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Featured Application

From a clinical perspective, the proposed fast-track pathway is specifically designed to
address the needs of complex patients, who typically account for a significant proportion of
resource consumption in emergency departments. By targeting this high-impact population,
the pathway contributes to optimising care delivery, reducing delays, and ensuring that
resources are utilised more efficiently. This approach not only enhances patient outcomes
but also mitigates operational challenges, making it a valuable tool for improving the
overall efficiency of emergency services.

Abstract

Emergency department overcrowding disproportionately affects complex patients, such as
older adults and those with comorbidities, who consume significant resources and expe-
rience prolonged delays. This study integrates process mining and predictive simulation
to identify key factors influencing length of stay and to propose a data-driven solution:
a tailored fast-track pathway for high-risk patients. Using data from 94,489 emergency
episodes, a predictive formula was developed based on clinically relevant variables, includ-
ing age (>65 years); triage levels (I and III); frequent emergency department visits; need for
mobility aids; and specific reasons for consultation such as dyspnea, abdominal pain, and
poor general condition. Simulation results demonstrated that implementing this fast-track
pathway reduces length of stay by up to 21% and emergency department saturation by
35%, even with minimal resource allocation (five beds). The manual predictive formula
showed comparable prediction performance to machine learning models while maintaining
transparency and traceability, ensuring greater acceptability among healthcare profession-
als. This approach represents a paradigm shift in emergency department management,
offering a scalable tool to optimise resource allocation, improve patient outcomes, and
reduce operational inefficiencies. Future multicenter validations could establish this model
as an essential component of emergency department management strategies.

Keywords: length of stay; crowding; emergency department; healthcare; hospital; artificial
intelligence
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1. Introduction

Emergency department (ED) visits in Spain have seen a significant increase, reaching
31.15 million in 2022. This figure represents the highest recorded since 2010, highlighting a
growing demand for emergency healthcare services [1]. The sharp rise in ED visits has a
ripple effect on various aspects of the healthcare system, including patient outcomes, the
overall cost of care, and the workload of healthcare professionals [2,3]. These challenges
underscore the importance of efficient time management in ensuring the delivery of high-
quality care [4-6]. A crucial aspect of this growing demand is the impact on complex
patients [2], a group that includes older adults, individuals with multiple comorbidities,
and those reliant on mobility aids [7]. These patients face unique challenges in the ED,
often experiencing longer waiting times and requiring more extensive resources to address
their needs [7]. As a result, their presence contributes significantly to the congestion and
operational strain of emergency departments [7]. Addressing the needs of such complex
patient populations is essential for improving both individual outcomes and the overall
efficiency of emergency care systems. Tailored interventions, designed specifically for these
vulnerable groups, can help mitigate delays, optimize resource allocation, and ultimately
enhance the quality of care provided in emergency settings [8].

ED overcrowding poses a significant and ongoing problem for healthcare systems
worldwide. Length of stay, the time from patient arrival to discharge, is a key indicator of
ED congestion. Increased LOS is linked to poorer patient outcomes, including higher rates
of illness and death, and reduced satisfaction for both patients and staff [9-11]. Because
extended LOS can lead to treatment delays, increased complications, and more patients
leaving without being seen [2,12,13], it serves as an indirect measure of quality of care,
having healthcare systems, including Spain’s, often aim to discharge or admit at least 90% of
ED patients within 4 h [13]. Elderly patients (65 and older) are particularly vulnerable, with
prolonged LOS increasing their risk of adverse events like delirium [14,15]. Factors such
as care flows, patient characteristics (e.g., age, comorbidities, triage level), or the reason
for consultation influence prolonged LOS [16-18]. Advanced age, high triage levels (II or
III), arrival by stretcher or ambulance [19,20], chronic disease, hemodynamic instability,
and functional deterioration all contribute to greater complexity in care and increased
resource utilisation. Identifying and treating these patients as early as possible is crucial to
mitigating delays and complications [21-23].

One common strategy to address ED overcrowding is the implementation of fast-track
(FT) pathways, designed to expedite care for patients with less urgent needs, specific
complaints, or defined care pathways [24,25]. Although the literature typically associates
the concept of ‘fast track” with the treatment of less complex patients, we propose a novel
approach by introducing the idea of “pre-admission’ for more complex cases. While we
acknowledge that this terminology might lead to confusion, as these patients often require
longer stays, we chose the term ‘fast track’ to emphasise the fact that their pre-admission
process is expedited, saving critical time for their recovery.

While FTs have demonstrated success in improving overall ED throughput for low-
acuity patients, their effectiveness for complex patients at high risk of prolonged LOS
remains limited [26]. Existing FT protocols often lack the flexibility to adapt resource alloca-
tion to the specific needs of these patients, potentially leading to bottlenecks and suboptimal
outcomes. Triage nurses, based on their clinical experience and initial assessment, can often
identify patients at risk for prolonged LOS, considering factors such as the patient’s overall
appearance, level of distress, and perceived need for immediate intervention. However,
this subjective assessment is not always consistently applied or effectively translated into
resource allocation decisions [27].
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To address these limitations, this article proposes a novel, algorithm-driven approach
to triage, using a predictive model to identify patients at high risk of prolonged LOS and
to direct them to a tailored fast-track pathway. Our predictive model will be trained on
historical data, using routinely collected triage information (e.g., age, vital signs, medical
history) to predict the probability of a patient exceeding a 4 h LOS threshold. Patients with
a predicted probability above a pre-defined threshold will be considered “high risk” and
will be eligible for the targeted FT pathway. Triage nurses will receive alerts generated
by the predictive model, providing them with actionable information to guide resource
allocation and pathway assignment. This approach aims to optimise resource allocation
and mitigate bottlenecks, especially those related to test result turnaround times.

This study will contribute to the field by providing a data-driven framework for
optimising ED resource allocation and improving outcomes for complex patients.

The rest of the paper is followed by the Materials and Methods section, which details
the research’s methodology, including the use of retrospective data from a hospital in
Valencia, the specific process mining algorithms applied, and the metrics used to evaluate
the new protocol. The Results section then presents the quantitative findings, demonstrating
that the implementation of the process mining-designed Fast Track successfully reduced
patient stay durations and decreased saturation levels in the emergency department. In
the Discussion, the authors interpret these results, highlighting the practical benefits of
their approach, comparing their findings to existing literature, and addressing the study’s
limitations. Finally, the Conclusions section summarizes the key takeaway—that process
mining is an effective tool for improving ED efficiency—and outlines potential directions
for future research in this area.

2. Materials and Methods

To gain a deeper understanding of patient flow and identify potential targets for
intervention, we utilised interactive process mining technologies (IPM) [28], which uniquely
incorporates healthcare professionals (HCPs) into the process learning methodology. Unlike
traditional approaches, IPM not only discovers but also co-creates processes with HCPs,
ensuring that the resulting interactive process indicators (IPIs) [29] are highly relevant,
credible, and seamlessly integrated into their daily workflows.

2.1. Interactive Process Mining

In the IPM methodology, IPIs are defined as process representations designed to
understand, measure, or evaluate the characteristics or evolution of a specific event or
fact. These navigable models combine process mining techniques with domain-specific key
performance indicators (KPIs) [30], offering a continuous, interactive, and comprehensible
representation of real-world healthcare processes. For example, in emergency departments,
IPIs can incorporate KPIs such as patient length of stay [31,32]. By integrating KPIs with
process analysis, IPIs provide a holistic approach that not only identifies root causes but
also delivers deeper insights compared to standalone KPIs.

The IPM methodology relies on Interactive Process Data Rodeos, a central component
designed to build IPIs. A Data Rodeo is a highly collaborative, multidisciplinary process
aimed at developing process indicators that objectively and comprehensively analyse,
quantify, and qualify healthcare processes and their changes.

The IPM methodology unfolds in three key phases: Preparation, where the multidisci-
plinary team aligns objectives and defines research goals; Research, involving iterative Data
Rodeos to develop the IPL. These iterative sessions (Interactive Process Data Rodeos or
Data Rodeo) involve co-curating data, co-creating process indicators, and validating them
through collaboration between HCPs and IT experts. Facilitated by interactive process
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miners (PM experts), these Data Rodeos are critical to the development of IPIs and the
advancement of co-creation in healthcare process analysis [33]. Finally, it is the Production
phase, where the finalised IPI is validated and utilised for analysis.

As illustrated in Figure 1, the Research phase includes multiple Data Rodeos, starting
with data exploration to identify process steps and timestamps. This is followed by data
cleaning, where collaborative efforts correct or exclude data that deviates from standard
processes. Discarded data are revisited to distinguish between genuine outliers and errors,
offering valuable insights. The resulting process representation is enriched with additional
metrics, such as averages and medians. Finally, process mining enhancement techniques
are applied to integrate indicators and develop a comprehensive representation, ensuring
the generated IPI is both practical and insightful.
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Figure 1. Interactive process indicators of the emergency department.

2.2. Analysing Emergency Department Performance with Process Mining

To understand the specific drivers of ED overcrowding, we applied the IPM methodol-
ogy to analyse patient flow and resource utilisation by evaluating the current performance
of the emergency department, with a focus on determining the underlying causes of service
saturation. With this in mind, an IPI of the ED was defined, following the IPM methodology
with the Process Mining Application (PMApp) Toolkit [34]. To carry out this analysis, a
multidisciplinary team was created and followed several Data Rodeos sessions until the IPI
was totally defined, where information regarding the patient in relation to each of the steps
that make up the process in the ED was collected. These steps were admission, triage, first
attention, hospitalisation, and discharge destination, where triage and attention are divided
into five levels according to the Manchester triage standard [35] and discharge destination
into six possible destinations (home, voluntary discharge, exitus (when a patient passes
away), hospitalisation, administrative admission, and others).

Triage is the structured, rapid classification process that allows for clinical risk man-
agement and care prioritisation in the ED. A key indicator of its quality is the pre-triage
time, the interval from the patient’s arrival to their triage classification, the standard of
which is <10 min. Five-level structured systems have proven to be the safest, sharing very
similar time margins and clinical criteria. In triage, each patient is assigned one of the
five levels with maximum times that mark the clinical process: Level I (Resuscitation): a
situation that requires immediate attention because there is cardiorespiratory arrest, shock,
or an imminent life-threatening condition. At this level, the triage step may occur after
clinical care, with this clinical pathway organised without triage due to the extreme ur-
gency of care; Level II (Emergency): a very urgent situation with life-threatening condition,
hemodynamic instability, or unbearable pain, which should be assessed in <15 min; Level
III (Urgent): a stable patient but at potential risk (e.g., chest pain, suspected sepsis) who
will likely require diagnostic testing, requiring medical contact within <60 min; Level IV
(Least Urgent): a pathology with no apparent life-threatening condition (sprains, rashes,
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chronic symptom control) that allows for a wait of up to 120 min; and Level V (Not Urgent):
administrative procedures or minor, very low-complexity conditions, with a wait time
of <240 min (Figure 2). This grading ensures that resources are focused first on critical
conditions without neglecting the rest through periodic reassessments [36,37].

EMERGENCY DEPARTMENT

|.Immediate Admission (<45 minutes)

> 1Il. Urgent m— <60 minutes » “ ’
IV. Standard Blood test
V. Non-urgent <240 minutes X-Ray (<1 hour)

<10 minutes

Figure 2. Manchester triage standard.

It should be noted that in addition to the standard process, two more circuits were
identified in the IPI within the ED. It was derived from the characteristics of the process
mining analysis, which allows for the discovery of real processes. Thus, the first was named
Level 0 for patients who have not been triaged but have a waiting time until first attention
(Wait 0, Attention 0). It occurred because, in this context, external outpatients go through
the ED when they visit the hospital. The second circuit corresponds to those Level I patients
who have been attended to directly without having registered in the triage system. The
representation of this process can be seen in Figure 3, where it is observed that Level I and
II patients spend more time in attention (appearing redder than the rest of the steps), which
is logical because they are patients who require more care. The information represented
in each step (rectangle or node) was complemented with statistics and other variables to
subsequently understand the profile of the patients according to the duration of their stay
in the ED and thus identify the most frequent characteristics in the general population and
by subgroups, facilitating the understanding of the patient profiles and their needs for the
definition of FTs.

PMAD - Experiment: HGUV - URGE -1 traza x episodio - 2021 - ngreso admin

A QuosR | MM R IB|IXI|G

Figure 3. Interactive process indicators of the emergency department.
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Nonetheless, the visualisation of the ED process, structured into circuits and ur-
gency/triage categories, proved instrumental in narrowing the scope of the problem and
directing investigative efforts toward the profiles of patients with the most significant
potential to aggravate service saturation.

2.3. Strategies for Addressing Emergency Department Overcrowding

Before detailing our data-driven approach to triage, it is important to understand the
current landscape of ED overcrowding strategies. This section reviews existing methods,
providing a foundation for understanding the potential impact of our proposed method.
Several strategies address ED overcrowding, often focusing on reducing length of stay by
improving the time to first attention. Advanced triage systems [38], which incorporate
detailed assessments and decision-making tools, are one example of this approach, aiming
to enhance triage accuracy and efficiency. This may lead to the activation of FT, another
strategy aimed at low-complexity patients [39,40]. Strategies such as early test ordering, the
use of point-of-care testing (POCT) devices, and early treatment administration have been
associated with shorter overall lengths of stay and faster decision-making [41,42]. Rapid
Assessment Units (RAUs), similar to FTs, are a focused strategy to accelerate assessment,
diagnostic workup, and treatment for patients with specific medical conditions without
increasing the required infrastructure [43,44]. However, RAUs, which aim for rapid assess-
ment, might not always be equipped to handle the complexity required for this patient
profile, potentially leading to misdiagnosis or incomplete assessments. Thus, because FTs
have proven to be among the most effective strategies for reducing LOS in non-complex
patients [24], our proposed approach builds upon this foundation to address LOS in more
complex cases.

3. Study Methodology

Building upon the IPI described in the previous sections, a methodology was estab-
lished to initially enable the characterisation of patients who are likely to contribute to
ED overcrowding. From this characterisation, the risk rate was then calculated from the
identified variables to determine which have the most significant influence on a prolonged
stay (>4 h) in the ED, and thus design a fast-track care pathway to reduce times and possible
adverse events. Figure 4 shows this methodology and the different phases in it:

1.  Analysis of the Interactive Process Indicator of the Emergency Department: This
initial stage, based on data from 2021, involved two primary steps: (1.1) identification
of the characteristics of patients with a length of tay exceeding 4 h (LOS > 4 h) and
(1.2) analysis of the relative risk associated with various variables.

2. Selection of Variables for the Study: This stage involved selecting relevant variables
based on their clinical relevance, statistical significance (as measured by the relative
risk), and prevalence in the patient population.

3. Creation of Predictive Models: This stage encompassed the development of
two distinct predictive models: (3.1) an interactive predictive formula designed to
evaluate fast-track implementation, and (3.2) predictive models built using machine
learning techniques.

4. Evaluation of the Interactive Formula with Machine Learning Models: This stage
focused on assessing the performance of the interactive formula in conjunction with
the machine learning models. Data from 2022 were used in this stage.

5. Evaluation of the Effectiveness of the FT Predictive Formula Using Process Simula-
tion: The final stage involved evaluating the effectiveness of the fast-track predictive
formula through process simulation techniques.
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In the context of predicting prolonged LOS in EDs, there is an ongoing debate regard-
ing the choice of predictive tools, particularly between manual formulas developed by
clinical experts and machine learning (ML)-based systems. While ML systems provide
advanced capabilities for processing large datasets and producing highly accurate models,
the use of a manual predictive formula offers significant advantages in terms of traceability,
transparency, and clinical relevance, especially in critical and sensitive environments such
as EDs.

1. ANALYSISOF THE OF ED

1.1. IDENTIFICATION OF THE CHARACTERISTICS OF
PATIENTSWITH LOS>4h

1.2. ANALYSIS OF THE RELATIVE RISK BY VARIABLE

2. SELECTION OF VARIABLES FOR THE STUDY

3. CREATION OF

3.2. BUILDING
PREDICTIVE MODELS
BASED ON MACHINE
LEARNING

3.1. INTERACTIVE
PREDICTIVE FORMULA
DESIGNTO EVALUATEFT

OFTHE INTERACTIVE FORMULA WITH MACHINE
LEARNING MODELS

5. EVALUATE THE OF THE FT PREDICTIVE
FORMULA USING PROCESS SIMULATION

Figure 4. Methodology of the study.

One of the major limitations of ML models lies in their black box [45] nature, meaning
that the decision-making process is often opaque and difficult to interpret. This lack of
traceability can generate uncertainty and reduce trust among healthcare professionals, who
need to justify clinical decisions based on understandable and verifiable parameters. In
contrast, a manual formula designed by a group of clinical experts ensures full traceability
of decisions. Each variable included in the formula is carefully selected based on its clinical
relevance, statistical association with prolonged LOS (measured using the relative risk, RR),
and prevalence in the patient population. This approach allows HCPs to understand the
rationale behind each prediction, facilitating clinical validation and ensuring compliance
with ethical principles such as fairness and equity in care.

In addition, ML systems tend to prioritise model accuracy over the clinical relevance
of the variables used, potentially leading to decisions that are impractical or inapplicable
in a real-world healthcare setting. For example, variables with high statistical correlation
but minimal clinical applicability may be included by an ML model, complicating its
implementation in real-time scenarios. By contrast, the manual design of the formula
allows experts to select only those variables that are both statistically significant and
clinically impactful. In this case, the selected variables included advanced age (>65 years);
frequent ED visits; triage levels (Il and III); need for a stretcher or wheelchair; and prevalent
reasons for consultation such as dyspnea, abdominal pain, and general poor condition.
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These variables are not only clinically relevant but also easily identifiable at the time of
triage, ensuring their operational feasibility.

In our scenario, a manual formula is particularly valuable, where decisions must be
made quickly and accurately. Although ML models are effective, they require advanced
technical infrastructure and continuous training and validation processes, which can hinder
their real-time implementation, particularly in resource-limited hospitals. On the other
hand, a manual formula can be seamlessly integrated into triage workflows, activating
automatically upon the patient’s arrival. For example, the formula developed in this study
allows for the immediate identification of patients at risk of prolonged LOS, facilitating
the activation of FT pathways. Moreover, the simplicity of the manual model reduces
dependence on advanced technologies, ensuring its accessibility across a wide range of
hospital environments.

The transparency and traceability of manual formulas are also essential for ensuring
that clinical decisions are fair and equitable. In critical settings, resource prioritisation
processes (e.g., bed allocation or fast-track access) must be based on comprehensible
and defensible criteria. ML systems, due to their lack of clear traceability, may produce
biased outcomes that are difficult to detect and rectify. For this reason, the manual formula
developed in this study is based on variables selected through expert consensus, integrating
statistical evidence with ethical and clinical considerations. This ensures that decisions are
consistent with the fundamental values of the healthcare system.

Although ML models are often associated with high levels of accuracy, this study
demonstrated that a well-designed manual formula can achieve comparable results. Using
the train-test technique, the results of the manual formula showed an appropriate balance
between sensitivity and specificity, similar to the performance of advanced automated
algorithms. This highlights the validity of manual formulas as effective predictive tools,
particularly when simplicity and traceability are prioritised.

The development of a manual predictive formula allows for the integration of clinical
expertise with statistical analysis, providing a robust, transparent, and real-time applicable
tool. While ML systems have a role in large-scale research and prediction, in critical settings
such as EDs—where trust, traceability, and clinical relevance are paramount—a manual
formula designed by experts emerges as a more suitable alternative. Thus, the use of con-
sensus formulas ensures understanding and acceptance by healthcare professionals while
guaranteeing that clinical decisions are ethically defensible and aligned with principles of
fairness in patient care.

However, it is essential to ensure that the developed formula is capable of producing
accurate and reliable results. To this end, this study compared the outcomes generated
by the manual predictive formula with those obtained through commonly used machine
learning systems, such as Random Forest, Support Vector Machines, and Multi-Layer
Perceptron. This comparison evaluated the performance of the manual formula in terms of
precision, sensitivity, and specificity, determining whether it could achieve results compa-
rable to automated models. Similar to the approach outlined by Devnath et al. [46], who
demonstrated the efficacy of ensemble learning and Grad-CAM visualisation for pneumo-
coniosis detection in chest X-rays, this study emphasises the importance of traceability and
clinical relevance. Unlike complex machine learning models, the manual formula ensures
transparency and interpretability, which are critical in healthcare settings, particularly in
environments such as emergency departments where decisions must be made quickly and
justifiably. By validating the manual approach as a robust and effective alternative, we
highlight its potential to integrate seamlessly into existing workflows while maintaining
high levels of accuracy and operational efficiency.
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The variables with the highest risk and frequency were used to design both a manual
predictive formula and to build the different machine learning predictive models and
thus evaluate how implementing an FT pathway affects the total stay. The predictive
models used included Random Forest [47], Multi-Layer Perceptron [48], Naive Bayes [49],
Quadratic Discriminant Analysis [50] and Ada Boost [51], Decision Tree [52], and Support
Vector Machines [53]. The effectiveness of each model was evaluated in terms of accuracy,
sensitivity, and specificity to identify patients at risk of prolonged stay.

The models were validated using cross-validation techniques, and the model or combi-
nation of models that demonstrated the greatest effectiveness in predicting and managing
prolonged stays, optimising the use of resources, and reducing ED saturation was selected.
The train-test technique was used to evaluate model performance.

Study Data

This retrospective observational study includes all patients who attended the ED of a
Spanish tertiary care hospital in Spain between 1 January 2021 and 31 December 2022. The
data were extracted from the hospital information systems, which were anonymised and
hosted on a secure server at the hospital.

In step 1 of the study methodology (Figure 4), data from the year 2021 were used. Of
the 129,856 episodes that met the inclusion criteria specified in the flow chart (Figure 5),
94,489 emergency episodes were selected. To facilitate comparative analysis, the resulting
sample was divided into two groups based on their LOS, greater than or less than 4 h. Ob-
stetric, gynaecological, and paediatric patients were excluded because they are introduced
into the ED system differently, constituting in many cases the most frequent diagnosis in a
hospital [54]. Furthermore, sometimes, they require a long observation time, which could
introduce bias in the analysis. However, it should be noted that in the following sections,
it is possible to identify data related to paediatric patients that correspond to children
who did not follow the paediatric circuit but were traumatology patients. Likewise, those
patients who visited the ED for an emergency were referred directly to outpatient clinics
from admission or triage, which leaves them outside the studied ED circuit.

129,856 ED EPISODES
YEAR 2021

INCLUSION EXCLUSION

GYNECOLOGY
OBSTRETICS
PEDIATRICS
REFERRED FROM
OUTPATIENT CLINICS

TRIAGE LEVEL

REASON FOR CONSULTATION
AVERAGE ARRIVAL
REFERRED PATIENT

FREQUENCY
STAY TIME (LOS)

94,489 ED EPISODES

35,367 ED EPISODES

29,621 EPISODES 64,868 EPISODES

Figure 5. Inclusion-exclusion criteria
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The variables selected for the study were demographic data (age and sex) and clinical
data such as classification level, reason for consultation, arrival method, length of stay in
the ED, and whether the patient has been referred to the ED by another professional or by
their own decision. On this occasion, since the identification of variables was performed
with retrospective data, outcome variables such as final destination upon discharge and
annual frequency of visits to the ED [55] were also taken into account. These variables
are helpful in elucidating how the rest of the variables affect patient outcomes. To cat-
egorise the latter, the following criteria were defined: Nonfrequenters (1 visit per year),
Lowfrequenters (2—4 visits per year), Hyperfrequenters (5-10 visits per year), and Superfre-
quenters (>10 visits per year). LOS was defined as the total length of stay in the ED, from
the time the patient arrives at the hospital until discharge from the ED. The patient’s arrival
was taken as the first administrative record in the hospital, and their exit from the process
was the discharge record from the ED in any of its possible exits.

4. Results

At the first stage, the purpose of the observational study was to understand the patient
flow and identify potential delays through the analysis of the ED process with PMApp.
The IPI represented the behaviour of patients in the ED. We examined the median length of
stay for each step (node) and transition (arrows) to identify the delay at each step of the
process, as well as different elements to characterise the behavioural pattern of the patients.

4.1. Analysis of the Interactive Process Indicators of the Emergency Department

Continuing with the methodology, we analysed the clinical profile of ED patients
with a total of 94,489 episodes, where 29.89% (28,221) were over 65 (Table 1), with the
most common triage level considered Level IV, accounting for more than 49.46% of the
total-process tab (Figure 6).

PMApp - bxp

periment: HGUV - URGE - 1 traza ingreso admin Ver. 31030
JoRll Frocess © [Los<ah ©|L0s>4h © Distribution: ]

Al Views

poMIciio 176 4569 ‘i
£QUIPO DE ATENCION PRIVARIA 26826 2639 1
INGRESA EN EL HOSPITAL 10787 14 1
CONSULTAS EXTERNAS HOSPITAL/CS1 6769 716 1

FUGADO 4387 464 m

PROCESS: Entrada

CAMINANTE 56808 6012 100

SILLADE RUEDAS 18475 1955 100

UNKNOWN 12002 128 100

CAMILLA 7068 748 100

DISCAPACITADO 46 005 100

Figure 6. General process with triage distribution.

Notably, 68.98% the most frequent reasons for consultation were grouped into nine
triage diagrams, where the first three were extremity problems [“Problemas en las extremi-
dades”] (24.77%), adults with poor general condition [“Adulto con mal estado general”]
(10.45%), and abdominal pain [“Dolor abdominal en adultos”] (9.51%). Overall, 56.91%
(53,770) of the patients presented to the ED on their own initiative [“Decision propia”]
(Figure 7), with the admission rate being 11.42% (10,787).
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Table 1. Age values analysed with PMApp.
. Total Sample GroupA>4h GroupB < 4h

Variables N =94,489 (%) N =29,621 (%) RR (>4 1) N = 64,868 (%) RR (<4 h)

Children (0-14 years) 3480 (3.68%) 45 (0.15%) 0.04 (0.03-0.05) 3435 (5.3%) 1.46 (1.45-0.61)
Adolescents (15-19 years) 4735 (5.01%) 940 (3.17%) 0.62 (0.59-0.66) 3795 (5.85%)  1.18 (1.16-1.20)
Young adults (20-39 years) 24,256 (25.67%) 5195 (3.17%) 0.62 (0.60-0.63) 19,061 (29.38%)  1.20 (1.19-1.22)
Middle-aged adults (4049 years) 13,838 (14.65%) 3802 (12.84%) 0.86 (0.83-0.88) 10,036 (15.47%)  1.07 (1.05-1.08)
Mature adults (50-64 years) 19,932 (21.09%) 6428 (21.7%) 1.04 (1.01-1.06) 13,504 (20.82%)  0.98 (0.97-0.99)
Older adults (65-69 years) 5152 (5.45%) 1906 (6.43%) 1.19 (1.15-1.24) 3246 (5%) 0.91 (0.89-0.93)
Old age (70-89 years) 20,390 (21.58%) 9695 (32.73%) 1.77 (1.74-1.80) 10,695 (16.49%)  0.72 (0.71-0.73)
Very old (=90 years) 2706 (2.86%) 1610 (5.44%)  1.95(1.89-2.01) 1096 (1.69%)  0.58 (0.56-0.61)

PROCESS: Medio de llegada

DECISION PROPIA 53770 5691

AMBULATORIO SV, 15359 1625

UNKNOWN 12092 128

oTROS 10555 1117
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CONSULTAS EXTERNAS 313 033

ORDEN JUDICIAL O GUBERNATIVA 6 001 n

PROCESS: Diagrama

Adulto con mal estado general 8652 1045 100

Dolor abdominal en adultos 7873 as1 100

Figure 7. General process with attention diagrams and mean of arrival statistics.

These data help us understand the ED case mix, as there is believed to be a causal
relationship between the distribution of triage levels and their complexity and severity. This
is where the concept of “fingerprint” comes into play. The fingerprint gives us information
about the percentage of patients in each triage level. Therefore, if we compare two EDs,
those with a higher proportion of Levels I, II, and III will be more complex services with
greater resource needs. Other factors that have been shown to influence ED complexity
include age, reason for consultation, and the percentage of patients admitted to the hospital
from the ED [56-58].

Although there is no universal standard, the National Health System reported in 2023
that 10.3% of episodes treated in EDs ended in hospital admission, with minimal variations
between autonomous communities. This percentage is a highly valuable strategic indicator:
it allows for comparison of the performance of emergency departments, serves as a proxy
for the complexity of care for patients treated, and guides resource planning, given that
approximately 60-65% of all hospitalisations originate in these departments [59,60].

The sample was divided into two groups based on LOS < 4 h (Figure 8) or >4 h (Figure 9).

Overall, 31.46% (29,621) of the patients remained in the ED for more than 4 h, and
there were differences in the percentage of patients older than 65 years, representing 44.6%
for LOS > 4 h (Figure 9) vs. 23.18% for LOS < 4 h (Figure 8, Table 1).

The group with LOS > 4 h also had a higher percentage of urgent triage (Levels Il and
III) than in the group with LOS < 4 h: 51% (15,000) vs. 22% (13,801).

Regarding the reasons for consultation, there were differences in the percentages
depending on the analysis group. Comparing data from patients with LOS < 4 h and
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those with LOS > 4, we found adults with poor general condition [“Adulto con mal
estado general”] (17.14% vs. 7.13%), abdominal pain [“Dolor abdominal en adultos”]
(15.47% vs. 6.55%), and limb problems [“Problemas en las extremidades”] (10% vs. 32.12%)
(Figures 10 and 11, Table 2).
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[oRE=] rocess © os<ih © [10s>ah ©)

ol X xR | B0 R E X0

LOS<4h: Edad

A-Nifios (<14 afios) 3435 53
8. Adolescentes (14-19 aios) 3795 585
€. Adultos jovenes (20-39 afios) 19061 2038
0. Adultos medios (40-49 afios) 10036 1547
£ Adultos maduros (50-64 ahos) 13504 2082
F. Adultos mayores (65-69 afios) 3246 B

G Vejez (70-89 afios) 10695 1649

H. Grandes ancianos (> =

90 afios)

PMApp - Experiment: HGUV - URGE -1 traza x episodio - 2021 - ingreso adimin

[ARIE=Y PROCESS © | LOS<4h © LOS>4h ©

LOS>4h: Edad

A Nifos (<14 afos) s 015

= 8. Adolescentes (14-19 afios) 940 317

> C. Adultos jovenes 20-39 aios) 5195 1754
. Adultos medios (4049 afies) 3802 1284
£ Adultos maduros (50-64 afos) 6428 217
F. Aduitos mayores (65-69 afos) 1906 643
G. Vejez (70-89 afos) 9695 3273
H. Grandes ancianos (»=90 afios) 1610 544

HEAT MAP.

Figure 9. Age distribution of patients with LOS greater than 4 h.

Likewise, the LOS > 4 group required a wheelchair or stretcher upon arrival at the ED,
with 41.26% (12,223) versus 20.53% (13,320) with a LOS < 4 (Figures 12 and 13,Table 3).

There were also differences in the outcome variables, with the admission rate being
22.83% (6762) vs. 6.2% (4025) in the LOS < 4 group. Regarding the percentage of patients
who visited the ED five or more times in a year, we also observed differences: 10.18% (3015)
vs. 7.74% (5018) in the LOS < 4 group (Figures 14 and 15, Table 4).
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Table 2. Attention diagrams of values analysed with PMApp.

Variables NSO N2t (0 RRGam  OECSe  RR(<4w

Adult in poor general condition 8652 (10.45%) 4713 (17.14%) 1.88 (1.84-1.92) 3939 (7.13%) 0.64 (0.63-0.66)
Adult with syncope or lipothymia 1575 (1.9%) 915 (3.33%) 1.88 (1.80-1.96) 660 (1.19%) 0.61 (0.57-0.64)
Assault 396 (0.48%) 92 (0.33%) 0.74 (0.62-0.89) 304 (0.55%) 1.12 (1.06-1.18)
Allergy 203 (0.25%) 52 (0.19%) 0.82 (0.65-1.03) 151 (0.27%) 1.08 (1.00-1.17)
Apparently drunk 475 (0.57%) 244 (0.89%) 1.64 (1.51-1.80) 231 (0.42%) 0.71 (0.64-0.78)
Asthma 98 (0.12%) 47 (0.17%) 1.53 (1.25-1.88) 51 (0.09%) 0.76 (0.63-0.92)
(Deliberate) Self-harm 420 (0.51%) 245 (0.89%) 1.87 (1.72-2.03) 175 (0.32%) 0.61 (0.54-0.68)
Falls 1947 (2.35%) 308 (1.12%) 0.50 (0.45-0.55) 1639 (2.97%) 1.23 (1.21-1.26)
Headache 1979 (2.39%) 782 (2.84%) 1.27 (1.20-1.34) 1197 (2.17%) 0.88 (0.85-0.91)
Strange behavior 1301 (1.57%) 714 (2.6%) 1.77 (1.68-1.86) 587 (1.06%) 0.65 (0.62-0.69)
Convulsions 206 (0.25%) 149 (0.54%) 2.31 (2.13-2.52) 57 (0.1%) 0.40 (0.32-0.50)
Foreign body 212 (0.26%) 46 (0.17%) 0.69 (0.54-0.89) 166 (0.3%) 1.14 (1.06-1.22)
Diabetes 279 (0.34 %) 195 (0.71%) 2.24 (2.07-2.42) 84 (0.15%) 0.44 (0.37-0.52)
Diarrhea and vomiting 1835 (2.22%) 1073 (3.9%) 1.90 (1.82-1.97) 762 (1.38%) 0.60 (0.57-0.63)
Dyspnea in adults 4273 (5.16%) 2679 (9.75%) 2.10 (2.05-2.15) 1594 (2.88%) 0.53 (0.51-0.55)
Abdominal pain in adults 7873 (9.51%) 4253 (15.47%) 1.84 (1.80-1.89) 3620 (6.55%) 0.65 (0.63-0.67)
Neck pain 1378 (1.67%) 201 (0.73%) 0.46 (0.41-0.52) 1177 (2.13%) 1.25 (1.22-1.28)
Backache 3929 (4.75%) 1182 (4.3%) 0.96 (0.91-1.01) 2747 (4.97%) 1.02 (1.00-1.04)

Sore throat 1026 (1.25%) 276 (1%) 0.85 (0.77-0.94) 760 (1.38%) 1.07 (1.03-1.11)
Testicular pain 365 (0.44%) 125 (0.45%) 1.09 (0.95-1.26) 240 (0.43%) 0.96 (0.89-1.03)
Chest pain 3555 (4.3%) 1508 (5.49%) 1.37 (1.32-1.43) 2047 (3.7%) 0.83 (0.81-0.86)
Mental illness 778 (0.94%) 237 (0.86%) 0.97 (0.87-1.08) 541 (0.98%) 1.01 (0.97-1.06)
Sexually Transmitted Diseases 237 (0.29%) 34 (0.12%) 0.46 (0.33-0.62) 203 (0.37%) 1.25 (1.18-1.32)
Exanthemas 1499 (1.81%) 147 (0.53%) 0.31 (0.27-0.36) 1352 (2.45%) 1.32 (1.30-1.34)
Exposure to chemicals 62 (0.07%) 19 (0.07%) 0.98 (0.67-1.42) 43 (0.08%) 1.01 (0.86-1.19)
Gastrointestinal bleeding 727 (0.88%) 436 (1.59%) 1.93 (1.81-2.05) 291 (0.53%) 0.58 (0.53-0.64)
Wounds 1657 (2%) 174 (0.63%) 0.33 (0.29-0.38) 1483 (2.68%) 1.31 (1.29-1.33)
Local infections and abscesses 3006 (3.63%) 494 (1.8%) 0.52 (0.48-0.56) 2512 (4.55%) 1.23 (1.21-1.25)
Trunk injuries 631 (0.76%) 130 (0.47%) 0.66 (0.56-0.76) 501 (0.91%) 1.16 (1.11-1.20)
Bites and stings 110 (0.13%) 12 (0.04%) 0.35 (0.20-0.59) 98 (0.18%) 1.30 (1.22-1.39)
Palpitations 603 (0.73%) 275 (1%) 1.46 (1.34-1.59) 328 (0.59%) 0.79 (0.74-0.85)
Polytrauma 124 (0.15%) 51 (0.19%) 1.31 (1.06-1.62) 73 (0.13%) 0.86 (0.74-0.99)
Ear problems 1033 (1.25%) 152 (0.55%) 0.47 (0.40-0.54) 881 (1.59%) 1.25 (1.21-1.28)
Dental problems 881 (1.06%) 80 (0.29%) 0.29 (0.23 - 0.35) 801 (1.45%) 1.33 (1.30-1.36)
Problems in the extremities 20,503 (24.77%) 2749 (10%) 0.37 (0.36-0.38) 17,754 (32.12%) 1.36 (1.35-1.37)
Facial problems 863 (1.04%) 152 (0.55%) 0.56 (0.48-0.65) 711 (1.29%) 1.20 (1.17-1.24)
Eye problems 1945 (2.35%) 135 (0.49%) 0.22 (0.19-0.26) 1810 (3.27%) 1.37 (1.35-1.38)
Urinary problems 3324 (4.02%) 1587 (5.77%) 1.55 (1.50-1.61) 1737 (3.14%) 0.75 (0.73-0.78)
Burns and scalds 43 (0.05%) 3 (0.01%) 0.22 (0.07-0.66) 40 (0.07%) 1.36 (1.25-1.47)
Overdose and poisoning 156 (0.19%) 97 (0.35%) 1.99 (1.76-2.25) 59 (0.11%) 0.55 (0.45-0.67)
Head trauma 1293 (1.56%) 560 (2.04%) 1.39 (1.30-1.48) 733 (1.33%) 0.82 (0.79-0.86)
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Figure 11. Reasons for consultation in patients with LOS greater than 4 h.

Table 3. Means of arrival values analysed with PMApp.

Total Sample

GroupA>4h

GroupB <4h

Variables N = 94,489 (%) N = 29,621 (%) RR (>4 1) N = 64,868 (%) RR (<4 h)

Walking 56,808 (60.12%) 14,339 (48,41%) 0.62 (0.61-0.63) 42,469 (65.47%) 1.26 (1.25-1.27)
Stretcher 7068 (7.48%) 4310 (14.55%) 2.11 (2.06.2-15) 2758 (4.25%) 0.55 (0.530.57)
Disabled 46 (0.05%) 22 (0.07%) 1.53 (1.13-2.06) 24 (0.04%) 0.76 (0.58-1.00)
Wheelchair 18,475 (19.55%) 7913 (26.71%) 1.50 (1.47-1.53) 10,562 (16.38%) 0.80 (0.79-0.81)
Unknown 12,092 (12.8%) 3037 (10.25%) 0.78 (0.75-0.80) 9055 (13.96%) 1.11 (1.09-1.12)

Next, we performed a detailed analysis of the times and found that the group with
a LOS > 4 h had accumulated delays from their first contact (when patients arrive at the
hospital and provide their administrative data). We found that the median time from the
arrival of the patient at the hospital to triage was higher (14.27 min vs. 11.24 min). The
same happened for the time intra-triage, which was almost double for the LOS > 4 h group
(2.17 min vs. 1.25 min).
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Figure 13. Mean of arrival of patients with LOS greater than 4 h.

Table 4. Frequency of visit values analysed with PMApp.

. Total Sample GroupA>4h Group B <4h
Variables N=94489 (%) N = 29,621 (%) RR (>4 h) N = 64,868 (%) RR(<4h)
Nonfrequent visitors 47,078 (49.82%) 13,295 (44.88%) 0.82 (0.80-0.84) 33,783 (52.08%) 1.09 (1.09-1.10)
(1 visit per year)
Lowfrequency visitors 59 376 (47 670, 13,311 (44.94%) 1.14 (1.12-1.16) 26,067 (40.18%) 0.94 (0.93-0.95)
(2—4 visits per year)
Hyperfrequenters 7204 (7.62%) 2776 (9.37%) 1.25 (1.21-1.29) 4428 (6.83%) 0.89 (0.87-0.90)
(5-10 visits per year)
Superfrequenters 829 (0.88%) 239 (0.81%) 0.92 (0.83-1.02) 590 (0.91%) 1.04 (0.99-1.08)

(>10 visits per year)
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Figure 15. Mean of arrival of patients and hyperfrequenters with LOS less than 4 h.

Regarding the time to first attention, there were also differences in the percentage of
patients whose time to first contact exceeded the recommended time for each triage level:
Level II (56-50%), Level I1I (49-35%), Level IV (45-9%), and Level V (19-4%). Finally, we
found that the highest number of episodes (11,552) with LOS > 4 h occurred in triage level
III, representing 39.16% of the total patients with LOS > 4.

Once we finalised the phase of characterisation of the patients, we performed a relative
risk (RR) analysis to detect the relationship between variables and LOS. The variables with
the highest RR for a LOS > 4 h were as follows: age; the older the age, the greater the risk of
aLOS >4 h (over 90 years, 1.95 (1.89-2.01)) (Table 1); urgent triage level (I, II, and III); (Level
112.03 (1.99-2.08) ) (Table 5); patients referred by other healthcare professionals; (residence
2.04 (1.96-2.13)) (Table 6); having a condition upon arrival that required a wheelchair
and /or stretcher; (stretcher 2.11 (2.06-2.15)) (Table 3).

The reasons for consultation, according to the diagram that presented the highest
RR for a LOS > 4 h, were seizures 2.31 (2.13-2.52), diabetes 2.24 (2.07-2.42), dyspnea 2.10
(2.05-2.15) overdose 1.99 (1.76-2.25), gastrointestinal bleeding 1.93 (1.81-2.05), adult with
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poor general condition 1.88 (1.80-1.96), syncope 1.88 (1.80-1.96) and abdominal pain 1.84

(1.80-1.89) (Table 2).

Table 5. Manchester triage standard levels values analysed with PMApp.

Variables (100 S O RR (>4 1) N RR (<4 1)
Level 0 11,473 (12.18%) 2013 (6.82%) 0.53 (0.51-0.55) 9460 (14.62%) 1.24 (1.22-1.25)
Level I 113 (0.12%) 58 (0.2%) 1.64 (1.37-1.96) 55 (0.08%) 0.71 (0.59-0.86)
Level II 5747 (6.1%) 3448 (11.69%) 2.03 (1.99-2.08) 2299 (3.55%) 0.57 (0.55-0.59)
Level III 23,054 (24.47 %) 11,552 (39.16%) 1.98 (1.95-2.02) 11,502 (17.77%) 0.67 (0.66—0.68)
Level IV 46,611 (49.46%) 10,848 (36.77%) 0.59 (0.58-0.61) 35,763 (55.25%) 1.26 (1.25-1.27)
Level V 7233 (7.68%) 1584 (5.37%) 0.68 (0.65-0.71) 5649 (8.73%) 1.15 (1.14-1.17)
Table 6. Referral to the emergency department values analysed with PMApp.

T herey e GRERSE i
Accident on the Underground 3 (0%) 0 (0%) 0.00 (0.00-NaN) 3 (0%) 1.46 (1.45-1.46)
Outpatient S.V.S. 15,359 (16.25%) 5454 (18.41%) 1.16 (1.14-1.19) 9905 (15.27%) 0.93 (0.92-0.94)
Circuito Cheste 4 (0%) 2 (0.01%) 1.60 (0.60—4.25) 2 (0%) 0.73 (0.27-1.94)
Comisaria 1 (0%) 0 (0%) 0.00 (0.00-NaN) 1 (0%) 1.46 (1.45-1.46)
External consultations 313 (0.33%) 141 (0.48%) 1.44 (1.27-1.63) 172 (0.27%) 0.80 (0.72-0.88)
Own decision 53,770 (56.91%) 15,537 (52.45%)  0.84 (0.82-0.85) 38,233 (58.94%)  1.09 (1.08-1.10)
Judicial or governmental order 6 (0.01%) 2 (0.01%) 1.06 (0.34-3.30) 4 (0.01%) 0.97 (0.55-1.71)
Others 10,555 (9.62%) 4315 (14.57%) 1.36 (1.32-1.39) 6240 (9.62%) 0.85 (0.83-0.86)
Residence/ Assisted living centre 1281 (1.36%) 808 (2.73%) 2.04 (1.95-2.13) 473 (0.73%) 0.53 (0.50-0.57)
Transfer from another centre 417 (0.44%) 86 (0.29%) 0.66 (0.54-0.79) 331 (0.51%) 1.16 (1.10-1.22)
A&E on public roads 687 (0.73%) 238 (0.8%) 1.11 (1.00-1.23) 449 (0.69%) 0.95 (0.90-1.01)
Unknown 12,092 (12.8%) 3037 (10.25%) 0.78 (0.75-0.80) 9055 (13.96%) 1.11 (1.09-1.12)

4.2. Selection of Variables for the Study

The IPI obtained through interactive process mining allowed for the visualisation of
where, how, and why delays occur in the emergency department. Based on this analysis,
the risk rate of each variable recorded in triage was estimated, and three criteria were
established to decide its inclusion in the FT formula:

*  Robust statistical association: RR > 1.8 for a stay > 4 h;

*  Operational prevalence: presence in >5% of episodes, ensuring a real impact on
patient flow;

* Immediate availability and clinical relevance: the variable must be available during
triage and be clinically actionable to activate the FT pathway.

The variables that simultaneously met these criteria were as follows:

e Age>65years: RR1.77in 70-89 years and RR 1.95 in >90 years, indicating frailty
and greater care complexity;

e Hyperfrequency (< 5 visits/year): RR 1.25, reflecting multimorbidity and risk of
intensive resource consumption;

e Triage level II-1II (Manchester): RR 2.03, accounting for 51% of prolonged stays;

*  Need for a stretcher or wheelchair upon arrival: RR 2.11, identifying patients with
functional limitations and a high likelihood of requiring additional testing;
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¢  External referral (nursing home, primary care, or hospital outpatient clinics): RR 2.04;
they usually arrive by ambulance and more frequently require admission;

*  Reason for consultation (triage diagrams): These three charts are simultaneously prevalent,
heterogeneous, and offer significant room for improvement through rapid interventions.
—  Dyspnea: RR 2.10;
—  Abdominal pain: RR 1.84;
—  Adult with poor general condition: RR 1.88.

These variables were specifically chosen to identify complex patients who are most
likely to benefit from early and targeted interventions. For example, advanced age and the
need for mobility aids are indicators of frailty, while frequent visits and urgent triage levels
highlight patients with higher care needs. This selection ensures that the fast-track pathway
prioritises high-impact cases, optimising both clinical outcomes and resource utilisation.

Variables with a high RR but low prevalence (<2%) such as seizures or gastrointestinal
bleeding were discarded to maintain the parsimony of the model and avoid over-alerting.
Outcome variables (admission and destination) were also excluded because they were not
available at the time of triage. The combination of these predictors formed the FT formula,
which was automatically applied at the end of triage:

Age > 65 + frequent frequenter + Triage II-IIl + external referral + need for a
stretcher/chair + (dyspnea and abdominal pain and poor general condition)

When the criteria are met, the nurse immediately activates the FT pathway and assigns
a bed in the Virtual Decision Room, as assessed in the simulation phase of the study.

4.3. Creation of the Interactive Predictive Formula

The use of PMApp provided a visual representation of the process, allowing us to
stratify and compare these processes, integrating, in addition to time, the clinical variables
that influenced patient outcomes. This analysis was conducted to understand the problem
and propose a formula to predict the probability of patients presenting with a LOS greater
than 4 h upon arrival at the ED. This analysis used data on those with the highest RR risk
of prolonged LOS, their prevalence, and their clinical relevance. The purpose for which this
formula has been manually developed is to facilitate the understanding of the decisions
made. In developing the predictive formula, we deliberately excluded laboratory signs or
dynamic clinical signs from the model, as our methodology focuses exclusively on variables
available prior to triage. This decision ensures that the formula can be applied immediately
upon patient arrival, enabling early identification of high-risk patients and facilitating
a more streamlined and efficient fast-track process. Additionally, only parameters that
can be directly known or observed by healthcare professionals at the time of triage were
included, avoiding the use of complex care rules or arrival rate predictions, which would
complicate real-time application. By prioritising simplicity and feasibility, the proposed
approach ensures operational applicability across diverse emergency department settings,
particularly those with limited resources.

In especially critical environments such as emergencies, it is very important that the
decisions made automatically are traceable in order to know on what basis the decisions
have been made. Classic artificial intelligence systems are not traceable, so transparent
traceability that ensures a fair, adequate decision that complies with the canons of equality
and equity with the patient is not feasible. Therefore, to construct the formula, expert
clinicians selected variables that, in addition to their prevalence and association with length
of stay, had high clinical relevance to ensure the formula’s performance when applied to
the entire ED.

Critically, the formula is intended to be applied at the point of triage, enabling im-
mediate activation of the fast-track pathway. Consequently, outcome variables, which are
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only realised later in the patient’s journey, were excluded from the formula due to their
unavailability at the time of triage.

The criteria for selecting the variables included in the formula included three charac-
teristics: a high score associated with a prolonged LOS with the RR, prevalence, and finally,
the application of the FT pathway must be clinically relevant.

The first variables assessed, advanced age, frequency of visits, and triage level, were
included in the formula because they have a strong association with RR and prolonged LOS.
Furthermore, these variables have already been validated in various studies as triggers of
prolonged LOS [61-63].

Variables related to patient mobility and referral by another healthcare professional
were also highly correlated with prolonged stays. These variables are interrelated, as
many patients who come to the ED and require a stretcher and/or wheelchair arrive by
ambulance after being referred by another healthcare professional who determined that
their health condition required urgent care. If we add the need for mobility aids, we are
faced with a complex and/or fragile patient profile who will benefit from rapid access to
care, a fact that has also been confirmed in related studies [61,64,65]

To select the variables related to the reason for consultation, we selected those with
the highest RR association with a prolonged LOS. The next step was to determine their
prevalence and facilitate analysis. They were organised into two groups to compare the
processes and clinical outcome variables that would inform us about their profile:

*  Group RR1: Dyspnea, abdominal pain, adult with poor general condition;
*  Group RR2: Syncope, seizure, diabetes, diarrhea and vomiting, gastrointestinal bleed-
ing, and self-harm.

Notably, 50% (11,763) of episodes with a LOS > 4 h were in the RR1 group vs. 13%
(3131) in the RR2 group. The admission rate for the RR1 group was 34% (4019), representing
59% of the total number of patients with a prolonged LOS. Finally, we analysed the
processing times and found that 55% (6549) waited more than an hour for initial care, and
54% (6391) had a LOS greater than 6 h. These percentages were similar for both groups,
but when evaluated in absolute numbers, the RR1 group represented almost 50% of the
total number of patients with a LOS greater than 4 h (Table 7). This analysis shows that the
differences in processing times and patient outcomes are similar in both groups.

Finally, we evaluated the most prevalent charts to assess the clinical relevance of
including them in the final formula. It is worth explaining what a “triage diagram” is.
When a patient comes to the ED, they receive what is called a “complaint” or “reason for
consultation” in triage. Depending on the reason, the charts are classified under “care
diagrams,” which, along with other questions, help classify and organise care in the ED.
However, this program’s performance is lower, with underdiagnoses for older adults
and paediatric patients, as well as for some diagrams such as “adult with poor general
condition,” “headache,” and “abdominal pain,” among others [66—68].

In the “adult with poor general condition” diagram, the classified patients often
present with non-specific complaints, such as fatigue, weakness, or malaise. Geriatric
patients with atypical symptoms, prolonged LOS, and low triage levels are also often
included [69,70].

The following diagram assesses “abdominal pain”: This diagram contains significant
variability in its causes, which poses a diagnostic challenge for clinicians, ranging from mild
symptoms such as gastroenteritis to time-dependent pathologies [71]. Another important
feature of this diagram is the presence of pain, whose early treatment is a priority [69,72,73].

Finally, the “dyspnea” diagram was assessed. This diagram includes all presentations
that present with a feeling of shortness of breath, regardless of the cause (anaemia, anxiety,
heart failure, obstructive pulmonary disease, etc.). Therefore, its presence as a symptom
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has a significant impact on the clinical outcomes of patients requiring rapid and effective
diagnosis [74,75].

Table 7. Analysis of emergency department outcomes and metrics.

Variables Total RR1 View % RR1 Total RR2 View % RR2
Outpatient consultations 777 6.61 233 7.44
Discharged home 3353 28.50 1037 33.12
Primary care team 2978 25.32 846 27.02
Deceased in emergency department 16 0.14 8 0.26
Admitted to hospital 4019 34.17 815 26.03
Triage level

I 24 0.21 10 0.33
II 1545 13.27 598 19.85
I 5414 46.49 1585 52.61
1\Y 4251 36.50 787 26.12
\Y 411 3.53 33 1.10
Length of stay >4 h

4hto4h 30 min 1462 12.43 388 12.39
4h30minto5h 1420 12.07 341 10.89
5h to 5h 30 min 1321 11.23 288 9.20
5h30minto6h 1169 9.94 280 8.94
6hto7h 1846 15.69 495 15.81
7hto8h 1354 11.51 316 10.09
8hto9h 929 7.90 241 7.70
9hto10h 616 5.24 153 4.89
More than 10 h 1646 13.99 629 20.09
Time to first attention

Up to 5 min 79 0.67 61 1.95
5to 15 min 661 5.62 239 7.63
15 to 30 min 1783 15.16 534 17.06
30minto1lh 2691 22.88 701 22.39
1hto1h 30 min 1961 16.67 478 15.27
1h30minto2h 1455 12.37 369 11.79
2hto 2h 30 min 981 8.34 254 8.11
2h30minto3h 688 5.85 161 5.14
More than 3 h 1464 12.45 334 10.67

Thus, these three diagrams, in addition to being prevalent, present a high complexity,
variability, and a wide margin for improvement with the application of an FT route.
The result of the formula, taking into account the above characteristics, was as follows:

FT = (Frequent User A Age > 65 A TriageLevel < 3)
V (TriageLevel < 2 A (Referred by ResidenceV
Consultations, AP V Needs stretcher and/or chairV
Reason for consultation: adult with poor general conditionV

Abdominal Pain and Dyspnea))

4.4. Evaluation of the Interactive Formula with Machine Learning Models

To evaluate the validity of the predictive formula, the results obtained were compared
with various classification algorithms known in the scientific literature. The train-test
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technique was used for the evaluation, which separates the training data. The statistical
data presented in Section 4.1 were used to feed the algorithms, and the 6 months of data
following the study interval were used for testing the predictive formula, and comparing
them with other classic artificial intelligence classifiers.

As can be seen in Table 8, the prediction results of the predictive formula are relatively
similar to the best automatic techniques, maintaining a good balance between sensitivity
and specificity, which makes it perfectly acceptable for use in the prediction of patients
with high LOS, taking into account that it is a fully traceable formula.

Table 8. Evaluation results of the classification systems used in comparison with the predictive formula.

Technic Accuracy Sensitivity Specificity Likelihood Ratio
Predictive formula 0.65 0.5 0.74 0.67
Naive Bayes 0.27 0.5 0.16 3.15
Quadratic Discriminant Analysis 0.68 0.2 0.91 0.88
Multi-Layer Perceptron 0.75 0.42 0.9 0.64
Ada Boost 0.74 0.4 0.9 0.67
Random Forest 0.33 0.54 0.23 2.01
Decision Tree 0.67 0.45 0.77 0.72
Support Vector Machines 0.74 0.43 0.89 0.64

4.5. Evaluation of the Effectiveness of the Fast-Track Predictive Formula

After the predictive formula was developed, the next step was to evaluate its practi-
cal application in the emergency department (ED), specifically its impact on operations
when used during triage. The focus was on assessing how reserving a specific number
of beds—through a Virtual Decision Room (VDR)—for patients identified at triage as
having a high probability of a length of stay (LOS) greater than 4 h would affect overall
ED performance.

For this, a simulation was created using the PMApp application. This simulation
modeled the ED process by incorporating patients flagged by the predictive formula into
the VDR, assuming a fixed number of dedicated beds. The simulation replayed the patient
flow, assigning those patients to the fast track if a bed was available. If no bed was available
at the time of the patient’s arrival, they remained in the standard queue. Admitted patients
occupied a virtual bed for the same duration as in the original historical log.

The analysis used a separate dataset—patients admitted between 1 January and
31 December 2022—to ensure independence from the data used to develop the formula.
All patients were processed in order of arrival. The system removed those who met the
predictive criteria and virtually admitted them to the fast track if space allowed.

This approach allowed for the observation of the impact of removing high-LOS pa-
tients from the standard ED workflow on overall delays and occupancy levels. Two key
performance indicators were measured: Delay, defined as the average LOS across all
patients, compared between the original dataset and the simulated fast track scenario
and Occupation, measured as the number of patients present in the ED at the same time
(denoted as k), reflecting real-time system congestion.

Together, these metrics provided insight into how the predictive model and VDR
implementation could optimise patient flow and resource utilisation in the ED.

Table 9 shows the results of the simulation. In the case of having 5 beds, these beds
would be fully occupied 80.56% of the time, while if 20 beds were reserved, they would
only be occupied 72.53% of the time. In the case of improving LOS, by adding 5 beds, the
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average LOS of patients would be reduced by 9%, while with 20 beds, it would be reduced
by 48%. As for occupancy, with 5 beds, the average number of simultaneous patients in the
ED would be reduced by 16%, while with 20 beds, it would be reduced by 84%.

These reductions are especially significant for complex patients, who tend to experi-
ence the longest delays and are at higher risk of adverse outcomes. By reserving a dedicated
number of beds for this population, the fast-track pathway not only reduces their LOS but
also mitigates complications such as delirium and enhances their overall care experience.

Table 9. Impact of the predictive formula by the number of assigned beds.

Number of FT Beds Bed Utilisation LOS Reduction Saturation Reduction

5 80.56% 1.09 (9%) 1.16 (16%)
10 79.5% 1.21 (21%) 1.35 (35%)
15 76.76% 1.34 (34%) 1.58 (58%)
20 72.53% 1.48 (48%) 1.84 (84%)

Graphically, Figure 16 illustrates the effects of applying the predictive formula in the
simulation through a histogram. As shown, increasing the number of reserved beds leads
to a smoother and lower histogram profile. This indicates a reduction in length of stay
(LOS) and a noticeable leftward shift in the distribution. In other words, the greater the
number of reserved beds, the more significant the reduction in LOS and occupancy rate
within the emergency department, demonstrating the clear impact of the predictive model
on patient flow. This is particularly relevant for complex patients, who benefit the most
from dedicated resources. The reduction in LOS and occupancy rates underscores the
importance of prioritising this high-impact population in ED management strategies.
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Figure 16. Histograms with the simulation results.
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5. Discussion

This study demonstrates how the integration of process mining with simulation en-
ables the identification, application, and evaluation of tailored management interventions,
such as fast-track pathways, to reduce length of stay (LOS) in emergency departments
(EDs). The findings highlight that age, triage level, and reason for consultation are critical
predictors of prolonged LOS, consistent with prior research in this area [17,19,20].

The proposed fast-track pathway specifically addresses the needs of complex patients,
who represent a high-impact group within EDs. By prioritising these patients, the pathway
ensures that limited resources are directed where they are most needed, improving both
clinical outcomes and operational efficiency.

Although the term ‘fast track’ is traditionally associated with less complex cases,
we intentionally used it to describe the expedited pre-admission process for complex
patients. This terminology underscores the critical time saved during their triage and early
management, which is essential for improving outcomes in this high-risk population. We
acknowledge that this could lead to some confusion, as these patients often require longer
stays overall, but the emphasis is on the swift initial intervention.

Unlike traditional flow management strategies, such as separation by severity level or
FT referrals for low-acuity patients, this approach offers a novel alternative. By leveraging
process mining on historical and real-time data, the study identified a targeted subset of
patients, representing only 20-30% of visits but consuming the majority of ED resources
and LOS. This Pareto-type methodology shifts focus from patient volume to the drivers of
congestion, prioritising interventions based on their impact on care delivery.

The predictive formula, activated at triage by nursing staff, anticipates the needs
of high-risk and vulnerable patients, particularly those aged 65 years and older. This
population is at increased risk of complications, such as delirium, which is closely associated
with prolonged waiting times, overstimulation, and fragmented care. Early intervention
not only improves clinical outcomes but also mitigates costs associated with extended stays,
readmissions, and institutionalisation.

From an economic perspective, unnecessary ED occupancy incurs substantial direct
and opportunity costs [76]. This formula optimises resource utilisation by identifying
patients who stand to benefit most from accelerated care, thereby balancing resource
allocation and reducing inefficiencies. Furthermore, the operational flexibility of the model
facilitates adaptation to varying healthcare pressures and available resources. Simulation
results show that even minimal interventions, such as allocating five beds to the FT pathway,
lead to a 21% reduction in average LOS and a 35% decrease in overall ED saturation. These
benefits scale proportionally as additional resources are allocated, providing managers
with a scalable and adaptable tool.

The predictive formula was developed using clinically relevant variables, including
age >65 years; frequent ED visits; triage levels I and III; referrals from residential care; and
specific reasons for consultation such as poor general condition, dyspnea, and abdominal
pain. Validated through simulation, the formula demonstrates predictive performance
comparable to other studies [77]. Unlike complex machine learning models, this trans-
parent and traceable tool is easily integrated into existing workflows without requiring
sophisticated IT systems, ensuring its applicability even in resource-limited settings.

Nonetheless, this approach has limitations. This study is a proof of concept to evaluate
the feasibility and potential applicability of implementing this approach in other hospitals.
Thus, the study was conducted in a single centre, necessitating adaptations for broader gen-
eralisation. Furthermore, while populations such as paediatrics and obstetrics—gynecology
were excluded due to circuit differences, some paediatric patients admitted for trauma
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were included in the dataset. This inclusion introduces potential bias and inconsistency,
particularly when the goal is to validate a model designed for a complex population.

Additionally, while no formal collinearity analysis or dimension reduction was con-
ducted, the decision to design the interactive formula was made by a committee of experts,
leveraging all available statistical information and accepting the potential risks associated
with confounding variables. Similarly, while the model’s potential to decide priority access
to the FT pathway is acknowledged, we consider the risk of false positives and negatives a
limitation. However, because the formula is traceable, experts can make real-time decisions
based on its outputs, mitigating potential biases or exclusions.

Moreover, the inability to publicly share the formula, simulation code, or dataset due
to the privacy and confidentiality requirements surrounding health data is recognised as
a limitation. In particular, anonymising the dataset would render it unsuitable for this
specific analysis. Finally, the retrospective, observational design depends on the quality of
available data, and further evaluation in fully real-world settings is required to validate
its effectiveness.

In addition, although our approach employs an interactive formula designed to en-
hance explainability and traceability for healthcare professionals, its generalisability is
limited. Due to the inherent variability across healthcare institutions, the proposed formula
may not yield the same performance in different hospital settings. As such, for reproducibil-
ity and optimal results, we recommend replicating the full study and adapting the formula
to each specific context.

Thus, despite these limitations, the study emphasises that patients with the longest
LOS contribute the most to ED congestion, and targeted FT interventions can significantly
improve both LOS and overall ED performance.

6. Conclusions

This study highlights the potential of activating fast-track pathways through predictive
modelling and simulation, representing a paradigm shift in ED management. By addressing
the underlying drivers of congestion, this strategy ensures proactive, patient-centred care
and offers a competitive alternative to existing decongestion strategies. The simplicity of
the predictive formula enhances its acceptance among ED staff and its adaptability across
diverse hospital environments.

The results confirm the substantial improvements in LOS and ED saturation achieved
by implementing the predictive FT pathway. Even with minimal resources, the intervention
proved effective, with benefits scaling as additional resources were allocated. This combina-
tion of operational simplicity, low cost, immediate activation, and measurable effectiveness
positions the tool as a practical and scalable solution for ED congestion management.

Future multicentre validations and real-world implementations are necessary to estab-
lish this approach as a cornerstone of ED management improvement policies. By building
on the foundations laid in this study, broader evaluations could further confirm the gener-
alisability and effectiveness of this predictive, simulation-based methodology in diverse
healthcare settings.
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Abbreviations

The following abbreviations are used in this manuscript:

ED Emergency Department

FT Fast Track

HCP Healthcare Professional

IPI Interactive Process Indicator
PM Interactive Process Mining

PM Experts  Interactive Process Miners
Data Rodeo Interactive Process Data Rodeo

KPI Key Performance Indicator

LOS Length of Stay

ML Machine Learning

POCT Point-of-Care Testing

PMApp Process Mining Application Toolkit
RAU Rapid Assessment Unit

RR Risk Rate/Relative Risk

VDR Virtual Decision Room
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