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Evaluating machine learning models for triage in
the emergency room: A case study at Bang Khla Hospital
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Abstract

Emergency room triage is a critical process that
significantly impacts patient outcomes and resource
allocation. The application of Machine Learning (ML) in
this domain has garnered substantial interest due to its
potential to enhance decision-making accuracy and
efficiency. This study aims to develop and evaluate an
ML model for classifying patient urgency levels in an
emergency room setting. We conducted a retrospective
analysis using data from patients admitted to Bang Khla
Hospital, Chachoengsao, Thailand, between October
1, 2021, and August 30, 2024. From an initial dataset
of 61,602 records, 29,389 were retained after data
cleaning and preprocessing. These records were
categorized into four urgency levels according to the
Emergency Severity Index (ESI): resuscitate, emergent,
urgent, and semi-urgent. The Random Forest model
developed in this study achieved an overall accuracy of
98.67%, with an F1-Score of 1.00 for both resuscitate

and emergent levels. However, the model faced challeng-

es in classifying the urgent level, achieving an F1-Score
of 0.86. These findings demonstrate the potential of ML
in improving triage accuracy in emergency rooms, which
could lead to more efficient patient prioritization and
resource management. Nonetheless, further research is
necessary to enhance the model's performance in classi-
fying complex cases and to evaluate its implementation
in real-world clinical settings. This study contributes to
the growing body of evidence supporting the integration

of ML technologies in emergency healthcare services.
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