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Abstract

Introduction. This study presents innovative research on classifying emergency depart-
ment patients using advanced machine-learning techniques. Objective. Provide a deci-
sion-support tool for identifying patients who require urgent intervention promptly. Me-
thod. A balanced Random Forest model was developed, which showed promising triage
results. The approach created triage subcategories and assigned different priorities based
on critical status. Results. The results were encouraging, with an accuracy of 80.14%
for high-priority patients, 79.45% for referred patients, and 81.29% for patients who ul-
timately died. Conclusion. The findings support the model’s effectiveness in improving
decision-making in emergency departments. The research aims to enhance patient classifi-
cation efficiency, optimize resource allocation, and ensure timely care. It provides new in-

sights and can benefit healthcare professionals by improving the quality of emergency care.
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Resumen

Introduccion. Este estudio presenta una investigacion innovadora sobre la clasificacion
de pacientes en servicios de urgencias mediante técnicas avanzadas de aprendizaje auto-
matico. Objetivo. Proporcionar una herramienta de apoyo a la toma de decisiones para
identificar rapidamente a los pacientes que requieren una intervencién urgente. Método.
Se desarroll6 un modelo equilibrado de Random Forest, que mostré resultados promete-
dores en la clasificacion. El enfoque creé subcategorias de clasificacion y asigné diferentes
prioridades en funcién del estado critico. Resultados. Los resultados fueron alentadores,
con una precision del 80,14 % para los pacientes de alta prioridad, del 79,45 % para los
pacientes derivados y del 81,29 % para los pacientes que finalmente fallecieron. Los resul-
tados respaldan la eficacia del modelo para mejorar la toma de decisiones en los servicios
de urgencias. Conclusiones. La investigacion tiene como objetivo mejorar la eficiencia de
la clasificacién de pacientes, optimizar la asignacion de recursos y garantizar una atencién
oportuna. Aporta nuevos conocimientos y puede beneficiar a los profesionales sanitarios

al mejorar la calidad de la atencién de urgencias.

Palabras clave: Aprendizaje automatico, Algoritmos de clasificaciéon, Analisis de datos,

Investigacion operativa, Emergencias, Triaje.

Introduction coring the country’s high demand for me-

dical care. This situation is exacerbated by

Emergency and disaster care present signi-
ficant challenges for hospitals that treat a
high volume of patients requiring critical
attention (1). The patient classification sys-
tem (triage) has been used to manage re-
sources and provide medical assistance in
these circumstances (2). This system ena-
bles an adequate initial assessment to clas-
sify patients based on their injuries, ensu-
ring they receive appropriate treatment in
the shortest possible time (3). In Colombia,
emergency services reported an average oc-

cupancy rate of 99% in 2022 (4), unders-

increasing costs of medical supplies and
medications, which have risen by 28% (5).
In this context, utilizing resources provides
optimal patient care and is crucial in criti-

cal situations.

The historical emergence data and multi-
ple digital technologies, such as augmented
reality (6), blockchain (7), artificial inte-
lligence (AI) (8), automation and robotics
(9), and the Internet of Things (IoT) (10),
have expanded the possibilities for addres-

sing uncertainties in the healthcare sector.
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These technologies enable decision-making
principles applications (11) (12). In this
context, machine learning has become a
key phenomenon driving the development
of new techniques for rapid analysis and
data science in patient triage, leveraging
hospitals’ dynamic capabilities. This is vital
for regular emergency processes, because
around 40% of patients visiting emergency

services have non-urgent problems (9).

This situation is reflected in crowded wai-
ting rooms and extended waiting times. As
a result, patients with serious medical con-
ditions are at risk; time is critical in several
treatments (10). To improve the triage sys-
tem, statistical models have been proposed
as an alternative for personalized medica-
ting and decision-making (8) (13) (14). In
addition, machine learning (ML) techni-
ques have been employed for patient clas-
sification, and unlike other methodologies,
have achieved accuracy rates ranging from
70% to 80%, thereby positively impacting
the optimization of emergency department
resources (15). Triage systems must be
simple to apply, accurate, fast, reproduci-
ble, and discriminative to avoid potentially
dangerous and costly under-triage (13). Ma-
chine learning techniques have been shown
to improve the outcomes of expert-based
methods (14). This study aims to develop a
patient classification model for Triage I1I,
which refers to the category in the triage
system where patients are assessed as ha-

ving potentially serious conditions that are
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not immediately life-threatening. These
patients require urgent but not immediate
medical attention, typically within 30 mi-
nutes to 1 hout. The model will create sub-
categories that allow different priorities to
be assigned to patients, addressing patient
needs, clinical demands, and healthcare

team management (16).

The proposed model will enable mass data
analysis to optimize decision-making in pa-
tient classification, resulting in a significant
cost reduction and optimal allocation of re-
sources in the emergency department. The
study makes two methodological contribu-
tions: a prioritization scheme based on an
unsupervised algorithm that considers cli-
nical variables of patients awaiting medical
attention, and an interpretable machine lear-
ning algorithm that enables understanding
of the classification rules and how and why

each variable affects patients in real-time.

This article is organized as follows: Sec-
tion 2 provides a literature review. Section
3 presents the main features of the metho-
dology. Section 4 presents the experimental
results obtained from real-world patients.
Finally, Section 5 concludes the paper and

provides avenues for future research.

Literature Review

Predictive automated tools have been uti-

lized for patient selection in waiting lists.
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For instance, researchers developed a hy-
brid metaheuristic strategy based on si-
mulation that predicts the evolution of
prioritized patients (17). The study revea-
led the methodology and algorithms used
to assign optimal priorities to patients on
the surgical waiting list (18) and designed
mathematical tools that dynamically clas-
sify patients awaiting care. The surgical
prioritization algorithm demonstrated ex-
cellent concordance and correlation with
the rankings assigned by expert physicians,
consistently stratifying patients who requi-
re surgical attention. Researchers have de-
veloped various methodologies for patient
classification, incorporating new features
and pandemic-specific criteria to support
informed decision-making (19). Additiona-
lly, a decision support strategy for triage in
emergency departments and intensive care
units (ICU) was proposed (20), along with
a framework for training supervised classi-
fiers, suggesting the use of hyperparameter
optimization to obtain robust models (21).

The resulting accuracy in the studies ran-
ged from 73% to 87%.

The Fuzzy decision matrices are propo-
sed in this study, based on expert opinions
and weight criteria derived from the not-
mal distribution, to define a multi-attribute
patient prioritization method for the ICU.
This method establishes a ranking of pa-
tients to support clinical decision-making.
The method suggests that errors associated

with incorrect interpretations and diagno-

ses could be reduced by relying on these
systems and expert opinions in parts of
the decision-making process. On the other
hand, a COX-2 regression model was used
to estimate the risk of patients with kidney
transplants based on the waiting time for a
deceased donor kidney transplant (22). The
developed model could predict waiting time
with good concordance in internal valida-
tion, achieving an accuracy of 70%. This
strategy offers good predictive performan-
ce and provides valuable information to
support the healthcare team’s decision-ma-
king, ultimately benefiting patients. Simi-
larly, developed strategies for characteri-
zing and grouping patients in emergency
units using unsupervised machine learning
techniques, including k-means, hierarchi-
cal methods, and an unsupervised neural
network(23).

improve capacity planning for healthcare

Methodology applications
beds, preventing bottlenecks. A data mi-
ning (DM) approach to identifying relevant
data about patient management provides
important information to decision-makers
(24), highlighting the usefulness of artifi-
cial neural networks in predicting commu-
nication risks (25). Finally, predict patient
queue and attention time using feedforward
artificial neural networks (FFNN) and
constraints as patient age, gender, arrival
mode, treatment, and medical tests (206).
The literature demonstrates the importance
of developing decision support strategies in
healthcare services through more automa-

ted and explanatory processes (23) (25) (20).
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In Colombia, the patient classification pro-
blem persists due to a lack of operations
research methodologies in the medical en-

vironment.

The present study aims to fill this gap by
proposing a solution based on patient clas-
sification in Triage Type III using machine
learning techniques in emergency depart-
ments. These strategies would help combat
excessive demand and long waiting lists,

thereby providing timely patient care.

Methodology

This section describes the methodology
used to study patient classification in emer-
gency departments. A Level 11T hospital in
Colombiais taken as a case study to illustrate
the potential of this approach. The primary
sources of information were the works (27)
(28) (29). Certain aspects were adapted and
integrated into a unified framework. The
primary objective is to develop an efficient
tool that enables the accurate assignment
of patients to specific categories, namely

2> <<

“high priority,” “referred,” and “deceased,”
based on clinical and vital signs data. To
achieve this, the study involved a series of
phases, including data preparation, applica-
tion of machine learning algorithms, and

selection of relevant variables.

First, data preparation involved a fra-

mework that facilitated the research pro-
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cess by identifying key variables through a
comprehensive literature review. This was
followed by data preparation, during which
ranges of values for vital signs, including
heart rate, respiratory rate, oxygen satu-
ration, temperature, and glucose in living
patients, were established. This allowed for
the elimination of outliers. New variables,
including age range and pain intensity on
admission, were then introduced to address
the presence of missing data and improve

the accuracy of the classification.

The Clustering algorithm K-means was
used to group patients into clusters based
on similarities in their clinical characte-
ristics. This Algorithm made it possible to
determine the similarity and disparity be-
tween patients, and the optimal number of
clusters was selected using the elbow me-
thod. This process was instrumental in es-
tablishing potential categories of patients.
Other clustering algorithms include Hie-
rarchical clustering, T-SNE, UMAP, and
affinity propagation. K-means was selected

because it performed well in similar use ca-

ses (30).

After the clustering stage, model classifi-
cation considering a balanced Random Fo-
rest algorithm was implemented for patient
classification. This machine learning model
was chosen for its ability to handle unba-
lanced datasets and to undergo cross-vali-
dation on K-folds. This algorithm was cho-

sen to achieve high accuracy, minimize the
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rate of false negatives, and ensure a balan-
ced classification for all response catego-
ries. Subsequently, the importance of varia-
ble selection was analyzed to identify which
variables contribute significantly to patient
classification. This included age, heart rate,
respiratory rate, and oxygen saturation va-
riables. Variables of low importance were
removed from the model to achieve grea-
ter accuracy. Accuracy metrics were used to
evaluate the model and accurately measure
patients to determine the overall classifica-
tion. The Area Under the Receiver Opera-
ting Characteristic Curve (AUC) was also

assessed, as it measures the model’s ability

to distinguish between classes compared to

random classification.

Finally, the main tools used in the study
were VosViewer (31) for the literature re-
view, Jupyter Notebook (32) as a develo-
pment environment, and the Python pro-
gramming language (33) for data analysis
and model design (34) (35). Figure 1 sum-
marizes the overall methodological struc-
ture (36) (37). These studies present their
phases through flowcharts, which facilitate
understanding of the research’s structure

and development.

Phase | Phase Il Phase llI
n
Understanding _[ | (i s eIy |
the company :' I the data |
1
| |
1 « Data debugging.
Hospital _: I « Normalization. |
database | Data preparation («— « Transformation. |
« Extraction. |
| 1 » Parameter adjustment. * Numpy
l « Pandas |
I e « CRISP-DM « Scikit learn |
| rilbt methodology « Matplotlib |
| l « Bar diagram. |
| « Flow chart. |
Evaluation « Hi o
| [+~ * Histograms. | Pilot test
« Line graphs.
T
| 1 « Confutation matrix. | ‘
1
| e s 5 i e i T A | J
| N S WS S SR S S SRS S =

Python programming

Figure 1. Methodological diagram
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Results

Data understanding

The databases analyzed for this study com-
prise admissions to the emergency depart-
ment of a Colombian hospital in 2018 and
2019, totaling 183,499 full admission re-
cords. Triage III incomplete records were
discarded, and missing data were not impu-
ted, as the sample size is too large. Incom-
plete records were discarded, and missing
data were not imputed, as the sample size is
too large. The variables used in this research
are age, gender, heart rate, respiratory rate,
blood pressure, oxygen saturation, and

body temperature. These variables are se-
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lected because they represent the initial in-
formation recorded or tests performed on a
patient admitted to the emergency depart-
ment before referral to a specialist. Therefo-
re, they are essential for making an accurate
prediction. Additionally, there are other va-
riables, such as patient name, gender, iden-
tification number, and insurance type, as
well as temporal variables including admis-
sion time, discharge time, the time between
consultations, and the patient’s final status.
Regarding patient outcomes, 94.46% of the
patients were discharged, 1.97% were refe-
rred, 0.59% had a condition that resulted in
death, and 3.29% had other medical outco-

mes, such as hospitalization, Figure 2.

T T T T T T
100 94.46% N
u
80 —
60 -
40 + .
20 —
1 1.97%  0.59% 3.29%
0- = u "
\/
T T T T T T
Discharge Referred Dead Others

Figure 2. Attendings in emergency room population (percentage)
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The quantitative analysis focuses on scalar
variables, such as vital signs, body weight,
and age, which are measured during the
triage classification process. It is identified
that the respiratory rate variable has a high
presence of outliers in the right tail, which
is supported by its high kurtosis value. The
variables are shown in Table 1. It is worth

noting that some variables have a substan-

tial amount of missing data, as indicated in
Table 2. Notably, temperature, heart rate,
and respiratory rate have many missing va-
lues. This can be attributed to how data is
collected and recorded, as well as variations
that depend on the patient type, presenting
symptoms, and the healthcare professio-

nal’s judgment.

Table 1. Variable descriptive summary

Variables Age Saturation Temperature Ii:it Res;: ii:;tory ‘ W(eoi/og)ht Glucose
mean 37.62 99.99 35.50 82.49 12.99 67.50 112.50
Std 23.12 6.05 3.44 21.93 4.90 7.50 13.28
min 1 90 30 45 5 55 90
25% 21 95 33 64 9 61 101
50% 33 100 36 82 13 68 113
75% 55 105 39 102 17 74 124
max 85 110 41 120 21 80 135

Table 2. Missing data per variable (percentage)

Variable | Count | Equivalence %
Age 226 6%
Saturation 392 11%
Temperature 960 26%
Heart rate 402 11%
Respiratory rate 1100 30%
Weight 325 9%
Glucometry 314 8%

Data preparation

When analyzing the data based on the Glas-
gow Coma Scale, a tool used to assess and
calculate the severity level of a patient (38),

it was found that ranges for each vital sign

exist, ranging from 0 to a specific upper
limit. However, these ranges of values do
not completely align with the data available
in this investigation, as all individuals as-

sessed are alive. Therefore, during the data
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preparation process, the possible ranges of
values for each vital sign in a living person
were established according to the Glasgow

Scale, which ranges from 3 (worst state of

A Colombian Case

consciousness) to 15 (best state of cons-
ciousness), thereby eliminating most out-
liers for these variables. These ranges are

shown in Table 3.

Table 3. Vital signs range intervals.

Vital sign

Heart rate

Minimum value

28 beats/min

Maximum value

220 beats/minbeats/
min 220 beats/min

Respiratory rate

8 breaths/min

90 breaths/min

100%

45°C

Oxygen saturation 50%
Temperature 27°C
Glucose 90 mg/d

130 mg/dL

On the other hand, the “others” variable
was removed to limit the database to de-
ceased, referred, and high-priority patients.
This allowed for a more precise classifica-
tion of the patient. In addition, new va-
riables were created: age interval and pain
intensity upon admission. The age interval
variable corresponds to the developmental
stage of a person based on their age and is
categorized as infancy, childhood, adoles-
cence, youth, adulthood, and old age. The
temperature and pain variables were crea-
ted as alternatives to handle the high pre-
sence of missing data. Although pain is not
considered a vital sign, it is an important
response for classifying patients. Therefo-
re, its measurement is useful as a comple-
ment to vital signs in cases where the symp-

tom has been previously reported.

These variables should thus be analyzed in

a binary manner. A value of 0 represents

the absence of fever (omission or values be-
low 37.5 °C), while a value of 1 represents
the presence of fever (values equal to or
above 37.5 °C). This enables the model to
interpret this variable accurately and effec-

tively for patient classification.

The database was divided into two sets to
develop the classification model. The first
part, which comprises 90% of the data,
serves as both the training and validation
set, while the second partition, consisting
of the remaining 10%, is used as the mo-
del’s testing set. The final composition
of the overall database, after performing
range cleaning processes on the variables,
imputing missing values, and splitting the
database into training and testing sets, is

presented in Table 4.
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Variable Response

Table 4. Vital signs range

Description

Amount of data

Equivalence %

High-priority

Denoting whether the patient’s
condition was classified as high
priority or urgent at triage

153.666

98.96%

Referred

Indicates whether the patient
was referred to the emergency
department by another

923

0.59%

healthcare provider

Deceased

Denotes whether the patient
was declared deceased either
upon arrival at the emergency
department or during their stay

695 0.45%

Clustering algorithm

First, the K-means clustering algorithm
was executed with the imputed and nor-
malized database. This algorithm allowed
for the grouping of patients with similar
characteristics. To determine whether the
data points are similar or dissimilar, this
method calculates the distance between
observations, such that similar records will
have a smaller distance between them. The
K-means algorithm demonstrated relati-
vely good performance even when referred
and deceased cases were rare in the sample.
Mixed-variable type PCA was applied as a
pre-processing step before K-means to mi-

nimize potential unexpected behavior.

The Euclidean distance was used as a dis-
tance metric for the k-means algorithm.

The elbow method was chosen to detet-

mine the optimal number of clusters. This
method helps select the appropriate num-
ber of clusters when classifying a dataset.
This methodology is illustrated in Figure 3,
which graphically represents the values ob-

tained by applying the K-means algorithm.

This way, the best stability results were
obtained for the optimal value of K = 5
clusters. The stability values, being higher
than 95%, indicate that the algorithm’s ini-
tial centroids do not significantly affect the
grouping of patients into the five clusters.
Table 5 illustrates the composition of each
cluster in terms of the response variable,
revealing a strong predominance of the

“high-priority” category across all clusters.
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Figure 3. Attendings in emergency room population evolution (percentage)

The figure indicates the best result. Cluster
5 yields a striking balance between the res-

ponse variables.

Table 5. Cluster composition by category of response variable.

Cluster | High-priority | Referred | Deceased
Cluster 1 98.98 % 0,68 % 0.35 %
Cluster 2 90.46 % 0,44 % 0.10 %
Cluster 3 99.21 % 0,54 % 0.25 %
Cluster 4 97.76 % 0,84 % 0.40 %

The classification method was selected ba-
sed on works with similar characteristics,

using the high accuracy criteria, with a mi-
nimum threshold of 55% (13).

The balanced Random Forest algorithm
with K-fold cross-validation was chosen to
guarantee that the algorithm learned from
all available data at some point. The model
is trained on K-1 subsets and then evalua-
ted on the subset not used for training. This
process is repeated K times, with a different
subset reserved for testing each time. This
testing also aims to minimize the risk of
overfitting; the higher the number of folds,
the less the chance of overfitting. A hold-out

test of 25% size was used to evaluate model

capabilities in unseen data.

The selection of predictor variables initia-
lly relied on the data availability at the time
of triage, using variables such as heart rate,
respiratory rate, oxygen saturation, age, tem-
perature, and gender. These variables were
used to execute the algorithm. In addition,
important graphs of the variables associated
with permutation accuracy values and node
impurity were constructed. This was done to
determine whether there were any variables
with low classification power that could be

eliminated from the model, Figure 4.
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Figure 4. Elbow method graph

The graph selected to establish the im-
portance of predictor variables indicates a
decrease in accuracy, as it aligns with the
study’s objective and the established com-
parison standard, prioritizing the increase
of the accuracy metric. By eliminating the
variables of sex and temperature, it was pos-
sible to achieve a more precise model with

minimal loss of predictive power compared

to the original model. For these reasons,
the following variables were chosen as pre-
dictors for the final model: age, heart rate,
respiratory rate, and oxygen saturation. Ta-
ble 6 presents the results for this indicator
by category. The values are quite satisfac-
tory, as the model identified approximately
80% of patients who truly belong to each

healthcare outcome.

Table 6. Performance metrics results in the training set

Response

variable Sensitivity FNR Accuracy ‘ GMean ‘

High priority 80.14 19.85 93.76 87.22 87.57
Referred 79.45 20.54 93.72 86.91 87.23
Deceased 81.29 18.70 93.81 87.79 88.15

FNR: False Negative Rate.

Next, false negatives (FN) were calculated
to measure the proportion of positive ca-
ses the classifier detected as negative. In
this study, for the “deceased” category, this
rate represents the percentage of patients
who will die and will not receive prioriti-
zed and timely care, as the model classified

them into a different response category.

For the obtained model, the false negative
rate (FNR) for the “deceased” category is
18.70% (see Table 0).

The accuracy of the classification model was
also evaluated. Accuracy is calculated using
the equation and represents the overall per-

centage of patients who have been correctly
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classified. In this equation, FN represents
the false negatives, FP is the false positives,
TN indicates the true negatives, and TP re-
fers to the true positives. A higher score in
this metric indicates better classification.
The model achieved an accuracy of 80.15%
in the test set result, which is considered

good according to the literature (35).

The false-negative rate of 18.70% in the “hi-
gh-priority” category is ethically significant,
as it implies a risk of failing to identify criti-
cally ill patients who may not receive timely
care. The same holds for the “Deceased”
category. While the model shows promising
performance, this limitation underscores its
importance as a support tool rather than a

replacement for clinical judgment.

The accuracy (ACC) of the classification
model was also evaluated. Accuracy was
calculated using the equation and repre-
sents the overall percentage of patients who
were correctly classified. In this equation,
FN represents false negatives, FP is false
positives, TN indicates true negatives, and
TP refers to true positives. A higher score
on this metric indicates better classification
ability. Our model achieved an accuracy of
80.15% on the test set, a result considered

good according to the literature (25).

On the other hand, the area under the
ROC curve was also evaluated as a metric.
The ROC curve is a statistical tool used to

assess the discriminative capacity of a di-

A Colombian Case

chotomous diagnostic test. This curve re-
presents sensitivity as a function of false
positives (complementary to specificity)
at different cutoff points. This evaluation
allowed for comparing the model’s perfor-
mance in classifying patients with the clas-
sification obtained by random assignment.
For the model to be considered satisfactory,
the variables must exceed the 0.5 threshold
in the area under the ROC curve, indica-
ting that the algorithm effectively discrimi-
nates between different cases better than
random allocation (39). Figure 5 shows the
ROC curve, in which purple represents the
“high priority” category, red represents the
“referred” category, and green represents

the “deceased” category.
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Figure 5. ROC Curve

Discussion

This study uses machine learning models
to classify patients referred to the emergen-
cy department of a hospital in Colombia.
The results are very promising, as the clas-
sification models achieved an average accu-
racy of 80.15%, with sensitivities of 80.14%
for patients classified as “high priority,”
79.45% for those classified as “referred,”
and 81.29% for those classified as “decea-
sed.” This is of the utmost importance in
emergency medical care, where speed and
accuracy in decision-making can make the

difference between life and death.

The categorization methodology proposed

here, which encompasses the labels “high

2> «<¢

riorit referred,” and “deceased,” has
Y’ 3 5

proven to be highly effective and is suppor-
ted by high sensitivities in each category.
These results align with previous research
(40). The Random Forest-based model
achieved the highest accuracy, at 77%, a
sensitivity of 65%, and a specificity of 72%.
In addition, this model was notable for a
significant reduction in the false-negative
rate (35%) and, almost as importantly, a
notable decrease in the false-positive rate
(16%).

The present study achieved greater accuracy
than previous research results, suggesting
a significant advance in applying machine
learning models to emergency triage. This
approach provides high classification ac-
curacy and effectively prioritizes high-de-

mand emergency medical care situations.
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Such a capability is essential in optimizing
resource allocation and improving the qua-

lity of care provided to patients.

However, it is important to note that in the
“deceased” category, an FNR of 18.70% was
recorded. This means that the model inco-
rrectly classifies as negative about 18.70%
of patients who will ultimately die, impl-
ying that they will not receive timely and
prioritized care. Despite our achievements
in classification, this finding underscores
the need to refine the models further and
address limitations, such as missing data on
key variables. This suggests the need to co-
llect more complete and detailed data and
consider additional variables to help redu-
ce FNR and improve care for critically ill
patients. However, overall, the study’s re-
sults support the utility of machine lear-
ning models in patient classification within
emergency departments, offering valuable
insights for optimizing resources and ma-
king informed medical decisions in critical
situations. However, identifying the FNR
highlights the importance of further refi-
ning our approaches to ensure no urgent

care patient is left unattended.

Regarding the interpretability of results, it
is worth noting that imbalanced data can
be challenging to interpret, as the rela-
tionships between predictive features and
the outcome may be non-linear and invol-
ve interactions between these features (41).

Partial dependence plots and SHAP values

A Colombian Case

are the standard methods for interpreting
supervised learning classifiers. These me-
thods analyze how predictions change in
response to variations in the predictive fea-
tures. While SHAP values account for po-
tential correlations among predictive featu-
res, partial dependence plots assume that
the predictive features are independent (42).
The estimation of SHAP values and partial
dependence plots is left for future research,
as this paper focuses on demonstrating the
predictive performance of supervised lear-
ning classifiers and proposing operational

strategies through feature selection.

Conclusions

The study has proven to be highly promi-
sing in emergency triage. The methodolo-
gy of classification into specific categories,
including “high priority”, “referred,” and
“deceased,” yielded results consistent with
previous research, indicating that the appli-
cation of machine learning models to emer-
gency triage is an effective way to make
crucial medical decisions. By achieving an
average accuracy of 80.15% and high sensi-
tivities in each category, it offers a tool to
make a difference between life and death
in high-demand emergency medical care si-

tuations.

The methodology, which combines the
K-Means algorithm for initial patient clus-

tering and utilizes Random Forest for final
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classification, has proven effective. Cluste-
ring enabled the initial grouping of patients
with similar characteristics, leading to more
accurate subsequent classification. Variable
selection based on importance contributed
to more precise classification by elimina-
ting irrelevant variables. This combina-
tion of methods offers a robust approach
to medical decision-making in emergency

settings.

The study focused not only on classification
accuracy but also on the ability to assign
priorities effectively. This feature is criti-
cally important in high-demand emergency
medical care situations, as it plays a crucial
role in ensuring that patients receive the
necessary care at the right time. Reducing
the false negative rate mitigates the risk of
critical patients not receiving the required
priority care. This improvement in medical
decision-making can not only save lives but
also optimize the allocation of hospital re-

sources.

We acknowledge that the focus on a sin-
gle hospital limits the generalizability of
our findings. While this setting provided a
controlled environment for developing and
testing our machine learning models, we
recognize that patient demographics, triage
protocols, and healthcare delivery can vary
significantly across institutions. Therefore,
future research should aim to validate the
model across multiple hospitals and diverse

geographic and clinical settings to ensure

broader applicability and robustness. Ex-
panding the study this way will help assess
the model’s performance under varying
operational conditions and enhance its po-

tential for real-world implementation.

Future research might explore additional
approaches, such as sequential algorithms,
and consider collecting more detailed pa-
tient information. Additionally, it would
be beneficial to evaluate the implementa-
tion of advanced machine learning or deep
learning techniques to enhance the mo-
del’s predictive performance further. The-
se investigations could lead to significant
advances in accurately predicting patient
classification in emergencies, which would
positively impact medical decision-making

and the efficiency of healthcare resources.

Ethical Considerations

In our study, all patient records were
de-identified prior to analysis to ensure
compliance with data protection regula-
tions and to protect individual privacy. The
dataset was obtained from a secure insti-
tutional database with appropriate ethical
approval and authorization for secondary
use in research. No identifiable personal
information was accessed or used at any
analysis stage. Additionally, we recogni-
ze the importance of addressing potential
algorithmic bias and ensuring fairness in
predictive modeling. As such, we have dis-

cussed ethical safeguards, data governance,
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and model transparency in the revised ma-
nuscript to clarify our commitment to ethi-

cal research practices.
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