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A B S T R A C T   

Background: The inconsistency in triage evaluation in emergency departments (EDs) and the limitations in 
practice within the standard triage tools among triage nurses have led researchers to seek more accurate and 
robust triage evaluation that provides better patient prioritization based on their medical conditions. This study 
aspires to establish the best methodological practices for applying machine learning (ML) techniques to build an 
automated triage model for more accurate evaluation. 
Methods: A comparative study of selected supervised ML models was conducted to determine the best-performing 
approach to evaluate patient triage outcomes in hospital emergency departments. A retrospective dataset of 2688 
patients who visited the ED between April 1, 2020 and June 9, 2020 was collected. Data included patient de
mographics (age and gender), Vital signs (body temperature, respiratory rate, heart rate, blood pressure and 
oxygen saturation), chief complaints, and chronic illness. Nine supervised ML techniques were investigated in 
this study. Models were trained based on patient disposition outcomes and then validated to evaluate their 
performance. 
Findings: ML models show high capabilities in predicting patient disposition outcomes in ED settings. Four models 
(KNN, GBDT, XGBoost, and RF) performed better than the rest. RF was selected as the optimal model as it 
demonstrated a slight advantage over the other models with 89.1% micro accuracy, 89.0% precision, 89.1% 
recall, and 89.0% F1-score, exhibiting outstanding performance in differentiation between patients with critical 
outcomes (e.g., Mortality and ICU admission) from those patients with less critical outcomes (e.g., discharged 
and hospitalized) in ED settings. 
Conclusion: Machine learning techniques demonstrate high promise in improving predictive abilities in emer
gency medicine and providing robust decision-making tools that can enhance the patient triage process, assist 
triage personnel in their decision and thus reduce the effects of ED overcrowding and enhance patient outcomes.   

1. Introduction 

Emergency departments are considered one of the most stressful 
healthcare areas due to budget constraints [1]. They are encountering a 
considerable rise in attendance, causing overcrowding and delays 
internationally [2]. EDs worldwide suffer from overcrowding, mainly 
risking lives and affecting the quality of care [3]. Overcrowding is 
described as “the greatest obstacle to providing timely and appropriate 
emergency care” worldwide [4]. Over the last decade, hospitals struggled 
to maintain overcrowding problems with limited resources and rising 
patient demand [5]. This massive increase in demand can adversely 

impact healthcare service provision and lead to many negative conse
quences. Long waiting times, length of stay (LOS), patient revisits, leave 
without being seen (LWBS) [6,7], and patient dissatisfaction [8] are 
some of the negative consequences that have been identified in the 
literature. Overcrowding caused more admissions to inpatient de
partments, poorer care provision [9], and delays in diagnosis and 
treatment [10], affecting those in more need [11] in a way that increases 
the rate of morbidity and mortality [12]. It is also estimated that 40% of 
patients attending EDs have non-urgent problems [13], raising the 
question of how to effectively identify those in urgent need from those in less 
urgent need. It indicates that succeeding in reducing these numbers will 
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reduce some of the problems of EDs and the wider healthcare system. 
Medical triage is one of the techniques applied to minimize the effect 

of ED overcrowding by identifying patients with urgent medical situa
tions and determining the care level and resources required by patients 
before delivering care [14]. It is implemented to ensure patients with the 
most acute conditions are prioritized for assessment when the waiting 
room is loaded with new patients [15]. Hence, hospital administrators 
need accurate identification and prioritization of patient conditions by 
implementing accurate and precise triage systems. However, due to the 
time pressure, various medical complaints, limited information and re
sources, and the subjectivity of triage evaluations make the practice of 
triage more challenging [16]. Since standard triage tools rely heavily on 
human judgments, they are subject to high variation and individual bias 
and may affect the accuracy and precision of triage evaluation [16]. 
Raising the need for a more robust assessment of patient conditions. 

The rapid growth of technology-based systems such as Electronic 
Health Records (EHRs) generates enormous amounts of data for more 
effective decision-making. Artificial Intelligence (AI) enabled a better 
understanding of this data. It helped predict individual patient outcomes 
[17]. Machine learning, as an element of AI, has been adopted in 
healthcare applications due to its advanced ability to analyze complex 
and large-scale data [18]. ML is a set of computational methods that 
learn patterns in data without being explicitly programmed [16]. They 
offer benefits for predictive clinical applications as they can be designed 
to yield stable predictions and recognize patterns within a dataset to 
predict patient outcomes and assist in diagnosis and treatment in many 
clinical scenarios [19]. Hence, this study will explore the advantages of 
applying ML techniques to automate the triage process and whether the 
application of ML will improve the decision-making of patient triage 
within hospital ED settings compared to the current triage system. This 
study will also provide a comparative approach of selected supervised 
machine learning techniques in the case of predicting triage outcomes 
within the hospital emergency department to establish the best machine 
learning technique to be applied for such a problem. 

2. Literature review 

Triage assessment in emergency care systems has become a challenge 
due to the rapid increase of patients with different acuity levels [20]. 
Despite traditional triage systems showing a good ability to tackle ED 
overcrowding, it lacks better patient sorting in busy ED settings. Over
crowding also forces nursing staff to rush the triage process to see other 
patients, resulting in human errors that can endanger patient lives. The 
recent advancement of ML technologies has emerged as a solid candi
date to automate the triage decision-making process to obtain an accu
rate and rapid examination of patients, ensure timely treatment 
according to the severity of their conditions and reduce human error and 
judgmental bias evaluations [21]. That has led many researchers to take 
advantage of ML technologies to develop models to help predict patient 
needs for hospitalization and prioritize them according to the intensity 
of care provided by a registered nurse at the time of triage in hospital 
EDs [13,16,22–24]. Many researchers have proven the ability of ML to 
offer better performance in predicting hospitalization and critical-care 
outcomes over the reference triage models through the evaluation of 
nursing triage [16,22,25], with the potential to tackle overcrowding and 
provide better health services for patients and reduce morbidity and 
mortality rate among patients [26]. 

Despite the high potential of predictive abilities of these intelligent 
triage models, there is still considerable scope for improvement for these 
models in the reported studies. We have investigated multiple recent 
academic publications that attempted to employ ML techniques to pre
dict triage outcomes, as mentioned in Table 1. Many of these studies lack 
clarity in some areas. For example, Raita et al. [23] and Jiang et al. [22] 
lack clarity on how datasets were collected and organized. Levin et al. 
[16] and Gao et al. [28] neither explained how algorithms were chosen 
nor compared with other approaches with sufficient clarity. These 

Table 1 
The recent publications related to ML-based Triage models.  

Authors 
(year) 

Triage System 
in Use 

ML technique Prediction 
outcomes 

Performance 
measures 

Dugas 
et al. 
(2016) 
[25], 

Emergency 
Severity Index 
(ESI). 

LR Triage score & 
Patient 
outcomes. 

AUC-ROC. 

Levin 
et al. 
(2018) 
[16], 

Pediatric ESI. RF Triage score & 
Patient 
outcomes. 

AUC-ROC. 

Raita 
et al. 
(2019) 
[23], 

ESI. Lasso, RF, 
GBDT, DL. 

Triage score & 
Patient 
outcomes. 

Sensitivity, 
Specificity, 
AUC-ROC, 
Accuracy, PPV, 
NPV. 

Goto et al. 
(2019) 
[24], 

Pediatric ESI. Lasso, RF, 
GBDT, DL. 

Patient 
outcomes. 

Sensitivity, 
Specificity, 
AUC-ROC, 
Accuracy, PPV, 
NPV. 

Choi et al. 
(2019) 
[27], 

Korean Triage 
and Acuity 
Scale (KTAS). 

LR, RF, 
XGBoost. 

Triage score. Precision, 
Recall, F1- 
score, AUC- 
ROC. 

Wolff, 
Ríos 
and 
Graña 
(2019) 
[13], 

Rule-based 
expert system. 

DL, RF, NB, 
SVM. 

Patient 
outcomes. 

Sensitivity, 
Specificity, 
AUC-ROC, 
Accuracy, PPV, 
NPV. 

Jiang 
et al. 
(2021) 
[22], 

4-Level 
Chinese 
Emergency 
Triage Scale 
(CETS) 

LR, RF, 
XGBoost, 
GBDT. 

Triage score. Accuracy, AUC- 
ROC, macro-F1. 

Gao et al. 
(2022) 
[28], 

A four-level 
triage 
standard 

XGBoost Triage score AUC-ROC 

Chang 
et al. 
(2022) 
[29], 

KTAS XGBoost Critical 
interventions 

AUC-ROC, 
Sensitivity, 
Specificity, 
PPV, NPV. 

This 
article 

Manchester 
Triage System 
(MTS) 

LR, DT, KNN, 
SVM, MLP, 
GBDT, 
XGBoost, 
AdaBoost, RF 

Patient 
outcomes. 

Accuracy, 
Precision, 
Recall, F1- 
score.  

Table 2 
Patients triage information.  

General (Input) 

ED visits - number 4540 
Age - median ± SD 53 ± 20.00 
Gender - Female % 1637 [36.05%] 
Vital Signs (Input) 
Temperature (◦C) - median ± SD 36.7 ± 0.77 
Heart rate (Pulse/min) - median ± SD 93 ± 15.47 
Respiratory Rate (Breath/min) - median ± SD 19 ± 6.23 
Oxygen saturation (%) - median ± SD 96 ± 6.55 
Systolic BP (mmHg) - median ± SD 131 ± 15.63 
Diastolic BP (mmHg) - median ± SD 76 ± 7.75 
Chronic Illness indicator (Input) 
Has chronic illnesses 1389 
No chronic illnesses 3151 
Chief Complaints (CCs) (Input) 9 different CCs 
Patient Outcomes (Output) 
Discharge 2278 
Hospitalization to COVID-19 Services 1040 
Hospitalization 862 
ICU 214 
Dead 146  
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clarity issues are essential as they help future researchers whether to 
adopt or avert these issues for similar problems. Dugas et al. [25] indi
cated that some ED data used in their study might not be based on the 
same triage system evaluations included in the analysis. This selection of 
various data sources results in systematic differences between different 
EDs, where the data collected might have been based on further clinical 
evaluations of other triage systems or liable to human bias. This can 
impact predictor outcomes (e.g., accuracy), leading to a significant 
difference in the statistical performance evaluation. Most studies tried to 
predict the triage nurses’ actual decisions. These triage labels may not be 
the most accurate or liable to human error; therefore, researchers like 
Goto et al. [24] used patient outcomes instead of triage class to train the 
model. Levin et al. [16] could not attain good recall (sensitivity) for 
high-severity levels, which means that an algorithm returns more 
irrelevant results than relevant ones, which is required for an effective 
triage practice. None of the reviewed studies considered fixing the class 
imbalance within their datasets, except Wolff et al. [13]; hence, they 
have not applied any correction strategy to enhance the model building. 
Class imbalance is considered an issue as most ML algorithms presume 
that data is fairly distributed. When there is a class imbalance in the 
training dataset, the ML classifier tends to be more biased towards the 
majority classes, causing inaccurate classification of the minority class. 
Most studies failed to clarify how they developed their models and 
tunned model hyperparameters in the manner of best methodological 
practices for applying ML techniques to similar problems. Wolff et al. 
[13] followed a manual selection for model hyperparameter tuning. 
However, these parameters might not be the best to apply to minimize 
the total error and obtain optimal performance. Moreover, applying 
random or manual hyperparameter tunning takes time away from 
essential steps of the ML pipeline, like feature engineering and inter
preting results. This study will address the reported issues in the 

aforementioned studies by implementing the best methodological 
practices to achieve the best possible outcomes. 

3. Methods 

3.1. Study design, settings, and data source 

A comparative study of selected supervised ML models was con
ducted to determine the best-performing approach to evaluate triage 
outcomes in hospital ED settings. The collected dataset in this study was 
extracted from a single-center ED of a university hospital in Istanbul 
with an annual visit of 200,000 patients. A retrospective dataset of 4540 
patients admitted to the ED between April 1, 2020 and June 30, 2020 
has been collected. No personally identifiable data is part of the dataset. 
Data processing and analysis were done using Python 3.9 programming 
language and some related scientific libraries, including Pandas, 
NumPy, and scikit-learn [30,31]. Ethical approvals have been granted 
from all relevant parties. 

3.2. Data analysis approach 

This study followed the experimental setup shown in Figure (1) to 
construct the triage models. We evaluated nine ML models ranging from 
linear models (e.g., logistic regression) to non-linear models (e.g., 
ensemble learning). We guided the learning process of the triage model 
by patient outcomes instead of the actual triage labels as we believe that 
actual triage labels might be liable to human bias and data entry errors. 

3.3. Data preparation 

Data preparation is an essential step in the ML pipeline and is one of 

Fig. 1. Study experimental setup.  
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the most time-consuming tasks in building ML models [32]. After col
lecting the data, we carried out the task of manual inspection of the data. 
We performed data translation to some features within the dataset from 
Turkish into English. Due to the small data sample size, all syntax errors 
were manually checked and corrected. Data pre-processing, including 
label encoding and missing data imputation, was conducted. Labels of 
categorical features were encoded into a numeric form to convert them 
into machine-readable form. Missing values were imputed using K-NN 
imputer. K-NN imputer is an approach designed to search for k-nearest 
neighbors for a missing datum from all complete instances in a given 
dataset and then fill in the missing datum with the most frequent one 
occurring in the neighbors in the target feature [33]. 

3.4. Variables 

The data used in this study was extracted from the patient infor
mation system during their visit to the ED at the time of triage. The 
clinical variables (features) investigated in this study are shown in Ta
bles (2) and (3). 

Data include patient demographics (age and gender), vital signs 
(respiratory rate, body temperature, oxygen saturation, blood pressure 
and pulse rate), chief complaints (CCs), and chronic illness. Since we aim 
to create a simple dataset with less complexity during the model training 
stage, the chronic illness variable was analyzed based on whether the 
patient has past or current chronic illness instead of creating multiple 
columns for each illness. Patient outcomes evaluation was identified 
based on Manchester Triage System (MTS) as the current triage system 
used within the hospital. Most of the CCs identified during data analysis 
were limited to patient complaints related to patients with Coronavirus 
(COVID-19) symptoms, including (cough, chest pain, fever, etc.). The 
reason behind that is there was a national lockdown during the data 
collection stage. Most patients were shielded and avoided visiting hos
pitals due to the fear of contracting the virus. The target variable was 
patient disposition outcome during their visit to the ED, whether they 
were discharged, hospitalized (admitted into hospital wards), hospital
ized to isolated wards for COVID-19 suspicion, transferred to the 
Intensive care unit (ICU), or died. 

3.5. Exploratory data analysis 

We have conducted an exploratory data analysis (EDA) to identify 
the relationship between variables and understand how each variable 
contributes to the learning process. EDA helps to identify which variable 
contains the most relevant information that can provide accurate pre
dictions [34]. For this purpose, we analyzed the correlation between 
each feature before elaborating on the predictive model. We used the 
Pearson correlation coefficient to determine which features have the 
most significant impact on others. The Pearson correlation coefficient 
measures the linear dependence between two random variables (real-
valued vectors) [34]. We used Python Matplotlib and Seaborn data 
visualization libraries to plot the matrix. 

3.6. Data transformation 

After completing the data pre-processing task, we applied multiple 
transformation techniques to our dataset. We started by inspecting the 
skewness in each feature to improve the normality of the data. Fixing the 
skewness in data is a vital task that must be carried out before building 
the model. The tail region of the data distribution in skewed data may 
act as an outlier for the statistical model that can affect the training 
process. We applied the Box-cox transformation technique for this task 
to transform the skewed data into normal distribution [35]. We then 
inspected the outliers within the dataset. We used Interquartile Range 
(IQR) method to eliminate the outliers from the dataset, which are the 
patterns that are not in the range of normal behavior [36]. 

Our dataset contains features that are highly varying in magnitudes, 

units, and ranges. Since most ML algorithms use Euclidean Distance be
tween two data points in their computations, it can generate wrong 
computations and, therefore, affect the model evaluation. To solve this 
problem, we applied standardization as a feature scaling technique. 
Standardization is the transformation of features by subtracting from the 
mean and dividing by standard deviation. Standardization rescales a 
dataset with a mean of zero and a standard deviation of one. This is often 
called Z-score normalization [37]. We also merged the features of chief 
complaints into one feature to reduce the training time and the model’s 
overfitting. We applied a hold-out scheme for splitting the dataset. The 
data was split into training, validation, and testing samples (70%–3178 
samples for model training, 15%–681 samples for model validation, and 
15%–681 samples for testing the best-achieved model on new data to see 
how robust its performance and detect overfitting within the final 
model). 

In the final data preparation stage, a significant challenge encoun
tered in designing ML triage models is the high-class imbalance of the 
collected data. As indicated in Table 3, the sample of patients who were 
discharged from ED (2278–50.37%) is much higher than the sample of 
patients who were hospitalized in ICU (214–4.71%) or died in the hos
pital (146–3.21%). Many methods are applied to handle the class 
imbalance in ML to achieve robust models. This study applied Synthetic 
Minority Over-sampling Technique (SMOTE) to handle the imbalance 
between classes. It is an approach in which the minority class is over- 
sampled by creating “synthetic” examples rather than over-sampling 
with replacement, which creates extra training data samples by per
forming certain operations on actual data [38]. The minority class is 
over-sampled by taking each minority class sample and introducing 
synthetic examples along the line segments joining any/all of the k 
minority class nearest neighbors, depending on the amount of 
over-sampling required, where neighbors from the k nearest neighbors 
are randomly chosen [38]. After applying SMOTE technique to the 
training dataset, the final sample size included 7950 data samples, with 
1590 samples for each target class. 

3.7. Machine learning models 

This study applied a traditional (supervised) ML algorithm to train 
several models on a real dataset collected during hospital ED triage. 
Various algorithms were initially selected, including Logistic Regression 
(LR), Decision Tree (DT), K-Nearest Neighbor (KNN), Support Vector 
Machine (SVM), Multi-layer Perception Neural Network (MLP), and 
selected ensemble learning techniques, including Gradient Boosting 
Decision Trees (GBDT), XGradient Boosting (XGBoost), Adaptive 
Boosting (AdaBoost), and Random Forests (RF). These algorithms were 
initially selected as they show higher predictive ability in triage classi
fication problems within the literature [13,16,22–25,27]. LR has been 
selected as it is a widely used classification modeling technique in 
clinical research primarily suitable for predicting a binary dependent 
variable and handling linear problems [39]. DT identifies ways to split a 
dataset based on different conditions [40]. This technique has a hier
archical structure like that in the tree, where each node has exactly two 
outgoing edges. DT learning algorithm automatically learns an optimal 
decision tree structure given a dataset. KNN is a conventional 
nonparametric classifier that provides good performance for optimal 
values of k, where examples are classified based on the class of their 
nearest neighbors [41]. Support Vector Machine (SVM) is a modern 
learning system that delivers state-of-the-art performance in real-world 
data mining applications. It makes some highly complex data trans
formations and then generates the results by maximizing the distance 
between the defined labels within the dataset, usually called the optimal 
boundaries [42]. The Multilayer Perceptron (MLP) is a type of artificial 
neural network that mimics the human brain’s functioning. MLP consists 
of a system of simple interconnected neurons, or nodes, which is a model 
representing a nonlinear mapping between an input and output vector 
[43]. It can have multiple hidden layers between the input and output 
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layers. 
Ensemble learning has proven spectacular capacities to enhance the 

prediction accuracy of base learning algorithms [44]. Ensemble learning 
is a supervised ML technique where multiple weak (base) models are 
trained on data and then combined to create a single strong model [45]. 
A weak model is referred to as one that is not strongly correlated with 
the target variable. It is only slightly better than random guessing; 
however, a strong model is referred to as one that is very strongly 
correlated with the true outcome or the target [45]. Adaptive Boosting 
(AdaBoost) is an example of ensemble learning where a sequence of 
classifiers is trained. In AdaBoost, each training sample is assigned a 
weight, and a higher weight is set for a training sample that has not been 
trained by the previous classifier [46]. Gradient boosting is another 
boosting ensemble learning that their base model is usually decision 
trees (DT); each DT base model learns sequentially rather than in parallel 
because often, each weak learner depends on the previous one. XGBoost 
is an improved model of GBDT that trains many decision trees in a 
sequential and additive manner [47]. XGBoost makes GBDT’s training 
scalable by distributed learning with several approximation methods to 
parallelize training [27]. Since XGBoost was proposed, it has out
performed other algorithms in many studies and competitions [27]. 
Random forest is a trapping ensemble learning technique. Each weak 
model in RF is learned independently and often in parallel and then uses 
the high probability value to generate a classification decision [48]. 
Although both GBDT and RF are based on decision trees, they train trees 
differently. In GBDT, the model trains small trees, which may underfit 
the training set. In RF, each tree is trained independently and becomes a 
so-called fully-grown tree, which overfits a subset of the training data
set. However, trees in GBDT are trained sequentially, and each tree is 
trained in consideration of the errors of other tree models in the previous 
steps. In this way, as more trees are trained, the error of GBDT is 
reduced. 

3.8. Model selection and development 

The selection of ML models mainly depends on those algorithms that 
initially achieved better prediction performance. Multiple algorithms 
were preselected to train the model before tuning the hyperparameters 
to select the best-performed algorithms for the primary model selection. 
Nine models were chosen for the principal analysis used in this study, 
including (LR, DT, KNN, SVM, MLP, GBDT, XGBoost, AdaBoost, and RF). 
After selecting the best-performed models, it is essential to tune the 
models’ hyperparameters to achieve the optimal performance of each 
trained model. Hyperparameters are a set of configurations that are 
external to the data and manually tuned by a researcher [49]. Finding a 
set of hyperparameters that delivers optimal performance in a 

reasonable time is part of the hyperparameter optimization problem that 
needs to be done before the final model evaluation. It is a task that is 
usually done to reduce the total error of the function by finding the 
trade-off between bias-variance errors. However, testing all the possible 
sets of hyperparameters can be computationally expensive [50]. For 
example, random and grid searches are time-consuming techniques as 
they require a long run time evaluating unpromising areas of the search 
space. That led researchers to seek an automated and structured 
approach for model hyperparameters optimization. For this purpose, we 
chose an automated approach to optimize the models using Genetic 
Algorithms (GA). Genetic algorithms are commonly used to generate 
high-quality solutions to optimization and search problems by relying 
on biologically inspired operators such as mutation, crossover, and se
lection [51]. GA can be applied even when there is no information about 
the gradient function at evaluated points. At the same time, it can still 
achieve good results when there are several local minima or maxima 
[52]. GA has advantages over local methods as they do not remain 
trapped in suboptimal local maximum or minimum [52]. We applied GA 
using the Tree-based Pipeline Optimization Tool (TPOT) auto-machine 
learning library in Python. A set of hyperparameters are initially 
selected for each model to find the hyperparameter that can lead to 
optimal performance for each model, as indicated in Table 4. To achieve 
more reliable results and avoid models’ overfitting, cross-validation was 
applied during model training. Since our dataset is relatively small and 
some ML models (e.g., GBDT and SVM) require a long time to train, we 
have selected 5-fold cross-validation to ensure a good trade-off of low 
bias and low computational cost in an estimate of model performance. 

Performance evaluation metrics in multi-class classification 

Table 3 
Analysis of patient triage data in regard to disposition outcomes.  

General (Input) Discharged Hospitalization COVID-19 Services ICU Died 

ED visits - number 2278 [50.37%] 862 [18.98%] 1040 [22.90%] 214 [4.71%] 146 [3.21%] 
Male 1231 675 683 114 100 
Female 1047 187 357 100 46 
Age (Year) – (number) 
17–25 409 1 11 0 0 
26–35 530 38 61 0 0 
36–45 455 103 90 0 0 
46–55 459 175 176 0 0 
56–65 230 200 244 53 0 
66–85 176 258 380 110 87 
≥86 19 87 78 51 59 
Vital Signs (Average) 
Temperature (◦C) NR (36.5 ◦C and 37.3 ◦C) 36.6 37.1 37.1 37.7 38.5 
Heart rate (Pulse/min) NR (60–100) 88 95 91 96 146 
Respiratory Rate (Breath/min) NR (12–18) 18 24 23 35 25 
Oxygen Saturation (%) NR (95%–100%) 97.21 89.96 93.98 86.93 90.54 
Systolic BP (mmHg) NR (90–120) 128.89 128.59 129.12 117.68 157.10 
Diastolic BP (mmHg) NR (60–80) 76.73 74.71 74.61 72.04 86.76  

Table 4 
The set of hyperparameters for each selected model.  

Model Hyperparameter Selected for Training 

KNN  ⁃ Leaf size: range (1–50).  
⁃ Number of neighbors: range (1–30).  
⁃ The parameter metric p: [1,2]. 

GBDT  ⁃ Number of estimators: [50, 250, 500].  
⁃ Maximum depth of the tree: [3,5,7,9].  
⁃ Learning rate: [0.1, 1, 10, 100]. 

XGBoost  ⁃ Number of estimators: [5, 50, 250, 500].  
⁃ Maximum depth of the tree: [1,3,5,7,9].  
⁃ Learning rate: [0.01, 0.1, 1, 10, 100]. 

RF  ⁃ Criterion: Gini, Entropy.  
⁃ Maximum depth of the tree: [1,3,5,7,9].  
⁃ Maximum features: range (5, 13).  
⁃ Minimum Sample Leaf: range (2, 12).  
⁃ Minimum Samples Split: range (2,10).  
⁃ Number of estimators: [5, 50, 250, 500].  
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problems are fundamental in evaluating the quality of learning methods 
and comparing the performance of different models. It is critical to select 
the right evaluation metrics to report the performance of predictive 
models, especially in the context of the healthcare evaluation models 
[13]. Since triage is a high-class imbalanced problem, reporting only one 
evaluation metric, such as accuracy or precession, will not be enough to 
evaluate model performance, such as Levin et al. [16] evaluation. 
However, there are no gold-standard performance metrics that can be 
applied to all types of multi-class problems. Since this study is a multi
class classification problem, only a limited set of performance metrics is 
available (typically accuracy, recall, precision, and F1-score) [53]. 
Fawcett [54] also indicated that Receiver operating characteristics 
(ROC) could be applied to evaluate multiclass problems; however, the 
complexity of analysis increases with the number of classes. Therefore, 
this study will only consider the predetermined evaluation metrics to 
evaluate the performance of the selected models. We first generated the 
confusion matrix of each model, which is a machine learning concept 
that provides information about predicted and actual classification 
values generated by a prediction system [55]. It consists of two di
mensions, the first is the actual classes of the data, and the second is the 
predicted classes of the dataset. The evaluation metrics defined for bi
nary classification do not apply to the full extent in multi-class classifi
cation problems due to the difference in the matrix dimension between 
both matrices [53]. Instead, the analysis of the confusion matrix in 
multi-class classification focuses on a specific class based on the char
acterization provided in Figure (2). 

A number of performance evaluation measures can be defined based 
on the confusion matrix as indicated in Table 5. 

We considered selecting the micro weighted average of each Preci
sion, Recall, and F1 score for each class as a final evaluation. 

4. Results 

4.1. Features analysis 

After visualizing the correlation matrix in Figure (3), we observed 
some correlation between features as follow.  

⁃ Patient age has a high impact on the respiratory rate, as confirmed by 
the Pearson R-value (0.47). This positive correlation indicates that 
older people have a higher respiratory rate than young people due to 
the decrease in the oxygen saturation in their blood.  

⁃ Oxygen saturation has a high impact on respiratory rate and age, as 
confirmed by Pearson R-values (− 0.58) and (− 0.38), respectively. 
The negative correlation value indicates that the higher the patient’s 
age, the lower the oxygen saturation will get; thus, the need for more 
oxygen in the body will increase, which is substituted by increasing 
the respiration rate.  

⁃ Systolic and diastolic blood pressure have a high correlation with a 
Pearson R-value of (0.60). It is expected to have a linear correlation 
since both features are extracted from the same feature (blood 
pressure).  

⁃ Age and chronic illness have a higher correlation, confirmed by the 
Pearson R-value (0.43). It concludes that elderly patients are highly 
possible to encounter chronic illness during their lifetime. 

Among the selected variables, oxygen saturation, age, and respira
tory rate are shown to have a higher correlation with the other variables, 
either positive or negative, delivering relevant information that helps 
generate accurate predictions. It is worth mentioning that the Pearson 
correlation matrix investigates the correlation between two features, not 
the causation. Determining correlation is much simpler than deter
mining causation since causation may require independent 
experimentation. 

4.2. Model outcomes and comparison 

We tested several ML models with various parameter configurations 
for triage patient outcomes prediction on a class-balanced dataset, as 
shown in Table 4. Nine models were trained and tested on the generated 
dataset with a range of prediction accuracy (66.1%–89.1%, 95% CI), as 
shown in Table 6. Models training was repeated five times to examine 
the consistency of our results. Findings show that out of nine models, 
four models (KNN, GBDT, XGBoost, and RF) achieved better perfor
mance than the rest of the models. RF and KNN models outperformed 
the other models with the best performance metrics of prediction ac
curacy (89.1%, 95%CI = 88.8 to 89.5; 88.7%, 95%CI = 88.5 to 88.9), 
micro average precision (89.0%, 95%CI = 88.9 to 89.1; 88.7%, 95%CI 
= 88.4 to 89.0), average micro recall (89.1%, 95% CI = 89.0 to 89.3; 
88.7%, 95%CI = 88.4 to 89.0) and average micro F1-score (89.0%, 95% 
CI = 88.9 to 89.1; 88.6%, 95% CI = 88.4 to 88.9) respectively. XGBoost 
model achieved the third-highest results in terms of accuracy (88.4%, 
95% CI = 88.2 to 88.6). On the other hand, the AdaBoost technique 
seems to be the lowest performing model among the other models, with 
a prediction accuracy of (66.1%, 95% CI = 65.9 to 66.3) to be excluded 
from the comparison and model selection. 

Multiple hyperparameters were initially selected for model tuning. 
Table 7 provides the hyperparameters that deliver the optimal predic
tion performance for the best four performed models. 

Models were also evaluated regarding their precision, recall, and F1 Fig. 2. A confusion matrix for multi-classification problem [53].  

Table 5 
Performance Evaluation Metrics used in this study.  

Formula Performance 
Measure 

Description Formula 

(1) Accuracy Evaluates the 
degree of correct 
predictions of a 
classification 
model. 

Accuracy =
∑n

i=1TP(Ci)/
∑n

i=1
∑n

j=1Cij 

(2) Precision of 
class Ci 

Evaluates the ratio 
of the correct 
predictions of a 
specific class to the 
total predicted for 
the same class. 

Precisioni =
TP(Ci)

TP(Ci) + FP(Ci)

(3) Recall 
(Sensitivity) of 
class Ci 

Evaluates the ratio 
of correct 
predictions of a 
specific class to the 
total number of the 
actual class. 

Recalli =
TP(Ci)

TP(Ci) + FN(Ci)

(4) F1 score of 
class Ci 

Evaluates the 
harmonic mean of 
precision and recall. 

F1 score =

2 ∗ Precision (Ci) ∗ Recall (Ci)

Precision (Ci) + Recall (Ci)
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score. Figure (4) presents the confusion matrix of the four best- 
performed models in this study. As a multiclass classification problem, 
it is essential to understand the model performance regarding each class 

within the dataset. Each class in the confusion matrix in Figure (4) is 
represented numerically and described as follows (0: Discharge, 1: 
Hospitalization to COVID Service, 2: Hospitalization, 3: Intensive Care 
Unit (ICU), 4: Died). When evaluating the process of predicting triage 
within ED settings, it is essential to consider the performance of each 
model for each class. For example, patients with high acuity conditions 
need higher prioritizations and fast, accurate and precise prediction of 
their conditions; any misclassification within these categories may cause 
delays that result in severe injuries and mortality, which come up 
against the actual purpose of triage. Therefore, we must tune our models 
for higher precision and recall for labels 3 and 4. Results indicated that 
the two best-selected models show increased sensitivity in predicting 
high acuity outcomes (ICU and dead patients), as indicated in Table 8. 
Furthermore, RF and KNN models not only achieve the most heightened 
sensitivity in predicting high acuity but also achieves the best prediction 

Fig. 3. Pearson correlation matrix.  

Table 6 
Training and validation performance of all models with 95% confidence 
intervals.  

Model Training 
Accuracy % 

Validation 
Accuracy % 

Precision 
% 

Recall % F1-score 
% 

LR 80.5 (79.9, 
80.8) 

72.4 (71.3, 
73.1) 

71.4 (71.1, 
71.6) 

72.4 
(71.9, 
72.8) 

71.6 
(70.9, 
72.2) 

DT 98.0 (97.5, 
98.5) 

79.7 (78.8, 
80.7) 

79.1 (78.5, 
79.6) 

79.7 
(77.6, 
81.2) 

79.1 
(78.4, 
79.6) 

KNN 97.1 (96.3, 
97.8) 

88.7 
(88.5,88.9) 

88.7 (88.4, 
89.0) 

88.7 
(88.4, 
89.0) 

88.6 
(88.4, 
88.9) 

SVM 91.4 (90.9, 
91.9) 

82.1 (81.7, 
82.5) 

81.7 (81.4, 
82.0) 

82.1 
(81.7, 
82.5) 

81.7 
(81.4, 
82.0) 

MLP 97.4 (97.0, 
97.8) 

86.6 (86.2, 
86.9) 

86.6 (84.8, 
88.3) 

86.6 
(86.0, 
87.1) 

86.6 
(86.0, 
87.1) 

GBDT 99.9 (99.8, 
100) 

87.8 (87.5, 
88.0) 

87.7 (87.4, 
88.0) 

87.8 
(87.4, 
88.2) 

87.8 
(87.4, 
88.2) 

XGBoost 99.9 (99.8, 
100) 

88.4 (88.2, 
88.6) 

88.4 (88.2, 
88.6) 

88.4 
(88.1, 
88.7) 

88.4 
(88.2, 
88.6) 

AdaBoost 68.3 (67.6, 
70.0) 

66.1 (65.9, 
66.3) 

82.3 (82.0, 
82.6) 

66.1 
(65.7, 
66.7) 

73.2 
(72.3, 
74.1) 

RF 99.7 (99.5, 
99.9) 

89.1 (88.8, 
89.5) 

89.0 (88.9, 
89.1) 

89.1 
(89.0, 
89.3) 

89.0 
(88.9, 
89.1)  

Table 7 
Models’ hyperparameters that delivers the optimal prediction performance.  

Model Hyperparameters with the Highest Performance 

KNN  ⁃ Leaf size: 18.  
⁃ Number of neighbors: 4.  
⁃ The parameter metric p: 2. 

GBDT  ⁃ Number of estimators: 250.  
⁃ Maximum depth of the tree: 9.  
⁃ Learning rate: 0.1. 

XGBoost  ⁃ Number of estimators: 500.  
⁃ Maximum depth of the tree: 9.  
⁃ Learning rate: 0.1. 

RF  ⁃ Criterion: entropy.  
⁃ Maximum depth of the tree: None.  
⁃ Maximum features: 10.  
⁃ Minimum Sample Leaf: range 2.  
⁃ Minimum Samples Split: 4.  
⁃ Number of estimators: 50  
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of low acuity outcomes (Discharge and hospitalization than other 
models, making them the best-performed models. 

After selecting the best two-performed models, we tested the model 

using the testing sample to verify both models’ performance, as indi
cated in Table 9. Both models also have almost similar performances, 
with slightly better performance of the RF model of 88.9% accuracy, 
88.9% precision, and 88.9% recall over the KNN model with 87.8% 
accuracy, 87.8% precision, and 87.8% recall, with huge advantage of RF 
over KNN in latency (prediction time). 

Fig. 4. The confusion matrix of the models with the highest prediction ability.  

Table 8 
The class wise precision and recall for the best two performed models with 95% 
Confidence Intervals.  

Model Class Precision Recall 

RF 0 0.895 ± 0.009 0.932 ± 0.009 
1 0.839 ± 0.012 0.757 ± 0.011 
2 0.899 ± 0.003 0.899 ± 0.008 
3 0.969 ± 0.001 1.000 ± 0.004 
4 1.000 ± 0.001 1.000 ± 0.001 

KNN 0 0.881 ± 0.012 0.945 ± 0.011 
1 0.818 ± 0.009 0.757 ± 0.009 
2 0.935 ± 0.004 0.849 ± 0.003 
3 0.969 ± 0.001 1.000 ± 0.002 
4 1.000 ± 0.002 1.000 ± 0.003  

Table 9 
Testing performance of the best two performed models with 95% confidence 
intervals.  

Model Test Accuracy 
% 

Test Precision 
% 

Test Recall % Test Latency 
(ms) 

KNN 87.8 (86.9, 
88.7) 

87.8 (87.4, 
88.2) 

87.8 (87.4, 
88.2) 

442.9 

RF 88.9 (87.5, 
89.3) 

88.9 (87.4, 
89.4) 

88.9 (87.4, 
89.4) 

44.4  
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4.3. Training and prediction time 

Results in Table 10 show a considerable difference in the training 
time between models (48 s–3.5 h). The Decision Tree model required the 
least time (48 s) to fit the model, while on the other hand, Gradient 
boosting required the longest time (3hrs, 26mins, 12sec) to fit the 
model. Since the XGBoost model is an improved GBDT algorithm, it is 
noticeably that XGBoost performed better than GBDT and took much 
less time (17min, 25sec) to fit. Regarding the best two performed models 
on the validation dataset, although the KNN model takes less time to fit 
compared to the RF model, it took nearly 26-times longer to predict 
outcomes. After testing both models on the test dataset, similar out
comes related to prediction time were acquired with a significant 
advantage of the RF over the KNN model, with almost 10-times faster to 
predict. It is necessary to emphasize that the faster the decision of triage 
evaluations for patients with high acuate conditions, the most rapid 
patients will receive care and save lives. Hence, the RF model seems to 
be the best-performed model, with better performance in accuracy and 
latency than the other models. 

4.4. Feature importance 

This study investigated feature importance correlation and their 
contribution toward the model training using Random Forest model. 
Figure (5) presents a descending order of the feature importance and 
their contribution towards the model building. Respiratory rate, age, 
and oxygen saturation appear to dominate the significant contribution 
toward triage outcomes prediction. It is noticeably that these outcomes 
came in line with the earlier analysis of feature correlation using the 
Person correlation matrix since these three features show a high corre
lation with each other and the other variables. Oxygen saturation and 
age also seemed to significantly contribute to predicting triage class 
within the literature [16,22]. Despite the fact that CCs have a consid
erable role in determining the actual triage implementation, our analysis 
shows less contribution of chief complaints toward the model analysis. 
This can be attributed to the scarcity of complaints among the data 
sample used in this study. Other features such as chronic illness in
dicators and gender did not show a significant contribution to the model 
classification, indicating that they had less correlation with patient 
outcomes. The findings emphasize the need for triage nurses to give 
more attention when examining these demographics and vitals during 
their triage screening. 

For that purpose, we applied Principal Component Analysis (PCA) as 
a dimensionality reduction technique to eliminate the number of fea
tures that do not add much value to the learning process. Seven features 
were selected to train the model as they were accountable for 93% of the 
information within the dataset, as shown in Figure (6). The analysis 
findings show that the average accuracy of the selected models was 
dropped by 0.9%, with an improvement in the training time for each 
model. 

5. Discussion 

This study provides a comparative approach between a selected su
pervised machine learning techniques in the case of predicting triage 
outcomes within hospital ED. The study presented the best methodo
logical practices for the application of machine learning in predicting 
patient triage in hospital EDs settings with in-depth clarification and 
explanation of each step taken within this study. We developed multiple 
ML-based triage models on patient data collected at the time of ED 
triage. We evaluated multiple triage models and compared their per
formance using standard evaluation metrics. The novelty of this study 
was not in offering a new machine-learning technique to build the 
model; instead, this study contributed to tackling some of the short
comings reported in the literature and revealed some important points 
about the choice of the models as follows: (1) This study applied an 
automated hyperparameters optimization using genetic algorithm to 
reduce model bias-variance errors and obtain the optimal performance. 
To the best of the authors’ knowledge, none of the studies in Table 1 has 
revealed the use of automated hyperparameter tuning to optimize the 
classification models except [13] with the use of manual parameters 
inspection. Hence, this study highlighted the significance of using 
automated hyperparameter tuning techniques in obtaining the best pa
rameters that provide optimal prediction performance. The use of these 
techniques can be reflected in the performance of each model, as shown 
in Table 5. Table 2 We applied SMOTE techniques to handle the 
high-class imbalance within the dataset, which none of the work 
referred in Table 1 took into consideration the big class imbalance 
within the dataset except [28] with little description provided, thus they 
did not apply any correction strategy to improve model construction. It 
is known that imbalanced datasets degrade the performance of data 
mining and machine learning techniques as the overall accuracy and 
decision-making be biased toward the majority class, which leads to 
misclassifying the minority class samples or, furthermore, treating them 
as noise [56]. The use of SMOTE in this study has helped to reduce the 
high bias found within the dataset and rebalanced the internal distri
butions among the classes with an equal distribution of each class. We 
have trained the model on both data (class imbalanced data & class 
balanced data), where results show an average improvement in model 
prediction accuracy of RF about 0.8% (89.1 after SMOTE vs 88.3 before 
SMOTE) & KNN of 2.8% (88.7 after SMOTE vs 85.9 before SMOTE). 
Some models such as GBDT show a significant improvement after 
applying SMOTE with an improvement of 9.39% (87.8 after SMOTE vs 
78.41 before SMOTE). Prior research also shows that models built via 
SMOTE are shown to attain higher prediction performance (in terms of 
recall and F1-score) than other over-sampling techniques [57]. (3) We 
found a substantial lack of clarity in the model development process in 
the literature, with little reporting of the techniques used to process the 
data and train the models. This study has provided a clear experimental 
setup with a clear guidance on data preparation, model selection, and 
model development and evaluation, which what many prior studies 
failed to clarify. (4) This study highlighted the power of ensemble 
learning techniques (XGBoost, GBDT, and RF) when used to predict the 
model performance on noisy biomedical data, which seem to achieve 
outstanding performance comparing to the other techniques in this 
study, with a prediction accuracy of (88.4%, 87.8%, and 89.1%) 
respectively. Making them as favorable choice for similar problems, 
since RF and XGBoost has been shown to be widely used in sub-signal 
recognition contests due to its high prediction accuracy and 
outstanding efficiency [58]. (5) In regard to comparing our model per
formance to those in the existing literature. Many studies failed to show 
the class wise outcomes (e.g., recall/sensitivity and precision) as it is 
very essential for the triage model to provide an accurate and precise 
evaluation of patients who need urgent attention than patients who are 
in stable health conditions and are able to wait, where the error in 
classifying patients with critical conditions can result in health com
plications and death. Our models show outstanding performance in 

Table 10 
Training and Prediction Time of each selected models.  

Model Training Time (Minutes) Prediction Time (m seconds) 

LR 1.55 4.6 
DT 0.48 2.8 
KNN 4.20 626.4 
SVM 10.16 1061.5 
MLP 42.00 19.8 
GBDT 206.75 89.2 
XGBoost 17.52 23.8 
AdaBoost 18.60 152.3 
RF 5.75 23.7  
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predicting patient critical outcomes (i.e., ICU or Died) as presented in 
Table 8 comparing to the work in Refs. [13,22]. 

With the increased level of ED overcrowding, waiting times and LOS, 
the shortcomings of the current triage practice and the massive avail
ability of healthcare data emphasize the need for more robust and 
intelligent triage evaluation in emergency settings. Literature shows that 
machine-learning techniques enables the automation of processes that 
can help analyze complex data to extract a meaningful relationship from 
datasets to assist in prediction, such as triage evaluations [59]. They can 
identify patient symptoms, access patients’ medical results and history, 
and predict patient needs based on the available data through EHRs 
[60]. It can also capture complex interactions that are likely to be pre
sent when predicting less specific outcomes [21]. ML techniques have 
shown promise to enhance predictive triage abilities in many conditions 
(e.g., Congestive Heart Failure, sepsis) [23] and better analyze patient 
conditions across a wide range of medical conditions and illness severity 
relevant to triage [16]. The patterns, recognized by ML, can assist 
physicians’ ability in decision-making, personalize the care tailored to 
individual patient needs and reduce dependence on subjective human 
judgment and relative experience [61]. ML-based triage models have 
proven superior abilities in predicting critical-care outcomes and 

hospitalization over the reference standard triage models [22]. These 
models provided accurate patient distribution through the five severity 
levels and enhanced triage nurses’ decision-making [61]. These superior 
predictive abilities would contribute to improve patient pathways, 
better manage hospital ED resources, reduce costs for both the hospital 
and patients and reduce patients’ waiting times and LOS. It, therefore, 
tackles overcrowding, provides better healthcare services for patients, 
and reduces morbidity and mortality rates. Our developed ML triage 
models show a high capability in predicting patient disposition out
comes in ED settings for both high acuity and low acuity patients, 
indicating that machine learning techniques demonstrate high promise 
in improving predictive abilities in emergency medicine, especially in 
triage evaluation in ED settings. The implementation of this developed 
model within the hospital settings, therefore, will translate into a better 
Manchester Triage evaluation tool that will assist triage nurses in their 
judgement and provide faster and more accurate evaluation for many 
complicated cases. 

Although this study achieves outstanding prediction outcomes, there 
is still room for improvement. First, the analysis in this study was based 
solely on a retrospective data sample collected from patients during 
their visit to the ED. However, these retrospective data might be liable to 

Fig. 5. Feature importance toward model training.  

Fig. 6. Explained variance ratio in principle component analysis.  
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human bias or data input error. Moreover, the models were validated on 
the same retrospective data. Future research will consider evaluating the 
model on prospective data. The data sample used for the model devel
opment was relatively small. Finally, this research was conducted on a 
small data sample compared to the one in the literature; however, the 
main aim of this research was mainly to compare different ML ap
proaches rather than to implement the model within a hospital envi
ronment. Future research will consider collecting multi-sources large 
data samples for model development and validation to enhance the 
generalization and the performance of the model in a broader sample of 
data. 

6. Conclusion 

Machine learning techniques have proven good ability in supporting 
triage decision-making within hospital ED settings. These models 
demonstrated a considerable performance in differentiation between 
patients with critical outcomes (Mortality and ICU admission) from 
patients with less critical outcomes (e.g., discharged and hospitalized) in 
ED settings. Implementing these models can enhance patient outcomes, 
reduce waiting times and length of stay, manage hospital resources more 
effectively and thus reduce overcrowding. Moreover, the outcomes of 
this study will benefit future research whether to adapt or ignore certain 
criteria when designing triage prediction models and guide them toward 
the best methodological practices for such a problem. 
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