve response accuracy
and expression. ChatGPT4 employs one trillion para-
meters and can comprehend and construct longer and
more intricate sentences. The ability of GPT4 to retain
more contextual data in its memory makes it more
intelligent.14

ChatGPT not only gathers data from every source avail-
able, but it also establishes connections between various
pieces of data.11 Given its predictive power, previous
studies have examined its performance in medical licens-
ing exams20 and the use of a data set for medical ques-
tions.21 The present study was conducted to examine the
reliability of ChatGPT ratings used to establish KTAS
levels. The accuracy of triaging by ChatGPT was deter-
mined by assessing inter-rater reliability with human
raters. A substantial agreement would indicate the poten-
tial of generalizing the use of ChatGPT in ED and health-
care services.

Methods

Design

This was an inter-rater reliability study performed using
written triage case scenarios. The individual scenarios
were constructed virtually based on KTAS version 1.6
guidelines, incorporating the clinical experience of an emer-
gency medicine specialist (the first author). The assessment
consisted of 17 major items and detailed sub-categories.
Each case focused on clinical significance with an intention
to ensure complexity.
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Instrument

Triage scale. KTAS is a modified version of CTAS which is
adapted to the emergency medical settings in Korea.7 It is a
five-level triage scale that classifies patients as KTAS 1–5
(1, resuscitation; 2, emergent; 3, urgent; 4, less urgent;
and 5, non-urgent). The priority of care is determined
based on this classification.

Virtual patient scenarios. This study used 202 clinical case
scenarios requiring triage assessment. Using the confidence
interval (CI) approach, suggested by Rotondi and Donner,22

following previous study,23 the anticipated value of K was
set at .66 with an upper bound of .56 and lower bound
of .76. The minimum sample size for four raters was
81. Considering the comparative analysis of the characteris-
tics of virtual patients, a total of 202 virtual patient scen-
arios (100 cases with text and 102 cases without text)
were used for statistical analysis. Using the method
described by Walter et al.,24 and factoring a target intra-
class correlation coefficient (ICC) of .80, this sample size
was sufficient.

The scenario describes the demographic characteristics
of patients (age, sex), chief complaints, vital signs,
medical history, and other information (e.g., numerical
rating scale (NRS) score for pain). Based on previous
studies conducted in emergency centers of tertiary hospi-
tals,25–27 estimates of the prevalence of individual five
triage levels were determined. The mean age of virtual
patients was 56.04 years with adults accounting for
92.1% of patients and pediatric patients accounting for
7.9%. The most common reasons for admission were pain
(23.3%), followed by trauma (10.9%) and dyspnea (7.9%)
(Table 1).

Participants

All healthcare professionals currently working at ED and
assuming triage role were eligible. Assessment of inter-rater
reliability requires a minimum of two raters. The sample
size for the number of raters was not guided by any previous
study; yet, a previous study showed that increasing the
number of raters improves the precision.28 This study
used a purposive sample of four staff members selected
by the head of the ED from among staff who were
willing to participate in this study. All participants had
undergone training and were experienced in the use of
KTAS before the study and had a working experience of
at least 3 years in the ED.

KTAS rating

Scoring was conducted by four human raters (one emer-
gency medicine specialist and three emergency medical
technicians) and ChatGPT3.5 and 4.0. The four human

raters independently conducted KTAS classifications
based on clinical data on vital signs, Glasgow coma
scale (GCS) scores, NRS scores, chief complaints, and
other relevant parameters. All human raters were cur-
rently working at a regional emergency medical center
in Korea.

KTAS rating by ChatGPT

To evaluate how accurately ChatGPT determined the condi-
tion of emergency patients, we asked GPT3.5 and GPT4 to
rate the patient’s urgency based on the KTAS classification.
ChatGPT3.5 was asked to evaluate the KTAS classification
using its application programming interfaces (APIs).29 In
this case, the model was GPT3.5-turbo, and the temperature

Table 1. Demographic and clinical characteristics of virtual patients
(N= 202).

Characteristics Categories N (%) or M± SD

Age (years) 56.04± 23.67

Division Adult 186 (92.1%)

Pediatric 16 (4.9%)

Gender Male 111 (55.0)

Female 91 (45.0)

Mental status Alert 182 (90.1)

Drowsy 10 (5.0)

Stupor 7 (3.5)

Semi coma 0 (0.0)

Coma 3 (1.5)

Chief complaint Pain 47 (23.3)

Chest pain 9 (4.5)

GI trouble 14 (6.9)

Trauma 22 (10.9)

Altered mentality 8 (4.0)

Fever 13 (6.4)

Dyspnea 16 (7.9)

URI symptoms 8 (4.0)

Others 65 (32.2)

Kim et al. 3



variable was set to 0. To evaluate ChatGPT4, we asked
questions on the web using GPT PLUS, where we could
not change the temperature variable. The questions asked
of GPT3.5 and GPT4, including patient information and
basic medical information, were all in Korean and were
organized as:

Please classify the severity of the Korean Triage and Acuity
Scale (KTAS) scores of patients with the following symp-
toms and answer in the KTAS form, for example, sex: F,
age: 26, main symptom: headache, consciousness: alert,
GCS score: 15, vital signs: blood pressure 180/
100-110-15-36.5, NRS score for pain: 3, and pregnancy
at 34 weeks.

Statistical analysis

Inter-rater reliability was analyzed using Fleiss’ kappa
and the ICC. KTAS agreement was compared both as cat-
egorical variables and ordinal scores of urgent ratings.
Fleiss’ kappa was used to measure inter-rater reliability
for categorical data KTAS classifications (1, resuscita-
tion; 2, emergent; 3, urgent; 4, less urgent; and 5, non-
urgent). The ICC was used to assess the degree of
overall reliability between ChatGPT and gold standard
(rater 1) as an ordinal variable (KTAS score 1–5).
Fleiss’ kappa values were interpreted according to
Landis and Koch30 as fair (.21–.40), moderate
(.41–.60), substantial (.61–.80), and almost perfect
(.81–1.00). An ICC below .50 was considered to indicate
poor, >.50 and ≤.75 moderate, >.75 and ≤.90 good, and
>.90 excellent correlations.31 Additional calculations
were conducted for each analysis according to whether
the questions included text with descriptions of the
patient’s condition.

Results
The characteristics of the four human raters are presented in
Table 2. Excluding the gold standard, the mean age and
career experience of human raters were 26.7 and 3.7
years, respectively.

According to ratings by the gold standard, the largest
proportion of patients was categorized in levels 3 (41.1%)
and 2 (34.2%) (Table 3). Five percent of virtual patient
scenarios were categorized as level 1 and one percent as
level 5 (Table 4).

Overall, there was substantial agreement between human
raters (kappa= .646, 95% CI= .610–.682) (Table 4).
However, the value was lower when ChatGPT3.5 (kappa
= .320, 95% CI= .294–.346) and 4.0 (kappa= .523, 95%
CI= .496–.551) were added as raters. When the cases
were divided according to the inclusion of a text descrip-
tion, the kappa values for cases without text were better

between human raters when ChatGPT3.5 and 4.0 were
added. The lowest agreement was when ChatGPT3.5 was
added in triage level 1 cases with texts (kappa= .067,
95% CI= .006–.129).

The ICC for the inter-rater reliability of triage levels
between rater 1 and ChatGPT3.5 was classified as moder-
ate. There was good inter-rater reliability between rater
1 and ChatGPT4.0. The values were higher when cases
had text descriptions (Table 5).

Discussion
With technological advances, several attempts have been
made to resolve the existing barriers preventing the
optimal use of AI in healthcare. Timely treatment of
patients is a key imperative in the ED. Therefore, develop-
ing a system to support the accurate and speedy classifica-
tion of patients is of utmost importance. Triage is a tool to
establish treatment priority by accurate grading of patients.
Leveraging AI technology for patient triage can ensure
objectivity. This study evaluated the inter-rater reliability
for triage-level determinations between human raters and
ChatGPT3.5 and 4.0. There was substantial inter-rater reli-
ability among human raters for determining the level of
urgency of cases. The inter-rater reliability of ChatGPT
and human raters varied depending on the version of
ChatGPT and the KTAS level.

Overall, the performance of ChatGPT4.0 in determining
patient levels was much better than that of ChatGPT3.5 and
was close to that of the gold standard and human raters.
This result indicates the potential of incorporating this AI
technology into clinical decision-making support systems.
The results were consistent with those of a previous study
in which the performance of ChatGPT4.0 far exceeded
that of ChatGPT3.5, and ChatGPT4.0 exhibited a consistent

Table 2. General characteristics of the human raters (n= 4).

Gender Occupation
Age
(Years)

Career
(Years)

Rater 1 (gold
standard)

M Emergency
physician

47 17

Rater 2 M Emergency
medical
technician

27 4

Rater 3 M Emergency
medical
technician

26 4

Rater 4 M Emergency
medical
technician

27 3
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performance with a substantial understanding of complex
clinical information.32,33 However, another study revealed
higher unsafe triage by ChatGPT4.0 when compared to
other software (e.g., Ada or WebMD).34 The authors sug-
gested the need to conduct more rigorous and large
sample assessments using real-world clinical data for valid-
ating ChatGPT prior to its application in clinical settings.

The findings of the Fleiss’ kappa analysis indicated the
lowest agreement at KTAS levels 1 and 5 among human
raters, as well as when ChatGPT3.5 and 4.0 were used.
The disagreement in the distribution of triage outcomes is
due to over-triage tendency of ChatGPT. Given the import-
ance of minimizing risk and over-utilization of resources,
the accepted goals for under- and over-triage are suggested
as <5% and between 25 and 30%, respectively.35 In previ-
ous studies, misconceptions regarding symptoms and the
selection of incorrect items were identified as the reasons
for the disparity in KTAS grading between health
workers.36,37 ChatGPT can also make the same errors.38

For these reasons, prior research suggested the need for
supervised learning of ChatGPT, in which questions and
the correct answers are created by humans.39 This rigorous
supervised learning can improve the accuracy of the
answers. Inputting correct answers for a large number of
real-world cases would improve the accuracy of AI ratings.

However, the question of how to construct the best
prompt remains unresolved. In previous studies investigat-
ing the reliability of GPT4, repeating clear prompts
improved its ability to generate a consistent rating, while
inappropriate prompts reduced the consistency.40 It is
important to develop a comprehensive and clear prompt
because the quality of its meaning and translation is tremen-
dously affected by it.41 A previous study identified varying
performances depending on the prompt used to optimize
LLMs.42 In particular, the performance of ChatGPT4.0
improved when queries provided additional text-based
information within the prompt.42

Even though ChatGPT4 has exhibited sufficient medical
knowledge to pass medical examinations,43,44 there are still

concerns regarding its application in the field of medicine
because it is a general AI model. Therefore, it is not yet
good enough to rate KTAS scores correctly, and there is a
need for it to learn more information related to emergency
medicine. In the future, ChatGPT can be improved for
emergency medical use via few-short learning45 and fine-
tuning.46 It is also possible to develop a new LLM dedi-
cated to emergency medicine similar to Impression
ChatGPT.47

Future implementation
The current study demonstrated the possibility of using
ChatGPT as a KTAS rater and its application in healthcare
settings. However, the use of virtual scenarios was a limita-
tion of this study and our findings may not be generalizable
to real-world settings. Indeed, the application of ChatGPT
is not free of challenges. Further, there was inconsistency
in its rating depending on the complexity of the scenarios.
For example, it was significantly worse at identifying
patients who require resuscitation. In this context, prior
studies have explored the approach to forming human–AI
teams in medical settings.48 Despite the increase in AI cap-
abilities, the situational awareness provided by human
raters is critical in medical settings. Extensive research on
the informational needs of human raters and end-user
research on AI technology is required prior to its application
in clinical settings.

Processes using ChatGPT and other AI tools are antici-
pated to be slightly faster compared to human ratings, util-
izing input data to achieve more accurate and objective
assessments. However, concerns pertaining to the reliabil-
ity of such a system remain. Thus, AI systems need to be
adequately trained and tested to mitigate the potential for
any negative public health impact. Identified problems,
such as artificial hallucinations (a phenomenon of
AI-generated information that does not correspond to
any real-world input),49 pose a significant risk for its
applications in healthcare. Previous research has

Table 3. Triage distribution by raters (N= 202).

Triage Level 1 Level 2 Level 3 Level 4 Level 5

Gold standard (rater 1) 10 (5.0) 69 (34.2) 83 (41.1) 38 (18.8) 2 (1.0)

Rater 2 15 (7.4) 68 (33.74) 74 (36.6) 40 (19.8) 5 (2.5)

Rater 3 15 (7.4) 69 (34.2) 76 (37.6) 37 (18.3) 5 (2.5)

Rater 4 4 (2.0) 67 (33.2) 84 (41.6) 44 (21.8) 3 (1.5)

GPT3.5 100 (49.5) 97 (48.0) 5 (2.5) 0 (0.0) 0 (0.0)

GPT4 12 (5.9) 55 (27.2) 71 (35.1) 59 (29.2) 5 (2.5)

Kim et al. 5
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highlighted the need for monitoring and validation of
ChatGPT-generated outcomes.38 Thus, more research is
required to demonstrate its reliability and ensure safe use
in healthcare settings.

In a previous study, ChatGPT outperformed humans in
making basic text classifications, demonstrating its potential
for increasing efficiency. The use of algorithm-based deep
learning was shown to improve the use of ChatGPT in emer-
gency healthcare situations.50 The limited exposure of
under-trained health professionals and paramedics to
KTAS rating and their relatively low patient encounter
rates pose challenges to evaluating input data. Specifically,
the implementation of KTAS grading (Pre-KTAS) in a pre-
hospital setting in Korea is planned for December 2023.
Leveraging AI assistance during data input for KTAS
grading may yield more objective classification results
than in emergency care settings, which often rely on under-
trained human raters.

Conclusion
This study was the first attempt to explore the synchrony
between human raters and GPTs using KTAS scores. Our
results demonstrated the possibility of using ChatGPT as
a KTAS rater and revealed some degree of reliability.
Some factors affected its performance, including prompts
and KTAS levels. However, the ChatGPT did not achieve
sufficient agreement with other human raters. Therefore,
further research on how ChatGPT learns can help
improve the accuracy of the ratings. A precise design for
the application of ChatGPT in emergency systems could
be optimized in a pre-hospital setting where fast decisions
by under-trained health providers are needed.
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