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ARTICLE INFO ABSTRACT
Keywords: Background and aims: This study developed a clinical support system based on federated learning
Triage to predict the need for a revised Korea Triage Acuity Scale (KTAS) to facilitate triage.
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Methods: This was a retrospective study that used data from 11,952,887 patients in the Korean
National Emergency Department Information System (NEDIS) from 2016 to 2018 for model
development. Separate cohorts were created based on the emergency medical center level in the
NEDIS: regional emergency medical center (REMC), local emergency medical center (LEMC), and
local emergency medical institution (LEMI). External and temporal validation used data from
emergency department (ED) of the study site from 2019 to 2021. Patient features obtained during
the triage process and the initial KTAS scores were used to develop the prediction model.
Federated learning was used to rectify the disparity in data quality between EDs. The patient’s
demographic information, vital signs in triage, mental status, arrival information, and initial
KTAS were included in the input feature.

Results: 3,626,154 patients’ visits were included in the regional emergency medical center cohort;
8,278,081 patients’ visits were included in the local emergency medical center cohort; and
48,652 patients’ visits were included in the local emergency medical institution cohort. The study
site cohort, which is used for external and temporal validation, included 135,780 patients visits.
Among the patients in the REMC and study site cohorts, KTAS level 3 patients accounted for the
highest proportion at 42.4% and 45.1%, respectively, whereas in the LEMC and LEMI cohorts,
KTAS level 4 patients accounted for the highest proportion. The area under the receiver operating
characteristic curve for the prediction model was 0.786, 0.750, and 0.770 in the external and
temporal validation. Patients with revised KTAS scores had a higher admission rate and ED
mortality rate than those with unaltered KTAS scores.
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Conclusions: This novel system might accurately predict the likelihood of KTAS acuity revision and
support clinician-based triage.

1. Introduction

Triage is a strategy for rapidly classifying patients upon their arrival in an emergency department (ED) to identify the urgency of
further assessment or care [1,2]. Promptly classifying and assigning patients to the appropriate resources in the proper location is
critical to the overall operation of an ED [3-5]. Furthermore, because the triage system helps classify patients with potentially
deteriorated status, timely and accurate triaging of patients is crucial to patient outcomes [6-8].

While triage skills can be acquired through training and education, accuracy can vary based on the nurse’s or physician’s expe-
rience or emergency department (ED) crowding [2,9-11]. Such systems are often challenging in actual practice, when both time and
information are limited and patients have various medical conditions, so triage staff often rely on their intuition and clinical experience
with triage [12]. Several studies reported reasons for re-evaluation of triage [13-15]. Over-triage exhausts ED resources prematurely,
and under-triage of patients can cause delays in proper treatment, prolonged length of stay (LOS), and compromised patient safety [5,
16-19].

Several studies have applied deep learning (DL) or other artificial intelligence-based models on triage acuity scales for better
prediction [12,20-23]. These studies on DL-based triage and acuity scores predicted in-hospital mortality and hospitalization during
triage [20,22,24-28]. However, there have been a few attempts to predict miss-triaged patients at triage. Furthermore, data quality of
local emergency centers is often compromising due to each institution’s manpower, size and condition of medical center [29]. Dif-
ference of data quality among each medical center’s levels causes difficulty in conducting conventional validation.

Recently, federated learning (FL) has been studied in the medical field to protect patient data, satisfy hospital security policies,
make it possible to apply machine learning to real multi-institutional training data, and overcome differences in data quality among
institutions [30-34]. The FL process requires a server—client structure [33]. The client (each institution) sends a weight of training
results to an aggregation server without raw data exposure. The aggregation server collects the weights from each institution and then
performs federated averaging to average the weight and update the new global model [34]. After that, each institution downloads a
new global model from the aggregation server, performs validation, and repeats the local training process.

For this study, we developed a federated learning-based clinical support system to assist clinicians in using a five-level triage acuity
scale, the Korea Triage Acuity Scale (KTAS), by predicting the probability of revised KTAS acuity in advance and classifying presumed
severe patients more accurately to provide them with timely care.

2. Methods
2.1. Study setting and population

We conducted a retrospective study using the National Emergency Department Information System (NEDIS) database for model
derivation. NEDIS collects data from patients who visit 151 EDs in Korea in real time. For this study, patient information was included
from January 1, 2016, to December 31, 2018. We additionally collected data from the ED of a 1,989-bed tertiary referral hospital from
2019 to 2021 for temporal validation. We excluded patients whose visits did not involve treatment (patient registration for medical
certification or prescription); who left without being seen; or were younger than 20 years from both populations. Patients with missing
triage information, including KTAS score, mental status, discharge date, or mode of arrival, were also excluded.

This study was approved by the Institutional Review Board (IRB) of the Samsung Medical Center (IRB No. 2021-03-198). The need
for informed consent was waived by the institutional Review Board (IRB) of the Samsung Medical Center Samsung Medical Center
because of the retrospective, observational, and anonymous nature of the study. All methods were performed in accordance with the
relevant guidelines and regulations. It was not appropriate or possible to involve patients or the public in the design, or conduct, or
reporting, or dissemination plans of our research public were not involved in the design, or conduct, or reporting, or dissemination
plans of this research.

2.2. Korean Triage Acuity Scale

The KTAS is a nationwide triage tool in Korea created based on the Canadian Triage Acuity Scale and the five-level triage system [8,
35]. KTAS is a 5-level triage and acuity scale with the assessor selecting from a chief complaint list and then selecting the primary
modifiers or special modifiers to assign an appropriate score. It uses 155 main complaints for adults and 165 complaints for children.
After complaints are selected, common and general characteristics of all complaints are the primary consideration. Secondary con-
siderations are the specific characteristics of each complaint [8,15]. The KTAS includes both severity and urgency [8,36]. Priority of
care is determined on the basis of KTAS classification results. The KTAS is used by nurses, emergency medical technicians, or doctors
who have been certified by The Korean Society of Emergency Medicine [8,36].
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2.3. Comparison of ED clinical outcomes between rKTAS and uKTAS

Patients whose KTAS scores were revised were categorized into the revised KTAS acuity (rKTAS) group, whereas patients with
unchanged KTAS acuity were categorized into the unchanged KTAS acuity (uKTAS) group. According to a previous study, revision of
KTAS acuity is performed for patients who are thought to be under- or over-triaged, which can occur for several reasons [13,14].
Secondary outcomes included LOS, discharge to home, ED death, ward admission, and transfer after ED, and these outcomes were
compared between the KTAS rKTAS and uKTAS groups [37]. LOS is expressed as median with interquartile range (IQR), and ED results
are expressed as counts and percentages. We compared the secondary outcomes between patients in the rKTAS and uKTAS group based
on initial KTAS. We sought to identify differences between rKTAS and uKTAS clinical outcomes to demonstrate the importance of
predicting the probability of KTAS acuity revision.

2.4. Prediction outcomes

This research attempted to predict whether original KTAS scores would be revised prior to ED discharge [38]. Initial KTAS and final
KTAS are both documented in the NEDIS. As a result of many stages, some acuity may be reassessed and if indicated, revised. For
instance, nurses can re-evaluate the KTAS scale immediately after the first triage scale decision if they thought that initial KTAS was
under- or overestimated, and some KTAS adjustments occur during the ED stage due to patient circumstances [13,14]. Therefore, we
sought to predict the possibility of KTAS acuity revision to support initial triage and minimize under- or overestimation of initial triage
stage.

2.5. Data source

Patient data (sex, age, vital signs, ED visits, and derived features) were used for the modeling. All the elements could be collected
during the initial triage time, which is measured initially and is mandatory when patients visit an ED. Demographic information (age
and sex), vital signs (temperature, heart rate, systolic blood pressure, respiratory rate, oxygen saturation), ED visit information (disease
onset to ED visit time, initial and final KTAS scores) were extracted from the clinical data warehouse of the study site and NEDIS.

2.6. Cohort development based on the level system used for Korean emergency departments

Separate cohorts for model development were made according to the level of each emergency medical center in the NEDIS
database. In Korea, emergency medical centers are divided into three levels: regional emergency medical centers (REMCs), local
emergency medical centers (LEMCs), and local emergency medical institutions (LEMIs) [39]. Those levels reflect the size and number
of back-up medical personnel and available departments, so patient characteristics also differ by level. Therefore, cohort were made for
emergency medical centers at each level for additional data quality analysis, population comparison, and model validation. After
conducting conventional validation, federated learning was added to account for the differences in data quality among medical center
levels.

2.7. Data preparation

We built a prediction model to quantify the probability of the primary outcome. All data processing and statistical analyses were
conducted using R software, version 3.6.1, and Python, version 3.6.8. We used the following information from patients who visited an
ED from 2016 to 2018 as input variables for the model: age, sex, systolic blood pressure, diastolic blood pressure, pulse rate, oxygen
saturation, body temperature, initial KTAS score, route of arrival, and method of transportation.

Age was dichotomized as patients older and younger than 65. The alert, response to verbal output, response to pain, and unre-
sponsive (AVPU) scale was used to quantify mental condition. The AVPU scale was utilized instead of the GCS since it saves time and
was demonstrated to be effective in multiple prior studies [40-42]. In addition, the NEDIS only collects AVPU data. The reason for the
ED visit was categorized as disease or trauma. Vital signs were categorized as normal or abnormal. The normal ranges for vital signs
were systolic blood pressure, 100-150 mmHg; diastolic blood pressure, 60-90 mmHg; pulse rate, 50-100 bpm,; respiratory rate, 12-20
breaths/min; body temperature, 36-37.5 °C; Sp02, 95%-100% [43-45]. The visit time was categorized in three groups based on shift
changes for the nurses: 07:00 to 14:59, 15:00 to 22:59, and 23:00 to 06:59. Visit date was categorized as weekdays or weekend. The
method of transportation to the ED was categorized as the 119 (number of emergency services in Korea) group, private ambulance
group, and other group, which includes walk-in patients. The route of arrival indicates whether the patient visited the ED directly
(without another hospital visit) or transferred from another hospital.

2.8. Machine learning

We used four modeling methods. First, a multivariate logistic regression analysis estimated the likelihood of clinical outcomes after
adjusting for other potential factors. Next, machine-learning methods known to be good for classification (random forest, XGBoost, and
DL with the Python packages “Skitlearn” and “Tensorflow”) were used with the following hyper-parameters: number of total trees in
the random forest and the number of layers and number of hidden units which were validated and selected using the validation set.

We used the FL-based machine-learning approach to predict whether patients were under- or over-classified during triage in the ED
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using NEDIS data. The FL approach can be used to build an optimal model by sharing only the weights for each institution without
needing to share raw data. However, FL does require the standardization of patient data for the model. Fortunately, NEDIS already uses
a standardized format for its whole nationwide ED database. Therefore, additional standardization was unnecessary.

In order to perform FL, a client that performs learning in an actual institution and a server that collects learning results of the client
are required. The client is responsible for performing learning on its own by each institution and can transmit the learning result weight
to the server. The server collects weight values sent from each institution and calculates the federated average. This averages the total
weight values and, through this, creates a new global model with advantages over previous models. After that, the client downloads
this global model and proceeds with re-learning. This is called a round, and it is FL to improve the global model by repeating the round.

The weight values exchanged between the server and the client are numerical values generated as a result of learning and are
generally meaningless. This has the advantage of protecting personal information because the original data is not shared.

We used a simple artificial neural network with two parts. The first block contained a fully connected layer and a dropout layer and
used the Rectified Linear Unit activation function with 5 repetitions. The second block was the output layer and used the softmax
activation function. The number of units for each layer was 64, 128, 256, 128, 64 and 3, with a 0.3 dropout rate. We used the stochastic
gradient descent for the optimizer with a learning rate of 0.01. We also considered 5 epochs and a batch size of 64 for local learning; we
performed 20 rounds through 3 individual clients for the FL.

2.9. Model performance measure and validation

To evaluate model discrimination, we plotted the receiver operating characteristic (ROC) and precision recall (PR) curves and
calculated the area under the ROC curve (AUROC), which is informative when the outcome is unbalanced because it depends on the
outcome prevalence. The model calibration plot was assessed by comparing the predicted and empirical probabilities.

We performed validation using the NEDIS population at each ED level in the NEDIS database. Additionally, we performed temporal
validation with information from the study site about patients who visited the ED from 2019 to 2021.

2.10. Statistical analysis

Descriptive statistics are provided for the demographic features and characteristics of ED visits. Categorical variables are expressed
as counts and percentages of the total data available within the database. We compared initial KTAS score at triage with KTAS score at
discharge to identify patterns in outcomes. We performed univariable and multivariable analyses with logistic regression method to
evaluate the risk factors for revision of KTAS scores to further explain differences in the association between features and outcomes. P
< 0.01 was considered statistically significant for all statistical tests. All data processing and statistical analyses were conducted using
R, version 3.6.1.

NEDIS Study site with 2019.01-2021.07
2016 - 2018 External & Temporal
Development set validation set

27,483,303 184,361

Exclusion Criteria

Exclusion Criteria
- Visit without treatment

(8,646,760) Ision |
- Left without Being Seen - Visit without treatment

g : f.se’f1t7v1v2thout Being Seen
- Death on Arrival (75,954) _ (15.595)

- Age under20 (4,837,227)

- Missing information (1,573,246) - Death on Arrival (182)

- Age under20 (27,633)

11,952,887

REMC Cohort LEBI\A2C78ng$rt LEMI Cohort Study site cohort
3,626,154 - 279, 580(3.4%) 48,652 135,780
KTAS misclassified KTAS misclassified KTAS misclassified KTAS misclassified
172,631(4.7%) 279, 580(3.4%) 317 (0.6%) 3,912 (2.9%)

Fig. 1. Flowchart of the study participant selection process and the deviation in each cohort set. NEDIS: National Emergency Department Infor-
mation System, REMC: Regional Emergency Medical Center, LEMC: Local Emergency Medical Center, LEMI: Local Emergency Medical Institution,
KTAS: Korean Triage Acuity Scale.
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3. Results
3.1. Population

The initial NEDIS data included 27,483,303 ED visits from January 2016 to December 2018. Data for patients who visited without
treatment (8,646,760), left without being seen (397,229), dead on arrival (75,954), were younger than 20 years (4,837,227) and
having missing information (1,573,246) were excluded from the study population. The final NEDIS data population (11,952,887) was
divided into three cohorts: REMC (3,626,154), LEMC (8,278,081) and LEMI (48,652). These three cohorts were used as the prediction
model development set. The study site data included 184,361 ED visits from January 2019 to July 2021. Data for patients who visited
without treatment (5,171), left without being seen (15,595), were dead on arrival (182), or were younger than 20 years (27,633) were
excluded from the study population. Therefore, 135,780 ED visits were included in the external and temporal validation data set
(Fig. 1).

3.2. Demographic characteristics

Overall, we used data for 11,952,887 patients from NEIDS and 135,780 patients from the study site (Fig. 1). Among the NEDIS
patients, 3,626,156 patients were in the REMC cohort, 8,278,081 patients were in the LEMC cohort, and 48,652 patients were in the
LEMI cohort. The distribution of each NEDIS cohort is shown in Table 1. Among the patients in the REMC and study site cohorts, KTAS
level 3 patients accounted for the highest proportion at 42.4% and 45.1%, respectively, whereas in the LEMC and LEMI cohorts, KTAS
level 4 patients accounted for the highest proportion. The population characteristics of each cohort differed significantly (p < 0.01).

Supplementary Table 1 shows distribution of KTAS change among rKTAS group.

Table 1
Demographic characteristics of the study population.
Variable REMC LEMC LEMI Study site P-value
(N = 3,626,154) (N = 8,278,081) (N = 48,652) (N =135,780)
Age, over 65 1,110,082 (30.6%) 2,236,952 (27.0%) 12,507 (25.7%) 48,519 (35.7%) <0.001
Sex, male 1,823,351 (50.3%) 4,051,740 (48.9%) 23,432 (48.2%) 66,560 (49.0%) <0.001
Type of chief complaint <0.001
- Disease 2,718,053 (75.0%) 5,982,939 (72.3%) 34,757 (71.4%) 117,185 (86.3%)
- Trauma 908,101 (25.0%) 2,295,142 (27.7%) 13,895 (28.6%) 18,595 (13.7%)
AVPU scale (Mental status) <0.001
- A, Alert 3,457,769 (95.4%) 8,021,294 (96.9%) 47,982 (98.6%) 132,902 (97.9%)
-V, Verbal 89,414 (2.5%) 136,917 (1.7%) 304 (0.6%) 1,293 (1.0%)
- P, Pain 62,631 (1.7%) 92,789 (1.1%) 249 (0.5%) 1,056 (0.8%)
- U, Unresponsive 16,340 (0.5%) 27,081 (0.3%) 117 (0.2%) 529 (0.4%)
Initial KTAS <0.001
-1 52,020 (1.4%) 53,123 (0.6%) 128 (0.3%) 609 (0.4%)
-2 356,180 (9.8%) 463,794 (5.6%) 1,347 (2.8%) 8,036 (5.9%)
-3 1,535,829 (42.4%) 2,862,422 (34.6%) 7,447 (15.3%) 61,237 (45.1%)
—4 1,372,001 (37.8%) 3,876,870 (46.8%) 27,743 (57.0%) 59,481 (43.8%)
-5 310,124 (8.6%) 1,021,872 (12.3%) 11,987 (24.6%) 6,417 (4.7%)
Final KTAS <0.001
-1 56,291 (1.6%) 59,074 (0.7%) 132 (0.3%) 634 (0.5%)
-2 369,474 (10.2%) 493,956 (6.0%) 1,395 (2.9%) 8,649 (6.4%)
-3 1,595,266 (44.0%) 3,002,662 (36.3%) 7,533 (15.5%) 62,731 (46.2%)
—4 1,302,486 (35.9%) 3,725,031 (45.0%) 27,672 (56.9%) 57,712 (42.5%)
-5 302,637 (8.3%) 997,358 (12.0%) 11,920 (24.5%) 6,054 (4.5%)
Method of Transportation <0.001
—119 ambulance 766,448 (21.1%) 1,708,162 (20.6%) 10,612 (21.8%) 16,648 (12.3%)
-Private ambulance 286,746 (7.9%) 350,271 (4.2%) 1,404 (2.9%) 8,868 (6.5%)
-Walk in and other 2,572,960 (71.0%) 6,219,648 (75.1%) 36,636 (75.3%) 110,264 (81.2%)
Route of arrival <0.001
-Direct 2,921,850 (80.6%) 7,382,579 (89.2%) 46,485 (95.5%) 107,369 (79.1%)
-Transfer 607,284 (16.7%) 741,460 (9.0%) 1,924 (4.0%) 19,200 (14.1%)
-Other 97,020 (2.7%) 154,042 (1.9%) 243 (0.5%) 9,211 (6.8%)
Weekend 1,193,247 (32.9%) 2,923,958 (35.3%) 18,946 (38.9%) 37,896 (27.9%) <0.001
KTAS Changed 172,631 (4.7%) 279,580 (3.4%) 317 (0.6%) 3,912 (2.9%) <0.001

Disease type: whether visit by disease or trauma, KTAS: Korean Triage Acute Scale, AVPU scale: mental status scaling, A refers Alert, V refers Response
to verbal output, P refers Response to pain, U refers Unresponsive. Method of Transportation: Transportation that patient take for Emergency
Department visit, Route of arrival: whether visit Emergency Department directly without other hospital visit, or transfer from other hospital.
**P-values were calculated using t-test for continuous variables and chi-square test for categorical variables.
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3.3. Comparison of ED clinical outcomes between rKTAS and uKTAS

Table 2 shows outcome differences between the rKTAS group and the uKTAS group. Among patients initially triaged as KTAS 4 or
KTAS 5, the rKTAS group had a higher proportion of admissions than the uKTAS group. Among patients initially triaged as KTAS 3, the
rKTAS group had a higher proportion of ED deaths than the uKTAS group. Patients in the rKTAS group had a longer LOS than the
uKTAS group, especially among initial KTAS 4 and 5 patients. In contrast, the proportion of patients discharged home was lower in the
rKTAS group among those with an initial KTAS of 3, 4, or 5. Among patients initially triaged as KTAS 2, the rKTAS group also had a
higher ED mortality rate (Table 2, p < 0.001).

3.4. Prediction model

Table 3 summarizes the prediction results using the AUROC with 95% confidence interval by input and machine learning type. The
AUROC values for the machine learning model were 0.777, 0.775, and 0.774 in the internal validation with the REMC, LEMC, and
LEMI datasets, respectively, and 0.786, 0.750, and 0.770 in the external temporal validation with the study site data from 2019, 2020,
and 2021, respectively. The area under the recall precision curve (AUPRC) values of the model for data from the REMC, LEMC, and
LEMI datasets were 0.363, 0.366, and 0.308, respectively.

Remarkably, the AUROC values for the external validation of a prediction model built with the LEMI database were only 0.659,
0.609, and 0.627 in the study site data from 2019, 2020, and 2021, respectively, without using FL. (Supplementary Table 2). However,
they increased to 0.786, 0.750, and 0.770, respectively, after FL was used.

3.5. Risk factor analysis

Table 4 shows the results of our analysis of risk factors associated with KTAS acuity revision in univariable and multivariable
analyses. All factors, including patient demographic information and vital signs, were associated with acuity revision. All vital signs,
especially an abnormal pulse rate, were associated with KTAS acuity revision (odds ratio [OR]: 1.37; confidence interval [CI]:
1.36-1.39). An initial classification of KTAS 4 (OR 4.10, CI: 4.06-4.14) or 5 (OR: 3.09, CI: 3.04-3.14) was also associated with revision
of KTAS. The AVPU scale, especially the V (response to verbal output) scale, was associated with KTAS acuity revision (OR: 1.43, CI:
1.39-1.46). Arrival by a 119 ambulance (OR: 1.75; CI: 1.73-1.77) was also related to KTAS acuity revision. Subgroup analysis was also
performed by level of the emergency center (Supplementary Table 3. Supplementary Table 4. Supplementary Table 5.).

Table 2
Outcomes between patients whose KTAS was revised and patients whose KTAS remained unchanged.

Initial KTAS Variable rKTAS patients uKTAS patients P-value **

KTAS5 LOS, min 153 [77-305] 57 [21-118] <0.001
ED disposition, n(%) <0.001
Home 30945 (0.61) 1206055 (0.93)
ER Death 47 (0) 46 (0)
Admission 18468 (0.36) 81714 (0.06)
Transfer 1383 (0.03) 5325 (0)

KTAS4 LOS, min 213 [124-396] 104 [55-174] <0.001
ED disposition, n(%) <0.001
Home 116809 (0.4) 4323641 (0.87)
ER death 418 (0) 251 (0)
Admission 159039 (0.55) 615053 (0.12)

KTAS3 Transfer 12872 (0.04) 48531 (0.01)
LOS, min 179 [106-339] 174 [109-302] <0.001
ED disposition, n(%) <0.001
Home 52119 (0.59) 2631637 (0.61)
ER death 1003 (0.01) 3904 (0)
Admission 32166 (0.36) 1567979 (0.36)
Transfer 3592 (0.04) 113298 (0.03)

KTAS2 LOS, min 216 [123-387] 215 [122-398] <0.001
ED disposition, n(%) <0.001
Home 11211 (0.52) 287697 (0.36)
ER death 1001 (0.05) 7179 (0.01)
Admission 8354 (0.39) 459327 (0.57)
Transfer 1033 (0.05) 45519 (0.06)

KTAS1 “LOS, min 255 [139-481] 233 [124-474] <0.001
ED disposition, n(%) <0.001
Home 804 (0.39) 8626 (0.08)
ER death 23 (0.01) 7832 (0.08)
Admission 1084 (0.52) 76473 (0.74)
Transfer 157 (0.08) 10272 (0.1)

@ LOS: length of stay, IQR and median was calculated in []; P-values were calculated with t-tests for continuous variables (LOS) and chi-square tests
for categorical variables (Others).
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AUROC in predicting changed KTAS by using the federated learning.
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Type Cohort Time AUROC (95% CI) AUPRC (95% CI)

Internal Validation NEDIS (REMC) 2016-2018 0.777 (0.776, 0.777) 0.363 (0.363, 0.363)
Internal Validation NEDIS (LEMC) 2016-2018 0.775 (0.775, 0.776) 0.366 (0.366, 0.366)
Internal Validation NEDIS (LEMI) 2016-2018 0.774 (0.767, 0.781) 0.308 (0.308, 0.308)
External & Temporal validation Study site 2019 0.786 (0.783, 0.789) 0.336 (0.336, 0.336)
External & Temporal validation Study site 2020 0.750 (0.746, 0.755) 0.335 (0.335, 0.335)
External & Temporal validation Study site 2021 0.770 (0.766, 0.773) 0.335 (0.334, 0.335)

AUROC: Area Under the Receive Operating Curve, AUPRC: Area Under the Recall Precision Curve, CI: Confidence Interval, KTAS: Korea Triage Acuity
Scale, NEDIS: National Emergency Department Information System, REMC: Regional Emergency Medical Center, LEMC: Local Emergency Medical
Center, LEMI: Local Emergency Medical Institution.

Table 4
Factors associated with KTAS acuity revision.

Variables (reference) Univariate Analysis Multivariate Analysis

OR 95% CI P-value OR 95% CI P-value
Age (below 65) <0.001 <0.001
65 or more 1.47 1.46-1.48 1.32 1.31-1.33
Sex (female) <0.001 <0.001
Male 1.11 1.10-1.12 1.15 1.14-1.15
Initial KTAS (3) <0.001 <0.001
1 0.97 0.93-1.02 0.36 0.34-0.38
2 1.31 1.29-1.33 0.74 0.72-0.75
4 2.82 2.79-2.84 4.10 4.06-4.14
5 1.91 1.89-1.93 3.09 3.04-3.14
AVPU scale (A, alert) <0.001 <0.001
V (Response to verbal output) 1.49 1.46-1.52 1.43 1.39-1.46
P (Response to pain) 1.25 1.22-1.28 1.41 1.37-1.45
U (Unresponsive) 0.76 0.72-0.81 1.69 1.57-1.82
Trauma 1.04 1.04-1.05 0.77 0.76-0.78
visit time (07:00-14:59) <0.001 <0.001
15:00-22:59 0.87 0.86-0.88 0.93 0.92-0.93
23:00-06:59 0.87 0.86-0.87 0.90 0.89-0.91
Visit date (week) <0.001 <0.001
Weekend 0.87 0.87-0.88 0.91 0.90-0.92
Route of arrival (direct) <0.001 <0.001
Transfer 1.28 1.27-1.29 1.46 1.44-1.48
Other 1.21 1.18-1.23 1.31 1.28-1.34
Method of transportation (Walk in and other) <0.001 <0.001
119 ambulance 1.57 1.56-1.58 1.75 1.73-1.77
Other ambulance 1.37 1.36-1.39 1.17 1.15-1.20
SBP (100-150 mmHg) <0.001 <0.001
Out of range 1.15 1.14-1.16 1.18 1.17-1.20
DBP (60-90 mmHg) <0.001 <0.001
Out of range 1.11 1.10-1.11 1.13 1.12-1.14
PR (50-120 bpm) <0.001 <0.001
Out of range 1.29 1.28-1.30 1.37 1.36-1.39
RR (12-20/min) <0.001 <0.001
Out of range 1.20 1.19-1.21 1.16 1.15-1.17
TEMP (36-37.5 °C) <0.001 <0.001
Out of range 1.16 1.15-1.17 1.16 1.14-1.17
SPo2 (95-100%) <0.001 <0.001
Out of range 1.22 1.21-1.24 1.33 1.31-1.35

4. Discussion

This study achieved an AUROC of more than 0.75, regardless of the level of ED center, by using FL. Therefore, our model overcomes
the data disparities between different levels of emergency medical centers. Especially in LEMIs, in which hospital management systems
are less likely to be standardized or supported than in REMCs and LEMCs due to a lack of resources and personnel, this model shows
improved outcomes after using FL (Supplementary Table 2, Table 3).

This study has many advantages due to its data sources. Validation was conducted using both national-level data and data from
separate cohorts divided by ED level to address data quality issues and population imbalances between cohorts. Our results demon-
strate our model’s potential usability regardless of an ED’s characteristics or center level. Temporal validation was also conducted at
the study site, and the AUROC was more than 0.75. Even though the COVID pandemic has affected Korea since December 2019 and
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caused many changes in patient characteristics and ED operations, model performance was still higher than 0.75 [46].

This model differs from other DL-based triage models in several ways because it uses initial KTAS. The variables required for this
prediction model can be obtained during a patient’s initial encounter with an ED. This model is distinct from other DL-based triage
methods in that it utilizes initial KTAS. The data necessary for this prediction model can be collected during a patient’s initial visit to an
ED. This model does not attempt to forecast outcomes or serve as a replacement for the original KTAS system. As this is a clinical
decision support system for the original KTAS revision prediction, the original KTAS is required. Therefore, adjustment of KTAS is not
the outcome of this model.

This model is more focused on KTAS and short-term outcomes predicting acuity revision in the ED than on long-term patient
outcome prediction; this model differs from previous ones in that it is not attempting to compete with a conventional triage system, but
rather improve clinical decision making by detecting KTAS acuity revision, and is thus more focused on supporting original triage than
previous models [20]. This model uses the traditional KTAS result itself as a feature for prediction. Therefore, this model needs an
initial triage result to predict revision probability. It cannot substitute for traditional triage at all.

The KTAS is scaled by humans. Also, no scoring system can achieve 100% accuracy. This model tries to prevent under or over-triage
of KTAS in advance by predicting the probability of revision of the KTAS result during the ED stay. By comparing rKTAS and uKTAS,
study try to show the reason why prediction of revision of KTAS is needed (Table 2). As we showed in the study, the rKTAS group shows
a higher ED death and ICU admission rate. By demonstrating clinical outcomes such as length of stay, ED death, ICU admission, and
admission, this study explores the significance of predicting KTAS acuity revision. Th Also, Authors try to show that under- or over-
triage, which is partially shown as revision of KTAS in the conclusion of retrospective data, might likely result in adverse outcomes.
This might be because of the late recognition of a patient in a potentially critical state. Therefore, by predicting revision of KTAS, which
is predicting under or over triage, critical patients might be discovered earlier and decreases adverse outcome by preventing under- or
over-triage. By doing this, this model seeks to trigger reassessment earlier for patients whose condition might deteriorate by predicting
the probability of KTAS acuity revision.

This study might help clinicians identify patients likely to require KTAS acuity revision, thereby supporting timely triage opera-
tions, particularly in under-resourced EDs. Furthermore, by predicting KTAS acuity revision, our model seeks to predict changes in
patient status indirectly in advance. Despite the high performance of scaling tools, there will be cases where revision is necessary for
various reasons [38]. In our study, patients who initially had KTAS levels of 3 or 4 but whose levels were later changed had higher ED
mortality than patients whose KTAS scores remained unchanged. In the initial KTAS 5 group, the rKTAS group had a higher admission
rate. Because those levels, KTAS 3, 4 or 5are considered to have normal or lower acuity, which is not immediately noticeable to
clinicians, patients at those levels are under- or overestimated, which can result in loss of opportunities for prompt, appropriate
management.

In addition, rKTAS patients at all KTAS levels had a longer LOS compared to uKTAS patients. Despite the fact that there is only a
one- or 2-min difference (patients with an initial KTAS of 4), minimal time difference should also be considered due to the large sample
size of this study [47]. Additionally, other groups show more marked differences. Therefore, under- or over-triage may be associated
with prolonged LOS.

Our study shows risk factors for KTAS acuity revision and attempts to explain which factors are associated with KTAS acuity
revision. DL-based models are difficult to explain because the algorithm process is hidden,3%3! but our univariable and multivariable
logistic regression analyses substantiate our algorithm’s results. An initial KTAS score of 4 was highly associated with misclassification.
Additionally, a patient’s vital signs, especially the pulse rate and V and P scales in the AVPU, were associated with KTAS
misclassification.

The method of transportation was another risk factor for KTAS acuity revision. That might relate to how patients came by the
ambulance are shown in the first presentation, which could affect the judgment of the triaging medical staff. That provides further
evidence of the subjective characteristics of KTAS and shows why this study is needed: our model can support the KTAS system
characteristics that rely on subjective judgment.

4.1. Limitations

This was a retrospective study, so there might have been selection bias. Additionally, we were unable to validate prospectively. We
performed temporal validation with data of different period as well as external validation to reduce that bias. Future research should
include additional prospective validation to allow for the use of this model in actual practice. This study also excluded injured pediatric
patients. Many systems triage adult and pediatric patients separately [7,48,49]. Therefore, pediatric patients require a separate study
[7]. Finally, because we used a nationwide database to develop our model, the data quality might have varied among medical centers,
depending on their size and staffing levels. To address that possibility, we used the federated learning method to minimize the data
quality gaps among REMC, LEMC, and LEMI data.

5. Conclusions

We developed a federated learning-based triage assistant system for EDs. Our novel system accurately predicted KTAS level
changes and was useful for detecting patients whose KTAS acuity would be revised. This study’s findings could help clinicians with
triage decisions in situations in which the medical staff’s judgment is unclear, such as in crowded or understaffed EDs. As this is a study
about model development, further research will be needed for real-world implementation [50-52].
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