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Abstract

Background: Febrile patients with tachycardia present diverse pro-
files that complicate triage. Although the Emergency Severity Index
(ESI) is widely used in Thailand, inter-rater variability limits consist-
ency. Machine learning (ML) may enhance reliability using routinely
collected triage data. The objectives were to develop and evaluate
ML models predicting ESI levels 1-3 in febrile tachycardic adults and
identify the best model for clinical use.

Methods: This diagnostic prediction study analyzed adults with fever
(= 37.6 °C) and pulse rate > 100 beats per minute in the triage area
of Lampang Hospital, Thailand, during June - August 2024. Patients
with complete data were included, whereas referrals and expert-disa-
greement cases were excluded. Expert-assigned ESI levels were the
outcome. Thirteen routinely collected triage variables were evaluated
as candidate predictors. The dataset (n = 500) was randomly split 80:20
into development and testing sets. Random forest, extreme gradient
boosting (XGBoost), and gradient boosting machine models were
developed using five-fold cross-validation with class-weighting for
imbalance correction. Performance was assessed using area under the
receiver operating characteristic curve (AuROC), calibration, and con-
fusion matrices, with attention to clinically relevant misclassification.

Results: XGBoost demonstrated the best discrimination with AuROC
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values of 1.00 (confidence interval (CI): 0.99 - 1.00), 0.94 (CI: 0.89
- 0.98), and 0.97 (CI: 0.93 - 1.00) for ESI levels 1-3 in the test set.
Calibration showed the lowest Brier scores, and misclassification was
minimal, supporting strong predictive consistency across categories.

Conclusions: XGBoost was selected for integration into the Smart
ER system as the Thailand Triage Prediction System (TTPS), provid-
ing real-time prediction to enhance triage accuracy, support decision-
making, and improve workflow.

Keywords: Triage; Patient acuity; Severity of Illness Index; Fever;
Tachycardia; Machine learning

Introduction

The five-level Emergency Severity Index (ESI) triage system
is widely utilized in the United States, with an adoption rate
of approximately 70% [1]. Internationally, it has been imple-
mented in countries such as Germany [2], Switzerland [3],
Brazil [4], Iran [5], and Thailand [6]. To support national tri-
age education, the Thailand Triage Training Kit (TTTK) was
developed by the National Institute for Emergency Medicine
(NIEM) in 2016 [7] as an interactive tool for ESI triage train-
ing. The kit comprises 150 patient cards representing varying
severities, each with clinical details and a barcode encoding
the correct triage level. Participants assign triage levels using
color-coded sticky notes with barcodes, which are scanned into
software for real-time accuracy scoring. Rankings prioritize
higher accuracy, with ties resolved by minimizing under-triage
errors and then by faster completion times, thereby reinforcing
accurate and timely triage decision-making. Although multiple
TTTK sessions have been conducted nationwide, inter-rater
agreement in ESI classification remains low.

This variability reflects the wide spectrum of patient pres-
entations, including differences in age, comorbidities, mobility
status, chief complaints, and vital signs, resulting in an almost
infinite range of triage scenarios. Triage assessment becomes
particularly challenging in patients presenting with fever and
tachycardia. According to the original ESI algorithm (version
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5), a pulse rate (PR) exceeding 100 beats per minute (bpm)
prompts up-triage to level 2 [8]. However, fever, pain, agita-
tion, or anxiety can also elevate heart rate above this threshold,
potentially leading to over-triage. This underscores the need
for a more precise approach to distinguish truly high-risk pa-
tients from those with transient physiological responses.

Since 2020, rapid advances in artificial intelligence (Al)
have transformed many domains, including emergency medi-
cine. Recent studies have examined the use of Al tools such as
ChatGPT for triage, showing promising sensitivity and speci-
ficity in predicting ESI levels 1 and 2 [9].

To address the limitations of current triage methods for
febrile patients with tachycardia, this study aimed to develop a
clinical prediction model using routinely available triage vari-
ables, apply statistical modeling, and translate the results into a
practical application. This approach is expected to improve the
accuracy and consistency of ESI level prediction and enhance
decision-making in emergency care.

Materials and Methods

Study design

This diagnostic prediction study employed a retrospective,
cross-sectional design. It was conducted in the triage area of
the Emergency Department (ED) at Lampang Hospital, a ter-
tiary regional hospital in Northern Thailand with approximate-
ly 670,000 annual visits. Data were extracted from routinely
collected electronic medical records (EMRs) between 1 June
and 31 August 2024, consecutively included for completeness
and representativeness of the target population.

Participant and data collection

Participants

All patients aged > 18 years with complete datasets were eli-
gible. Fever was defined as a body temperature (BT) > 37.6
°C measured by a non-contact infrared thermometer [10], and
tachycardia as a PR > 100 bpm [8]. Exclusion criteria included
referral from another hospital, expert disagreement, or low-
prevalence ESI levels 4-5. Beta-blocker use was not an exclu-
sion criterion and was analyzed as a predictor.

Data preparation

All physiological parameters were obtained at the time of triage,
prior to physician assessment, using two identical non-contact
infrared thermometers (Avia) and two automated vital-sign
monitors that were recalibrated at manufacturer-recommended
intervals. BT was measured in degrees Celsius (°C). Blood pres-
sure (BP), including systolic BP (SBP), diastolic BP (DBP),
and mean arterial pressure (MAP), was recorded in millimeters
of mercury (mm Hg) following American Heart Association

(AHA) recommendations for cuff size selection [11]; because
body mass index (BMI) was not routinely documented, arm cir-
cumference was measured in patients with visibly obese habitus
to ensure appropriate cuff sizing. Peripheral capillary oxygen
saturation (SpO,) was recorded only when a stable plethys-
mographic waveform was present and consistent with the PR.
The PR (bpm) was taken from the monitor when the palpated
rhythm matched the waveform, whereas irregular rhythms were
counted manually for 30 s and multiplied by 2. Respiratory rate
(RR; breaths per minute) was counted for 15 s and multiplied by
4. Pain was assessed using the Numerical Rating Scale (NRS),
with discrepant scores re-evaluated by a second nurse. The Glas-
gow Coma Scale (GCS) was assessed by trained staff with rein-
forcement through regular education sessions.

BT, BP, SpO,, and PR were automatically uploaded into the
Smart ER system developed by SWITTEK GROUP, an EMR
system used in the ED of Lampang Hospital, while manual en-
tries such as GCS and NRS were restricted to predefined plau-
sible ranges to reduce data-entry errors. Data preprocessing was
performed in Stata version 18 (StataCorp, College Station, TX,
USA; licensed). Implausible values were flagged and cross-
checked against the EMR. All measurement and quality-control
procedures were applied consistently across all participants.

Endpoints

The triage level was determined using ESI categories 1 to 3.
Three well-trained triage nurses, each with over 5 years of expe-
rience and certified with a weighted kappa of 0.92, independently
evaluated each case in a blinded manner. Scenarios were ran-
domly assigned by the data sender, with a maximum of 10 cases
reviewed per day to minimize fatigue and reduce the risk of mis-
classification. The final classification was determined by a two-
out-of-three consensus as the reference standard. Cases without
consensus after discussion were excluded from the analysis.

Candidate predictors

All predictors were measured at triage before outcome assess-
ment, with measurement details described in the “Data prepa-
ration” section. Demographic variables included sex and age.
Vital signs comprised SBP, DBP, MAP, PR, RR, SpO,, and
BT. Neurological and pain assessments included GCS and the
NRS pain score. Mode of mobility was categorized as ambula-
tory, wheelchair, or stretcher. Chief complaints were classified
using criteria-based dispatch (CBD) codes 1, 4, 5, 7, 11, 12,
16, 17, and 19 [12]. Comorbidities included diabetes mellitus
(DM), hypertension (HT), dyslipidemia (DLP), chronic kid-
ney disease (CKD), cardiovascular, respiratory, neurologic,
autoimmune, hematologic, and malignant conditions. Current
medications included beta-blockers and immunosuppressants.

Study size estimation

The minimum required sample size was estimated using the
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pmsampsize method proposed by Riley et al [13] for multivari-
able prediction models with binary outcomes. Assumptions
included 13 candidate predictors, an anticipated C-statistic of
0.80, a uniform shrinkage factor of 0.90, and an outcome prev-
alence of 70% for ESI levels 1-2 vs. 3 (based on a pilot study).
This indicated a minimum of 311 patients with ESI levels 1-2
(444 total). To account for up to 10% of cases with inconclu-
sive outcome evaluation, the adjusted target was 346 patients
with ESI levels 1-2 and 500 total participants.

Missing data

There were no missing data in this study because all patients
were required to have complete information for every param-
eter before being evaluated by the three experts for final ESI
classification. Using cases with incomplete information would
have caused uncertainty in the outcome assessment, making it
unsuitable to serve as the reference standard.

Machine learning (ML) analysis plan

ML procedures were divided into two phases: phase 1 (model
development) using the training set, and phase 2 (model per-
formance evaluation) using the independent testing set.

Phase 1: model development (training set)

Data usage and partitioning

The 500 eligible patients were randomly split into a training
set (80%; n =400) and a testing set (20%; n = 100). All model
development procedures, including data preprocessing, imbal-
ance correction, and cross-validation tuning, were performed
exclusively within the training set. The distribution of ESI
levels in the 400 training cases is presented in the “Results”
section.

Handling of predictors

All predictors were obtained from routine EMR data. Continu-
ous variables (e.g., age, SBP, PR, BT) were analyzed in their
original units to preserve interpretability, and categorical vari-
ables were converted into binary dummy variables. No non-
linear transformations or interaction terms were pre-specified.

Model type, rationale, and building steps

Three tree-based ensemble algorithms, random forest (RF),
extreme gradient boosting (XGBoost), and gradient boosting
machine (GBM), were selected for their ability to model non-
linear relationships and handle mixed predictor types. Hyper-
parameter tuning was performed using grid search with cross-
validation within the training set. The optimal configurations

were then used to retrain each model on the full training data-
set, after which the final models were applied to the testing set
for performance evaluation.

Class imbalance

We addressed class imbalance using class weighting, increas-
ing the weight of less frequent ESI levels and reducing the
weight of more common levels during model training.

Feature importance

Feature importance scores were generated for RF, XGBoost,
and GBM to summarize the relative contribution of each pre-
dictor within the trained models. This procedure was used
solely to describe model structure and was not considered a
measure of model performance.

Heterogeneity in estimates

As the dataset was from a single hospital, no multi-site het-
erogeneity analyses were required. Performance metrics are
reported for the full dataset.

Phase 2: model performance evaluation (testing set)

Model performance was evaluated using the following metrics:

1) discrimination: area under the receiver operating char-
acteristic curve (AuROC) with 95% confidence intervals
(ClIs) for each ESI level (1-3) using a one-vs-rest framework;
2) overall accuracy: proportion of correctly classified cases
across ESI levels; 3) recall (sensitivity), precision (positive
predictive value), and F1 score (the harmonic mean of recall
and precision) calculated for each ESI level; 4) calibration:
agreement between predicted and observed ESI levels based
on calibration plots constructed from the independent testing
set; 5) confusion matrices: summarizing correct and incorrect
classifications across ESI levels; and 6) misclassification pen-
alties: frequency and severity of incorrect predictions, catego-
rized as under-triage by two steps (most severe), under-triage
by one step, over-triage by two steps, and over-triage by one
step, with the mean penalty score calculated.

Model updating

No recalibration or updating was undertaken, as the study ob-
jective was to compare algorithm performance rather than to
derive a final clinical tool.

Prediction generation

Predictions were generated using Python version 3.9.7 with the
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scikit-learn open-source library [14]. For each patient, models
produced class probabilities for ESI levels 1-3, with the class of
highest probability assigned as the predicted level. The best-per-
forming model was integrated into Smart ER and launched as the
Thailand Triage Prediction System (TTPS) for real-world use.

Specific time point of prediction

The model calculated the predicted ESI level immediately af-
ter completion of data entry in the triage area using Smart ER.

Fairness

No subgroup fairness analyses (e.g., by age, sex, comorbidities)
were conducted; these will be considered in future research.

Model output

The models generated both class probabilities and final clas-
sifications for ESI levels 1-3. The “highest probability wins”
rule determined the final ESI assignment. No probability
thresholds were applied.

Training versus evaluation

The training and evaluation sets were derived from the same
hospital and study period, using identical eligibility criteria,
predictor definitions, and outcome assessment to ensure com-
parability. Model development and internal validation were
performed on the training set, and final performance was as-
sessed on the held-out test set.

Ethical approval

The Institutional Review Board of Lampang Hospital approved
the study protocol (Certificate No. 157/67). The requirement
for informed consent was waived because of the observation-
al design, and all procedures adhered to the principles of the
Declaration of Helsinki. The study was reported in accordance
with the TRIPOD + Al guideline for reporting clinical predic-
tion models using regression or ML methods [15].

Registration

The protocol was registered with the Thai Clinical Trials Reg-
istry (TCTR20250827007).

Patient and public involvement

No patients or members of the public were involved in the de-
sign, conduct, reporting, or dissemination plans of this research.

Results

After exclusion, 500 patients were eligible for analysis. Ex-
pert consensus classified them as ESI level 1 (n = 98), level
2 (n=256), and level 3 (n = 146). The dataset was randomly
divided into a training set (n = 400) and a testing set (n =
100). Three ML algorithms were developed and compared,
with the best-performing model subsequently implemented
as the TTPS (Fig. 1).

Patients with ESI level 1 were more frequently male, were
the oldest, and had higher PR and RR, along with lower SBP,
DBP, MAP, SpO,, and GCS. They more frequently presented
with severe chief complaints, such as dyspnea and altered con-
sciousness. Cardiovascular, respiratory, and hematologic con-
ditions were most common in ESI level 1, whereas metabolic
syndrome, CKD, neurovascular disease, malignancy, and be-
ta-blocker or immunosuppressant use were uncommon in ESI
level 3. Fatigue/poor intake was most frequent in ESI level
2. Minor symptoms, such as cough, headache, dizziness, and
musculoskeletal complaints, were most frequent in ESI level
3 (Table 1).

Model development

A total of 400 patients were included in the training set: ESI
level 1 (n = 85), ESI level 2 (n = 199), and ESI level 3 (n
= 116). All model development procedures were performed
within this dataset. Each algorithm - RF, XGBoost, and GBM
- was trained using the predefined predictor set and tuned us-
ing grid search with five-fold cross-validation. Class weight-
ing was applied to address imbalance across the three ESI
levels. All three tuned models converged without optimiza-
tion issues and were retained for performance evaluation in
the testing set.

Feature importance

Across the three models, respiratory indicators were consist-
ently among the most influential predictors. XGBoost placed
nearly all of its highest importance on these variables - dysp-
nea, SpO,, and RR. RF and GBM showed a similar pattern,
with RR and SpO, ranked highest, followed by age in RF and
DBP in GBM (Fig. 2).

Model performance
Discrimination

In the independent testing dataset (n = 100; ESI level 1: n =
20, level 2: n =47, level 3: n = 33), RF achieved an AuROC
of 1.00 (95% CI: 0.99 - 1.00), 0.93 (95% CI: 0.88 - 0.98), and
0.96 (95% CI: 0.93 - 1.00) for levels 1-3, respectively. XG-
Boost achieved 1.00 (95% CI: 0.99 - 1.00), 0.94 (95% CI: 0.89
- 0.98), and 0.97 (95% CI: 0.93 - 1.00), while GBM achieved
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Excluded (n = 175)

Referred from other hospitals

A 4

Review by 3 experts: 10 cases/day
(n =535)

Excluded

» - Expert disagreement (n = 10)
- Low-prevalence ESI 4-5 (n = 25)

A
Eligible patients

(n =500)
y 4 v
ESI level 1 ESI level 2 ESl level 3
(n=98) (n = 256) (n =146)
v \ 4 v

Machine learning model
Data split 80:20; 400 for training, 100 for testing; comparison of 3 models

Select the best-performing model
based on comprehensive model evaluation

A 4

Derivation of a predictive triage model
to differentiate ESI levels 1, 2, and 3

Figure 1. Study flow diagram. bpm: beats per minute; ESI: Emergency Severity Index; PR: pulse rate.

1.00 (95% CI: 0.99 - 1.00), 0.93 (95% CI: 0.88 - 0.98), and
0.96 (95% CI: 0.92 - 1.00). Overall, all three models demon-
strated excellent and broadly comparable discriminative per-
formance across ESI levels, with only minor numerical differ-
ences between algorithms (Fig. 3).

Classification performance metrics

All three ML models showed excellent and comparable per-
formance in ESI level 1. Across ESI levels 2 and 3, each
model displayed different strengths. XGBoost demonstrated
higher accuracy at ESI level 2 and stronger sensitivity (re-
call) at ESI level 3, indicating a tendency to detect more

true-positive classifications in those settings. RF showed a
more balanced profile, with higher recall at ESI level 2 and
consistently better F1 scores and precision at ESI level 3,
reflecting more stable performance when balancing correct
detection and avoidance of false positives. GBM remained
close to both models but did not clearly outperform either
one, presenting intermediate accuracy, recall, F1 scores, and
precision (Table 2).

Calibration

In the independent testing set (n = 100), calibration plots for
ESI levels 1-3 showed good agreement between predicted and
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Table 1. Baseline Characteristics of Febrile Patients With Tachycardia by ESI Levels 1 to 3

Level 1 Level 2 Level 3

Baseline characteristics Missing (n="98), n (%) (n = 256), n (%) (n = 146), n (%) P value
Male 0 61 (62.2) 122 (47.7) 74 (50.7) 0.046
Age (years), mean + SD 0 65.1+17.3 54.0+21.9 37.7+16.2 <0.001
Vital signs
Temperature (°C), mean + SD 0 38.7+0.8 38.7+0.8 38.6 0.7 0.111
Pulse rate (bpm), mean + SD 0 1293 +£21.3 118.1 +£10.5 110.6 £ 6.1 <0.001
SBP (mm Hg), mean + SD 0 119.2 +35.1 132.6 +24.8 126.1 £ 18.5 <0.001
DBP (mm Hg), mean + SD 0 70.6 £23.8 784 +15.8 782+ 13.3 <0.001
MAP (mm Hg), mean + SD 0 86.7 £26.5 96.4+17.3 94.1 +£13.9 <0.001
RR (breaths/min), mean + SD 0 292+7.8 21.4+32 19.6+1.3 <0.001
SpO, (%), mean + SD 0 93.4+8.3 96.6+2.5 969+ 1.7 <0.001
GCS, median (IQR) 0 15 (14, 15) 15 (15, 15) 15 (15, 15) <0.001
Pain scale, median (IQR) 0 0 (0, 0) 0 (0, 0) 0(0,4) <0.001
Chief complaints
Dyspnea 0 44 (44.9) 41 (16.0) 4(2.7) <0.001
Chest pain/palpitation/syncope 0 8(8.2) 21(8.2) 4(2.7) 0.065
Cough 0 3(3.1) 19 (7.4) 25 (17.1) <0.001
Alteration of consciousness 0 6(6.1) 10 (3.9) 0(0) 0.005
Seizure 0 1(1.0) 3(1.2) 0 (0) 0.527
Abdominal/pelvic pain 0 7(7.1) 35(13.7) 24 (16.4) 0.099
Vomiting/diarrhea 0 3(3.1) 15(5.9) 14 (9.6) 0.128
Genitourinary 0 2 (2.0) 10 (3.9) 7 (4.8) 0.550
Headache 0 2 (2.0) 8(3.1) 14 (9.6) 0.010
Dizziness 0 0(0) 7(22.7) 11 (7.5) 0.005
Fatigue/poor intake 0 4(4.1) 33 (12.9) 3(2.1) <0.001
Back pain 0 0 (0) 3(1.2) 2(1.4) 0.712
Musculoskeletal 0 6 (6.1) 22 (8.6) 27 (18.5) 0.003
Comorbidities
Diabetic mellitus 0 21 (21.4) 64 (25.0) 12 (8.2) <0.001
Essential hypertension 0 39 (39.8) 99 (38.7) 22 (15.1) <0.001
Dyslipidemia 0 28 (28.6) 72 (28.1) 13 (8.9) <0.001
Chronic kidney disease 0 9(9.2) 20 (7.8) 3(2.1) 0.022
Cardiovascular disease 0 12 (12.2) 12 (4.7) 1(0.7) <0.001
Respiratory disease 0 12 (12.2) 13(5.1) 3(2.1) 0.004
Neurovascular disease 0 11 (11.2) 23 (9.0) 3(2.1) 0.004
Autoimmune disease 0 1(1.0) 4(1.6) 0(0) 0.409
Hematologic disease 0 9(9.2) 9(3.5) 4(2.7) 0.049
Malignancy 0 12 (12.2) 25(9.8) 6 (4.1) 0.042
Current medications
Beta-blocker 0 11(11.2) 19 (7.4) 3(2.1) 0.008
Immunosuppressants 0 7(7.1) 17 (6.6) 1(0.7) 0.006

bpm: beats per minute; ESI: Emergency Severity Index; DBP: diastolic blood pressure; GCS: Glasgow Coma Scale; IQR: interquartile range; MAP:
mean arterial pressure; RR: respiratory rate; SBP: systolic blood pressure; SD: standard deviation; SpO,: peripheral capillary oxygen saturation.
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Figure 2. Feature importance of machine learning models for predicting Emergency Severity Index (ESI) levels 1 to 3.

observed probabilities across all models. XGBoost (blue line)
demonstrated the most favorable calibration, with the lowest
Brier scores for ESI levels 1 (0.032), 2 (0.099), and 3 (0.065).
RF and GBM showed slightly higher Brier scores but remained
within acceptable calibration ranges (Fig. 4).

Confusion matrices

Diagonal cells indicate correct classifications, whereas off-
diagonal cells represent under-triage or over-triage events.
Across all three models, no under-triage occurred for ESI level
1. under-triage in ESI level 2 was low, at 4% with RF, 3% with
XGBoost, and 3% with GBM. Over-triage in ESI level 2 was
equal across models at 6%. Over-triage in ESI level 3 was ob-
served at 4% with RF, 6% with XGBoost, and 7% with GBM
(Tables 3-5).

Misclassification patterns and penalty scores

Because the outcome range was limited to ESI levels 1-3, two-
step misclassifications were not possible, and all errors oc-
curred within one step. Under-triage by one step was most fre-

quent in RF (4%), whereas XGBoost and GBM showed lower
and identical proportions (3%). Over-triage by one step oc-
curred most commonly in GBM (13%), followed by XGBoost
(12%) and RF (10%), representing the least severe category
of misclassification. Based on the mean penalty scores, where
lower values indicate better performance, XGBoost demon-
strated the most favorable misclassification profile (Table 6).

Discussion

Interpretation

Across all ML models, XGBoost assigned the greatest impor-
tance to respiratory-related parameters, dyspnea, SpO,, and
RR, reinforcing their central role in febrile tachycardic triage,
as these indicators often represent early warning signs of phys-
iologic compromise and are closely associated with higher-
acuity presentations. When comparing performance profiles,
XGBoost showed advantages in metrics linked to identifying
true-positive classifications, reflected by its higher accuracy in
ESI level 2 and stronger sensitivity in ESI level 3. RF, while
also performing well, leaned toward a more balanced output

Random Forest XGBoost Gradient boosting
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8 8 8-
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4 44 4~
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Figure 3. Receiver operating characteristic (ROC) curves of machine learning models for predicting Emergency Severity Index

(ESI) levels 1 to 3.
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Table 2. Performance Metrics of Machine Learning Models for Predicting ESI Levels 1 to 3

Models AuROC 95% CI Accuracy Recall Precision F1 score
Random forest
ESI level 1 1.00 0.99, 1.00 1.00 0.70 1.00 0.82
ESI level 2 0.93 0.88, 0.98 0.82 0.92 0.82 0.87
ESI level 3 0.96 0.93, 1.00 0.86 0.86 0.86 0.86
XGBoost
ESI level 1 1.00 0.99, 1.00 1.00 0.70 1.00 0.82
ESI level 2 0.94 0.89, 0.98 0.83 0.88 0.83 0.86
ESI level 3 0.97 0.93, 1.00 0.81 0.90 0.81 0.85
Gradient boosting machine
ESI level 1 1.00 0.99, 1.00 1.00 0.70 1.00 0.82
ESI level 2 0.93 0.88, 0.98 0.83 0.86 0.83 0.85
ESI level 3 0.96 0.92, 1.00 0.79 0.90 0.79 0.84

AuROC: area under the receiver operating characteristic curve; Cl: confidence interval; ESI: Emergency Severity Index; F1 score: harmonic mean of
precision and recall; XGBoost: Extreme Gradient Boosting.
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Figure 4. Calibration plots for machine learning models predicting Emergency Severity Index (ESI) levels 1 to 3 in the test set.

with better precision and F1 stability, especially in ESI level pattern - make XGBoost the most suitable model for advanc-
3, whereas GBM consistently trailed behind both. Important- ing into the TTPS application.

ly, XGBoost also demonstrated the most reliable calibration Triage-related ML research can generally be divided into
and produced the lowest misclassification penalty, indicating two broad approaches: 1) prediction of downstream, straight-
fewer clinically consequential errors. These combined char- forward outcomes such as hospital admission, intensive care
acteristics - strong predictor focus, competitive accuracy and unit (ICU) admission, length of stay, or mortality; and 2) pre-

sensitivity, superior calibration, and a safer misclassification
Table 4. Confusion Matrix for the Extreme Gradient Boosting

Table 3. Confusion Matrix for the Random Forest Model Model
Predicted Observed ESI (n, %) Predicted Observed ESI (n, %)
Total Total
ESI (n, %) 1 2 3 ESI(n, %) 1 2 3
1 14 (14.0) 6 (6.0) 0(0) 20 (20.0) 1 14 (14.0) 6 (6.0) 0(0) 20 (20.0)
2 0(0) 47 (47.0) 4(4.0) 51 (51.0) 2 0(0) 45 (45.0) 6 (6.0) 51 (51.0)

3 0(0) 4(4.0) 25(25.0) 29 (29.0) 3 0(0) 3(3.0) 26 (26.0) 29 (29.0)
Total 14 (14.0)  57(57.0) 29 (29.0) 100 (100) Total 14 (14.0) 54 (54.0) 32(32.0) 100 (100)
Observed ESI: Emergency Severity Index level assigned by triage Observed ESI: Emergency Severity Index level assigned by triage
nurses; Predicted ESI: Emergency Severity Index level assigned by nurses; Predicted ESI: Emergency Severity Index level assigned by

the random forest model. the extreme gradient boosting model.
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Table 5. Confusion Matrix for the Gradient Boosting Machine
Model

Predicted Observed ESI (n, %) —
ESI(n, %) 1 2 3

1 14 (14.0) 6 (6.0) 0 (0) 20 (20.0)
2 0 (0) 44 (44.0) 7 (7.0) 51(51.0)
3 0 (0) 3(3.0) 26 (26.0) 29 (29.0)
Total 14 (14.0) 53 (53.0) 33(33.0) 100 (100)

Observed ESI: Emergency Severity Index level assigned by triage
nurses; Predicted ESI: Emergency Severity Index level assigned by
gradient boosting machine model.

diction of the triage level itself. These approaches differ fun-
damentally in their objectives, reference standards, and meth-
odological challenges.

Most prior studies have followed the first approach. A 2024
systematic review on triage-related ML [16] reported that up to
90% of studies used such downstream outcomes - straightfor-
ward variables that are easily accessible from registry data and
can be analyzed rapidly with minimal effort. This design allows
the use of routinely retrieved, nurse-assigned triage levels as de-
terminants, representing a purpose entirely different from ours.

Conversely, an in-depth review of the cited studies re-
vealed that only six genuinely focused on triage-level mod-
eling, whereas several others were incorrectly classified under
this category in the systematic review [16]. Consequently, only
about 10% of triage-related ML research truly aimed to de-
velop such models, typically relying on large datasets in which
outcomes were extracted from EMRSs using routinely assigned
triage levels as the reference standard. Although similar large-
scale data retrieval is technically feasible in our institution,
we deliberately avoided this approach because of potential
inter-rater variability, subjective judgment, and uncertainty
- particularly when up to 40 triage nurses contribute to case
evaluations. This heterogeneity produces unreliable reference
outcomes, and the high model performance reported in those
studies likely reflects replication of inconsistent rather than
accurate labeling. In contrast, the TTPS employed an expert
consensus reference, ensuring greater reliability, validity, and
trustworthy data for model training, thereby generating more
precise predictions. Therefore, a larger dataset does not neces-
sarily equate to better research quality if the reference standard
lacks precision. To date, only one published study used an out-
come evaluation process comparable to ours [17].

To develop a reliable prediction model for triage levels,
it is essential not only to ensure high inter-rater agreement
but also to establish robust reference outcomes. In addition,
incorporating misclassification patterns is crucial, including
two-step under-triage (most severe), one-step under-triage,
two-step over-triage, one-step over-triage, and perfect classi-
fication (no misclassification). Although this rigorous design
is time-consuming and demands substantial effort from the re-
search team, before automatically retrieved routine outcomes
from EMRs can streamline this process in future studies, triage
nurses must be trained to achieve at least 90% performance in
both inter-rater agreement and real-world accuracy - a bench-
mark rarely reported in previous research.

Beyond methodological rigor in reference standard devel-
opment, this study also emphasized transparent and structured
reporting throughout the modeling process. It closely adhered
to the TRIPOD + Al checklist [15], following a step-by-step
framework in which all 27 items were fulfilled. Such system-
atic adherence enhances reproducibility, interpretability, and
comparability with future external validation studies. To our
knowledge, no previous triage-related ML research has report-
ed compliance with the TRIPOD + Al checklist as comprehen-
sively as the present study.

Limitations

This study has several limitations. First, its single-center de-
sign may restrict generalizability to settings with different
populations or triage protocols. Nevertheless, this study repre-
sents the earliest internationally published work from Thailand
to develop the TTPS, and multicenter external validation is
planned to confirm model generalizability.

Second, the study period was limited to June - August 2024,
which coincides with the major influenza season in Thailand.
National surveillance data indicate two peaks of influenza activ-
ity: a major wave during the rainy season (June - August) and a
smaller one in winter (October - February) [18]. Although our
data correspond to the primary epidemic period, they do not en-
compass the full annual variability of febrile illnesses. Future
studies will therefore include data from all months to evaluate
model robustness across different epidemic patterns.

Third, the sample size presented a challenging limita-
tion. Although the study originally targeted 500 participants
based on the required number of observations for model de-
velopment, the dataset was later split into training and testing
subsets using an 80:20 split, leaving only 400 cases for model

Table 6. Predicted Triage Misclassification and Penalty Scores Across Machine Learning Models

Under-triage

Under-triage

Over-triage Over-triage

Model (two steps) (n, %) (one step) (n, %) (two steps) (n, %) (one step) (n, %) Mean penalty
Random forest 0(0) 4 (4.0) 0(0) 10 (10.0) 0.22
XGBoost 0 (0) 3(3.0) 0 (0) 12 (12.0) 0.21
Gradient boosting machine 0(0) 3(3.0) 0(0) 13 (13.0) 0.22

Under-triage (two steps): predicted ESI two levels lower than observed (e.g., observed level 1 predicted as level 3); Under-triage (one step): predicted
one level lower (e.g., observed level 2 predicted as level 3); Over-triage (two steps): predicted two levels higher (e.g., observed level 3 predicted as
level 1); Over-triage (one step): predicted one level higher (e.g., observed level 2 predicted as level 1); XGBoost: extreme gradient boosting.
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development. Because the calculated sample size of 500 ap-
plied specifically to the development phase, a larger dataset
should ideally have been collected to maintain the full planned
development sample after splitting. This reduced development
sample, together with the modest overall sample size, may in-
troduce some risk of model instability. Recent methodological
guidance also discourages split-sample validation due to inef-
ficiency and potentially unstable estimates [19, 20].

Fourth, the study included 13 candidate predictors; there-
fore, the required sample size was back-calculated using the
events-per-predictor (EPP) approach. After the inevitable
80:20 split, the development set included 400 patients. With
the expected 70% proportion proposed in the study size cal-
culation section, 400 x 0.7 = 280 events were available. Us-
ing the minimum threshold of > 7 EPP [21-23], 280/7 = 40,
indicating support for approximately 40 parameters. The final
model contained 41 sub-parameters, slightly above this thresh-
old. Given the minimal excess (41 vs. 40), the sample size was
considered broadly adequate for model development.

Fifth, ESI levels 4 and 5 were excluded from model train-
ing due to their very low prevalence (n = 25), which could
have caused extreme class imbalance and unstable parameter
estimation. The analysis therefore focused on levels 1-3, repre-
senting higher-acuity cases where timely identification is most
critical. However, this exclusion may limit model generaliz-
ability to lower-acuity patients. Future research with larger,
more balanced datasets should aim to include all EST levels to
enhance applicability across the full triage spectrum.

In addition, although class imbalance was corrected using
proportional weighting in this study, more advanced resam-
pling methods such as the Synthetic Minority Oversampling
Technique (SMOTE) [24] may offer superior performance.
SMOTE generates synthetic minority instances rather than
reweighting existing observations, reducing the risk of model
bias and improving representation of under-represented ESI
levels. Future research with larger datasets should consider
SMOTE or similar methods as a more robust alternative to
conventional proportional weighting.

Usability of the model in the context of current care

The algorithm was designed to integrate seamlessly into real-
world ED workflows. Embedded within the Smart ER system,
it requires minimal user interaction, as most variables, includ-
ing demographics, vital signs, and chief complaints, are au-
tomatically retrieved from existing electronic triage records.
Predictions are generated within 1 s after all parameters are en-
tered, allowing real-time clinical application without interrupt-
ing triage flow. The interface is intuitive and can be operated
by any registered nurse without specialized training. A public-
ly accessible demonstration version is available [25] to support
transparency, reproducibility, and future external evaluation.

Conclusion

The TTPS, developed using an XGBoost algorithm, represents

the first internationally published triage prediction model from
Thailand. Unlike previous studies that relied on routinely re-
trieved, nurse-assigned triage levels as reference outcomes,
often producing artificially high yet clinically unreliable per-
formance, the TTPS was derived from expert consensus, en-
suring a more trustworthy and clinically meaningful reference
standard. Fully integrated into the Smart ER system, it pro-
vides real-time predictions for febrile and tachycardic patients
without increasing workload. This study establishes a strong
methodological foundation for multicenter validation and na-
tionwide implementation to enhance triage accuracy, consist-
ency, and efficiency in emergency care. Future research should
conduct external validation across diverse hospital settings to
confirm model generalizability and performance stability.
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