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Abstract—Overcrowding in Emergency Departments (EDs) is
a major problem in most hospitals, and long waiting times are
one of its main causes. This problem is due to the complete
reliance on manual processes, from registering the patient in the
system to the triage and prioritization of examination. Thus, this
paper proposes an electronic system as an alternative to manual
procedures to mitigate the effects of overcrowding. The
proposed system automates patient registration using an
identity verification scanner and introduces an Al-based triage
concept to support patient classification based on vital data
entered by nurses. This approach assists in the classification of
cases as emergency or non-emergency, and directly determines
the course of action, either by immediately referring the patient
to a doctor or waiting for the patient’s turn to be examined. A
Business Process Analysis (BPA) methodology was used to
document and analyze both the current (“as-is”) and proposed
(“to-be”) processes in the ED. A simulation was performed using
the Bizagi Modeler to evaluate the performance of the proposed
system. The results show that the redesigned process reduces the
average patient waiting time in the ED by improving case
periodization and workflow efficiency.
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I. INTRODUCTION AND LITERATURE REVIEW

Crowding in Emergency Departments (EDs) is an ongoing,
worldwide challenge for many health systems [1]. The
implications of overcrowding in the ED include negative
consequences for patient care and patient safety, including
increased wait times for patients, delays in accessing critical
medical care, elevated complications and morbidity rates, and
decreased quality of care and patient satisfaction. Thus, this
paper presents a novel technological solution that seeks to
improve patient flow and reduce critical waiting times. The
solution involves developing an automated registration and
triage process that incorporates an Al-based concept to
support patient classification.

A growing body of research has applied machine learning
and deep learning techniques to forecast emergency
department demand, including predicting patient arrival
volumes [2], daily and hourly ED occupancy [3—6], patient
flow and hospitalization likelihood [7-13], and long-term
demand trends [14—18]. Additional studies have examined
ED revisit risk [19], early sepsis detection [20], and surge
response planning [21]. While these forecasting approaches
offer valuable tools for capacity planning, they address a
fundamentally different problem from the present study,
which focuses on redesigning the internal patient flow
process after arrival rather than predicting external demand.
Akbasli et al. [22] examined 352,843 pediatric ED visits and
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developed 20 predictive models combining traditional
Machine Learning (ML) with Deep Learning (DL). As a
result, they achieved R? values up to 75%. These models
improved physician allocation during peak hours by 30.4%,
reducing patient-to-doctor ratios and waiting times. On the
other hand, Tuominen et al. [2] used electronic health records
and external variables, such as the weather and traffic, to
compare advanced ML models (e.g., LightGBM, NBEATS,
and DeepAR) with traditional forecasting models for 24 h
inpatient stay prediction. Incorporating these variables
improved prediction accuracy and highlighted the importance
of multivariable inputs for ED planning. Likewise, Halwani
et al. [23] used pediatric ED records from King Abdulaziz
University Hospital (KAUH), incorporating patient
demographics, triage levels, and clinical data. 6 ML
algorithms were trained and evaluated. Gaussian Naive Bayes
outperformed other approaches, as it demonstrated high
predictive performance; however, its single-center design
limited generalizability. Harrou et al’s [3] Variational
Autoencoder (VAE) model was employed for the daily and
hourly forecasting of ED wvisits, with comparisons made
against seven DL baselines: RNN, LSTM, BiLSTM,
ConvLSTM, GRU, CNN, and RBM. The VAE model
outperformed traditional DL models because of its flexible
operation insights. Sharafat et al. [7] introduced
PatientFlowNet, a DL model for forecasting patient flow in
EDs, outperforming traditional models, including ARIMA
and LSTM. On the other hand, Wang ef al. [24] used 5 ML
algorithms to predict prolonged ED waiting times, and found
that 48.2% of ESI-3 patients experienced delays. Key factors
included ED crowding and mode of arrival. Seo et al. [8]
combined unstructured clinical text with hospital data, using
ML models. As a result, they improved prediction
performance by 6—10% in AUROC and 20-28% in AUPRC.
In alignment with Ref. [8], Chen ef al. [9] used a Bi-LSTM
model with an attention mechanism to combine structured
data and clinical notes, improving prediction and handling
class imbalance. Their model outperformed baseline models,
but lacked external validation. Thus, Tuominen et al. [4] used
158 features and forecasting models to improve ED arrival
predictions, highlighting the importance of feature selection.

Porto and Fogliatto [1] examined the performance of 6 ML
algorithms for predicting ED visits, and determined that the
XGBoost model outperformed other methods consistently, in
both short- and long-term forecasts of prediction accuracy. In
particular, feature engineering markedly improved predictive
performance despite excluding some key external variables.
Moreno-Sanchez et al. [10] developed 2 interpretable
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XGBoost models that estimated the likelihood of a patient
needing hospitalization and predicted the required ward at the
triage stage, achieving adequate performance (AUROC =
0.78) to aid in early resource allocation. Guo et al. [14]
addressed the challenge of ED predictions by creating
individual forecasting models for 16 distinct reasons for
hospitalization, and showed that aggregated cause forecasts
increased the accuracy in predicting ED visits by 3.81—
23.54% compared to forecasting overall ED visits. Ciftci and
Sir [15] evaluated time series and ML models for ED demand
forecasting during the COVID-19 pandemic. The SARIMA
model fit best in terms of short-term forecasting (83.93%
correlation), despite the limited time span of the data used.
Vollmer et al. [5] created a unified ML framework for ED
demand forecasting and observed that penalized linear
models performed as well as or better than complex
algorithms, as they produced reliable forecasts (1, 3, and 7
days) appropriate for near real-time applications. Youssefi et
al. [16] developed a reliable daily ED demand predictor based
on a deep neural network leveraging LSTM networks that
outperformed most statistical alternatives, achieving a low
average MAPE error of 4.89% for one-day predictions. Tabar
et al. [6] proposed 2 models built on the use of generalized
additive models and exponential smoothing for the reliable
and probabilistic hourly forecasting of ED arrivals with up to
48 h lead time. As a result, their models performed better than
all the benchmarks. Cusid6 et al. [25] created a predictive
model featuring the Gradient Boosting Machine (GBM)
algorithm to quantify the probability of a patient being
admitted. Maddigan and Susnjak [17] explored ML models
for forecasting daily demand in urgent care clinics up to 3
months ahead. They demonstrated that clustering methods
consistently improved prediction accuracy (by 23-27%) over
both in-house and statistical models, despite the difficulty in
generating reliable long-term forecasts during the COVID-19
period. James et al. [18] proposed a Multi-Granular Stacked
Regression (MGSR) model for accurate long-term (monthly)
ED demand forecasting in the UK. Their model achieved high
accuracy (MAPE 3%) by accounting for service capacity and
population health factors.

Peck et al. [11] developed a performance model for
predicting the number of ED admissions per hour. The
LEGOLAS model, a PPM approach to predicting hospital
admissions based on events recorded during patient
movement within the ED, was presented. Meanwhile, Lim et
al. [26] proposed an early warning system capable of
detecting emerging trends in ED attendance and providing
timely alerts for proactive operational planning. On the other
hand, Tan and Mills [27] combined 2 systematic literature
reviews, one on Artificial Intelligence (AI) and the other on
sensors. Their analysis of standard ED design in Chinese
hospitals, based on modern hospital building design,
demonstrated that a more advanced and innovative approach
to Al design could be applied to Chinese resuscitation units,
operating rooms in the ED, and intensive care units in the ED.
In summary, Al techniques offer notable advantages in
emergency clinical decision-making, resource optimization,
and patient monitoring. Petravi¢ et al. [28] discussed models
for predicting patient arrival at EDs. The strength of their
study lies in the comprehensive synthesis and analysis of 30
studies, the classification of 10 sets of extrinsic variables, and
53 prediction methods. Hao ez al. [19] proposed a decision
tree-based model with discriminatory and validated EMR
features to estimate a patient’s ED readmission risk after 30
days. Additionally, Greco et al. [20] conducted an 18-month
EMR study. ML has been proposed primarily for the early
identification of septic patients by detecting predictive
patterns in data beyond linear relationships. ML models can
handle the abundance and complexity of patients’ digital data,
accurately predicting which patients will develop sepsis. In
their systematic review of ED demand prediction models,
Chase et al. [21] compiled 30 studies that used statistical
techniques and ML algorithms to predict visit volume and
optimize resource allocation. Lee et al. [12] developed a
computational approach using Al to accurately predict urgent
patient outcomes, using digital data readily available in most
EDs. In addition, Pasquadibisceglie et al. [13] introduced a
model to predict the reception of patients in the ED. Table 1
summarizes the literature review.

Table 1. Summary of related studies

Ref. Result Limitation
[22] Improved physician allocation by 30.4%. The single-center design limited generalizability.
[2,4,24] Increased accuracy with multivariable inputs. The single-center design limited generalizability.
[23] High-performance Gaussian Naive Bayes (accuracy = 98.4%). The single-center design limited generalizability.
[3] VAE outperformed traditional models. The single-center design limited generalizability.
[7,9] Outperformed traditional models. The single-center design limited generalizability.
[8] Improved prediction by 6-10% in AUROC and 20-28% in AUPRC. Single-hospital and text quality issues.
[1, 10, Improved machine-learning models outperformed traditional methods in The dat? used d id not 1pcluQe all influential variables,
- .. such as air quality or epidemic events, and some models
14] predicting the number of visits to the emergency department. .
were not widely tested.
[5, 15] Statistical models (such as SARIMA) and penalized linear models may The data were limited to short periods; lower
i perform similarly to or better than complex models in short-term forecasting. interpretability.
The use of neural networks and probabilistic prediction models improved the Relying on data from only one hospital or limited
[6, 16]
i accuracy of daily and short-term forecasting. variables.
[25] The admission prediction model helped reduce waiting times. The risk of overfitting and poor interpretability
Both clustering methods and multi-granular stacked regression improved Long-term forecasts were affected by unforeseen factors
[17, 18]
i medium and long-term forecasting. (such as the pandemic).
The best-performing model (XGBoost) achieved a Mean Absolute Error
[11,21] (MAE) of 2.63 and 2.64 for the 2 hospitals, respectively, outperforming Lack of external validation across diverse settings
traditional forecasting methods, such as ARIMA
This study advanced emergency healthcare management by introducing a The findings have limited generalizability because of the
[20,26]

proactive surge detection framework

small sample size.
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2 systematic literature reviews were combined, one in Al and the other in

[13, 19, sensors. The experimental results show that LEGOLAS achieved higher The need for its apphcatlon across different
27,28] environments.
accuracy.
[12] The model achieved a validation AUC of 0.8004, indicating adequate The results were not implemented or tested in other
discriminative ability to predict hospital admissions. hospitals to evaluate their effectiveness in practice.
the as-is state to implementing an improved to-be state
II. METHODOLOGY (Fig. 1).

The chosen research methodology is based on the Business 4. process Discovery (“As-Is” Model)
Process Analysis Methodology (BPAM), a structured
approach that is critical for the systematic evaluation and
improvement of workflows in organizations. BPAM
undergoes various sequential stages to move from diagnosing

Process discovery is the initial stage that encompasses the
complete “as-is” model of the current manual patient flow
process (Fig. 2).
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Fig. 1. Phases of the BPMN process analysis.
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Fig. 2. “As-is” business process model.
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B. Process Analysis

The process analysis stage is crucial for achieving a clear
understanding of the current system’s limitations before
proposing solutions. By systematically dissecting the “as-is”
process model, this analysis identifies the root causes of
inefficiency and their measurable impact on Key
Performance Indicators (KPIs).

1) Qualitative analysis

The qualitative analysis identifies issues that warrant

prioritization. Fig. 3 and Fig. 4 present the 2 qualitative
approaches employed: Pareto analysis diagrams and cause-
effect (fishbone) diagrams, respectively.

2) Quantitative analysis

For the quantitative analysis, simulations were performed
using the Bizagi Modeler to evaluate the performance of each
ED process task, as described in the Simulation Setup
subsection below. Table 2 presents the resulting KPI values
for the as-is model.

Pareto Chart Analysis of ED

35
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Fig. 3. “As-is” process Pareto diagram.
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Fig. 4. “As-is” fishbone diagram.

Table 2. KPIs and simulation results (time) for the “as-is” and “to-be” models

KPI Goal Avg. Time in min (“as-is”) Avg. Time in min (“to-be”)
Triage waiting time Reducing the time spent t?iagipg patients after 15 min 1 min 30 s
taking their vital signs
Developing a reception system to reduce the time
Recording patient information required to register patient data upon arrival at the 12 min 6 min
ED.
Examination time Reducing the examination time. 32 min 25 min

C. Simulation Setup

In this study, the dataset was derived from a Bizagi-based
process simulation rather than from observational hospital
records. The simulation inputs were the modeled emergency
department activities, including arrival, registration, vital
signs recording, triage, waiting, physician evaluation, and
disposition. The simulation assumed a predefined workflow
with controlled resource and processing-time settings. The
output variable was defined as the simulated surge or
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congestion outcome, represented by the patient’s routing path
and waiting-time behavior. It is important to note that this
simulation is intended for process comparison analysis and
does not represent a fully parametric random model.

D. Process Redesign (“To-Be”) Model

Based on the root causes identified in the analysis, a “to-
be” model is proposed to eliminate limitations in manual
processes (Fig. 5).
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Fig. 5. “To-be” business process model.

E. Process Implementation

The process implementation phase transforms the “to-be”
model into an effective and executable format, integrating the
automated registration system and Al-based triage concept
into the redesigned workflow (Fig. 5).

F. Process Monitoring and Controlling

The Six Sigma DMAIC framework is a managerial
approach to monitor, reduce variance, and eliminate defects
in a proposed Al-enhanced ED system. Full DMAIC results
are reported in the DMAIC Summary section.

III. RESULTS

A. Simulation Results

Table 2 presents the simulation results for the as-is and to-
be process models across 3 key performance indicators. The
most substantial improvement was observed in triage waiting
time, which decreased from 15 min to 1 min and 30 s—a
reduction of 90%. This improvement is directly attributable
to the Al-based triage classification system, which eliminates
the manual decision-making delay that follows vital signs
recording. Patient registration time was reduced from 12 min
to 6 min (50%), reflecting the efficiency gains from
automated ID scanning at the point of arrival. Examination
time decreased from 32 min to 25 min (21.9%), which can be
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attributed to improved patient prioritization upstream,
allowing physicians to manage cases more efficiently.
Collectively, these results demonstrate that the proposed to-
be model substantially improves patient flow and reduces
delays across the ED workflow.

B. SWOT Analysis

A SWOT analysis was conducted to provide a strategic
overview of the proposed to-be model (Fig. 6). While not a

quantitative  validation tool, the SWOT analysis
contextualizes the system’s broader feasibility and
sustainability within a hospital setting.

STRENGTHS WEAKNESSES

1.High cost for hardware and Al
software.

2.The accuracy of triaging has a
lot of variability and it is
dependent on the quality of
the nurse’s input of vital signs
data.

3.Requires much staff training.

1.Significantly reduces patient wait
time and overcrowding.

2.Provides uniform and objective
triage decisions that are free of
human influence.

3.Advances accuracy and
traceability of data with
automated ID scanning.

W

THREATS

1.There are strict regulatory
barriers for Al to be used in
clinical specific decision making

2.Centralization of patient data
exposes to attacks on
cybersecurity and breaches.

3.System performance is limited by
potential technical issues and
need for maintenance

OPPORTUNITIES O T
1.0ffers the chance to incorporate
operations with existing systems.
2.Increases patient safety through
timelier identification of urgent
patient cases.
3.Contributes to a positive hospital
reputation regarding innovation and
quality-of-care practices.

Fig. 6. SWOT analysis of the proposed (“to-be””) model.
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C. DMAIC Summary

The Six Sigma DMAIC framework was applied to monitor
the proposed system and control process variance. In the
Control phase, ongoing monitoring is supported through
statistical process control, as illustrated by the KPI histogram
in Fig. 7, which confirms that triage waiting times in the to-
be model remain consistently within acceptable bounds.
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Fig. 7. Histogram of the KPIs to monitor and control.

IV. CONCLUSION

This study addressed the persistent problem of
overcrowding in emergency departments, which results in
prolonged waiting times, compromised patient safety, and
reduced care quality. A novel, to-be process model was
proposed as an alternative to existing manual procedures,
incorporating automated patient registration via ID scanning
and an Al-based triage concept to classify patients by severity
based on vital signs data entered by nursing staff.

Using the Business Process Analysis Methodology
(BPAM) and process simulation via the Bizagi Modeler, the
proposed model was evaluated against the current as-is
process across 3 key performance indicators. The results
demonstrate that the redesigned process reduces triage
waiting time by 90% (from 15 min to 1 min 30 s), registration
time by 50% (from 12 to 6 min), and examination time by
21.9% (from 32 to 25 min). These improvements confirm that
automating intake workflows and integrating Al-driven
decision support can substantially enhance patient flow
efficiency in the ED.

This study has several limitations. The simulation was
conducted using the Bizagi Modeler with predefined
workflow parameters and does not draw on real patient
records from a specific hospital. As a result, the
generalizability of the findings to real clinical environments
should be interpreted with caution. Additionally, the Al-
based triage component is conceptual in this study—it has not
been implemented or validated against actual clinical data—
and factors such as system integration complexity, staff
acceptance, and infrastructure readiness were not modeled.

Future work should focus on implementing and validating
the proposed system using real patient data from an actual ED
setting to confirm the simulation findings. Additionally, the
Al classification component warrants development into a
deployable tool, with clinical validation across multiple
hospital sites and patient populations to assess its robustness
and generalizability.
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