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ABSTRACT

Emergency departments (ED) are responsible for the immediate care and
stabilization of patients in critical health conditions. Several factors have caused
overcrowding in the emergency care system, but the variability of patient arrival
and the triage process requires special attention. The criticality of these
components and their configuration directly impact the waiting times, length of
stay and quality of service, being the subject of several studies. So, this paper aims
to understand by means of Discrete Event Simulation how ED works with the
variation of patient arrival and how this variation highlights the bottlenecks of the
triage process. Varying the patient arriving interval between 0.1 and 7.6 in a 4-hour
scenario, the system saturation point was established in p = 1.1. Besides, with the
variation in the number of triages points, a considerable decrease in the total length
of stay spent and the waiting times were noticed, mainly when there was two triage

points operating simultaneously.
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1. INTRODUCTION

Emergency Departments (E.D.) are described as crucial elements of the healthcare
system and one of the hospital's main entry points. However, these units are commonly
perceived as a recurrent source of crisis in healthcare systems around the world and receives a
great deal of attention in the literature (ZEINALI; MAHOOTCHI; SEPEHRI, 2015;
YARMOHAMMADIAN et al., 2017; VANBRABANT et al., 2019). Countries such as the
United States, Canada, Australia, the United Kingdom, and China have already been the target
of studies regarding management challenges in their respective E.Ds. (DI SOMMA et al., 2015;
MOHIUDDIN et al., 2017; WANG et al., 2018; CHENG et al., 2019).

Currently, Brazil is facing a scenario of consumption contraction, population aging, and
increased migration, especially in large urban centers. This scenario has been directly reflecting
in its emergency care departments, overloading its capacity (BARBOSA FILHO, 2017
TORTORELLA et al.,, 2017; YARMOHAMMADIAN et al., 2017; EMINE et al., 2018;
VANBRABANT et al., 2019). Thus, Brazilian E.Ds managers are dealing with increasingly
challenging aspects. According to data released by the Municipal Hospital Authority of S&o
Paulo (2019), outpatient care in city public hospitals increased by 10% in 2018. On the other
hand, the Department of Hospital Management (DHM) stated that there was an increase of up
to 44% in the number of emergency service care between 2017 and 2018 in the six federal
hospitals located in Rio de Janeiro. Thus, despite challenges in E.Ds being a global issue, the
current Brazilian healthcare scenario makes actions and efforts made in this area more urgent
(EMINE et al., 2018; YARMOHAMMADIAN et al., 2017).

Moreover, this particular scenario is not only impacted, but also aggravated by issues
related to overcrowding, queues, delays, and resource management issues that have long been
affecting care services and, therefore, the whole E.D. (ZEINALI; MAHOOTCHI; SEPEHRI,
2015; GOTTEMS et al., 2016; YARMOHAMMADIAN et al., 2017; YOUSEFI; FERREIRA,
2017; SALDIVA et al., 2018). Such problems are even more troubling when considering their
negative effects on both the perceived quality of the services provided and the safety and
quality of patient clinical care (WHITE et al., 2014; LEE et al., 2017).

Among several aspects of E.Ds, the variability of both patient arrival and triage process
requires special attention (OLUGBQOJI et al., 2018). The first identifies initial signs of adverse
flows and is characterized by demand. On the other hand, the triage is perceived as a critical

bottleneck since its management not only conducts the pace of attending and care throughout
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the E.D but also directly influences its resource utilization and patient throughput TIME
(ASPLIN et al., 2003; VAN DER LINDEN, MEESTER AND VAN DER LINDEN, 2016;
LIU; HO, 2018; ARAZ; OLSON; RAMIREZ-NAFARRATE, 2019). Thus, these two aspects

are the main actors in this study.

Despite their clear importance, there are other aspects that cannot be disregarded while
analyzing patient arrival and triage processes. E.Ds are characterized precisely by the
complexity of their services and operations and their multiple resources. So, implementing
actions to improve E.Ds performance might be more complex than expected (ISMAIL;
THORWARTH; ARISHA, 2014; WHITE et al., 2014; WILER et al., 2015; GOTTEMS et al.,
2016). Several computational resources, including Discrete Event Simulation (DES), are
presented as solutions to determine and analyze improvement proposals in E.Ds before their
actual implementation since these tools are flexible and can replicate several hospital
configurations over time (LIN; KAO; HUANG, 2015; MOHIUDDIN et al., 2017; AHALT et
al., 2018).

Based on the aforementioned information and considering the overcrowding problems
in the emergency departments, this study aims to understand how E.D's services behave face
patient arrival variation and how this variation highlights the bottleneck in the triage process
by using DES.

To this end, this paper presents a brief literature review about E.Ds in section 2. Section
3 describes the methodology. Section 4 presents the results and analyzes, and finally, section 5

presents this work’s final considerations.
2. EMERGENCY DEPARTMENT (ED)

By definition, emergency departments are healthcare sectors that provide care services
by directing their resources to stabilize patients with acuity illness in need of emergency
treatments. Due to the nature of the care offered, E.Ds operate on a spontaneous demand
without the need for prior scheduling (MOHIUDDIN et al., 2017; WANG et al., 2018). Also,
the standard operation of an ED is 24/7, uninterruptedly (MOHIUDDIN et al., 2017).

According to Asplin et al. (2003), the input-throughput-output conceptual model can
be applied in patient flow operations management in emergency service care, especially when
it comes to its overload analysis. The input elements of the conceptual model include any
condition, event, or system that characterizes or contributes to an E.D's demand. The

throughput components are mainly related to patient arrival, triage process, diagnosis, and
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treatment. And finally, the output components concern aspects related to patients’ admission

and discharge after the provided care.

Although it is from 2003, the input-throughput-output model is still widely used, as
observed in Lin, Kao, and Huang, (2015), Vashi et al. (2019) and Yarmohammadian et al.
(2017). Figure 1 illustrates how it is its configuration.
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Figure 1: Conceptual input-throughput-output model for emergency service care

Throughput

The throughput is a function of patient volume (input) and acuity, length of stay, and
time required for patient admission, hospitalization or discharge (output) (MELTON et al.,
2016). Comprehending the purpose of these components and their relationship with each other
helps to understand the aspects that directly influence overload and overcrowding that affects
E.D. (LIN; KAO; HUANG, 2015).

In the USA, lean concepts have been adapted to improve emergency service care
throughput and patient satisfaction (KANE et al., 2015). In Melton et al. (2016), the rate of
patients leaving ED without care decreased from 4% to 0.49% after efforts directed to aspects
related to the throughput. In Australia and Canada, the increase in output resources has had
more impacts on reducing patients' length of stay in emergency departments than efforts in
input and throughput components (CHENG et al., 2019).

Thus, the search for improvements in emergency care processes is constant. Challenges
can be addressed at various levels, from reducing patient flow and improving their work
procedures to a holistic approach to total patient management (VON THIELE SCHWARZ;
HASSON; MUNTLIN ATHLIN, 2016).

3. METHODOLOGY

The methodology is threefold. First, section 3.1 presents a scenario for emergency care

characterized by numerical distributions and parameters as found in Marcelino, Lopes, and
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Capocci (2015) and Sanches, Santos, and Silva (2016). Then, section 3.2 describes how a
Discrete Event Simulation algorithm was developed to simulate the scenario described in 3.1.

Finally, section 3.3 presented the simulation assumptions, as well as the main extracted metrics.
3.1. E.D.scenario

The scenario was based on a model consisting of a set of theoretical probability
distributions that represent the patient's flow and the resources' attending time (secretaries,
doctors, and nurses). Moreover, this model follows the operational input-throughput-output
structure proposed in Asplin et al. (2003). As aforementioned, it also highlights the E.D
processes that contribute substantially to its overcrowding, focusing on the throughput
component, as illustrated in Figure 2.

Emergency Service Care
(throughput)

Registration Triage Medical Care
- D(15,0), (15,5) _—
- B(0,5) and (5.5) > C(10,0) - —1~ Patient discharge —=
Patient's arrival and (15,10)

A(0,0)

Figure 2: Throughput processes that contribute to E.D overloading

As this work focuses on the patient's throughput time in an emergency department, the
aspects related to the input and output processes will not be considered. Thus, the E.D.
simulated operates in an uninterrupted 4-hour shift through registration, triage, and medical
care. Four hours is the amount of desirable time for a patient to remain in an E.D before being
admitted, hospitalized, or discharged (VAN DER LINDEN; MEESTER; VAN DER LINDEN,
2016).

To determine a patient's location while he is going through any emergency department
processes (registration - triage - medical care), a pairwise system where each pair (X, y) is
attributed to the points A, B, C, and D present in the E.D conceptual model showed in Fig. 2 is
used. The values of x and y are defined in meters (m). Each time the patient walks between
these points, there is an increment to his Length of Stay (LOS). The LOS is defined as the
amount of time a patient stayed in the E.D, that is, the time when the patient leaves the E.D

minus the time when the patient arrives at the E.D.

The arrival interval between two patients (Figure 1, point A) is defined by an

exponential distribution with an expected value of p = 1/ A, where A is the patient's arrival rate.
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Initially, B = 7.5. Upon arrival, the patient is at the x, y = (0,0). Moreover, the interval time
between consecutive patient arrivals (B) has no variation throughout the day and it remains
steady over time. Besides, how a patient arrives at the ED is irrelevant since this paper analyzes

only what happens after arrival.

Upon arrival, patients go to the registration process (Figure 1, point B), where two
secretaries are working. The secretaries working rate is described in this model in terms of a
Weibull distribution with the following parameters: a.=2.3847 and 6 = 3.0524. Moreover, this
model also considers that there might be waiting between attendings due to short arrival
intervals, so queues are expected. The secretaries' queues are managed by the first-in, first-out
(FIFO) dynamic, meaning the first patient to enter the queue is the first patient to leave it to go
to the next process (triage). The average time patients spent in a secretary's queue is defined by
QT sec.

Secretaries 1 and 2 are located at points x, y = (5,0) and X, y = (5,5), respectively. So,
the patient's path is defined by his dislocation from the ED entry point where X, y = (0,0) to
where the secretary with the shortest queue at the moment of his arrival is located. In case said
secretary is attending at the moment the patient arrives at the ED, he waits in this secretary

queue until he/she is available for the next patient.

After registering, patients are submitted to the triage process, which in this model
consists of a randomized ordinal classification system (Figure 1, point C). In this system,
numbers from 1 to 5 represent each of the priority levels, which extend from the most to the
least degree of acuity. Therefore, we have that 1 = Critical; 2 = Very Urgent; 3 = Urgent; 4 =
Less Urgent and 5 = Non-Urgent. In this simulation, it was considered that the probability for
a patient to be categorized into any priority level is the same for all levels. That is, there is the

same chance that a patient will be classified as Non-Urgent or Critical during this process.

In this model, triage is managed by a Triangular distribution represented by TRIA
(2,3,4) and its attendance is carried out sequentially and uniquely. So, the resources addressed
to this process is allocated to one patient at a time. When this patient is released to medical
care, another one comes in. The triage process is located at X, y = (10,0) and there is also the
possibility of queues between the registration and triage processes. Triage queues are defined
by QTrri.

This simulation prioritizes high-acuity-patients to receive medical care, considering the

following classification order: Critical, Very Urgent, Urgent, Less Urgent, Non-Urgent. Thus,
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after triage, patients are ordered into the queues for medical care, and their position in the queue
is defined by their priority level. When two or more patients are classified at the same priority
level, their arrival time is considered. That is, if two patients are available for medical care at
the same time, what defines who will be seen first by a doctor will be the priority level received
during the triage stage. However, if the priority level is the same between these two patients,
what defines the attendance order is the patient's arrival time at the E.D.

Finally, patients are referred to medical care (Figure 1, point D). Three doctors are
considered in this scenario and are located at points x, y = (15,0), X, y = (15,5) and X, y =
(15,10), respectively. The doctor's operation time is defined by a Gamma distribution in which
a = 3.5956 and Pgamma = 1.7646. To calculate the patient's path, the simulation considers the
distance from the triage point where he was classified (x, y = (10,0)) to an available doctor or
the doctor with the shortest queue. In case said doctor is attending at the moment the patient
leaves the triage process, the patient waits in the doctor's queue until this doctor is available for
the next attending. The doctor's queue time is defined by QTwmed.

Table 1 presents the processes, their main resources, their respective parameters, and

distributions in the described scenario.

Table 1: Processes and their respective resources, distributions, and parameters

Processes Resources Distributions Essential Parameters
S = expected value; interval time between
Arrival - Exponential consecutive patient arrivals

A = arrival rate
o= scale parameter

Registration Secretary Weibull _
e 6= shape parameter
. . a = lower limit, b= mode and
Triage Nurse Triangular _ L
¢ = upper limit
Medical Care Doctor Gamma 0= shape parameter and

B gamma= Scale parameter

Other parameters

T = simulation time (min) = 4h

Nsec = number of available secretaries = 2
Nti = number of triage points = 1

Nmed = number of available doctors = 3

3.2. Discrete Event Simulation

The simulation model described in Section 3.1 was written and implemented in Python.
Each experimental scenario was simulated 10 times to obtain 95% confidence. A notebook
computer equipped with an Intel Core i5 processor and 4 GB of RAM was used to run the
simulations. The data for each simulation was collected for analysis and graphing. The

simulator, which follows the usual logic of the discrete event simulation, consists of the main
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program, event initialization, clock, random number generator based on the distributions
determined in the previous section, and several classes that represent the different processes
and their resources (LIN; KAO; HUANG, 2015; MOHIUDDIN et al., 2017).

The main function controls the entire simulation flow by performing a loop while the
simulation’s conditions are not met. These conditions are: (i) if there are no more events in the
event list, and (ii) if the clock reaches a value beyond the 4-hour simulation time, the simulation
stops. Within the loop, the following operations are performed in that order: (i) move the clock
to the next event, (ii) process events that occur at the current time, (iii) remove executed events
from the list, (iv) move recent available patients (patients who have just gone through the
registration, triage or medical care process), and (v) try to address resources to patients who

are in queues.

Classes were implemented for each type of resource (classes "Secretary", "Triage", and
"Doctor") and they all inherit the class "Resource". Also, there is a class that implements the
characteristics of patients (class "Patient"). The events were also implemented from the classes,
such as the patient's arrival at E.D. patient arrival at registration process, end of the registration
process, the patient's arrival at triage process, end of the triage process, the arrival of the patient
at medical care and end of medical care. All events inherit the generic class "Event" and have
common methods to facilitate the management and performance of events in the event list. The
performances of these events are chained together to simulate the entire patient's processing

flow.
3.3.  Simulation’s premises and metrics definition

In this simulation, two experiments were performed and designed so that while one
parameter (patient arrival interval and number of triage points) undergoes variations, the other
parameters referring to other aspects of the scenario are kept constant. Thus, it is possible to

understand how the system behaves in the face of proposed variations.

Based on the constructed scenario, Experiment 1 sought to determine at which point the
emergency department begins to overload itself by defining a saturation point. This saturation
point is defined by the expected value of interval time between consecutive patient arrivals (j3)

in which there is an increase of patients in the triage queue.

Thus, in Experiment 1 Ntri was kept constant and equal to 1, and the parameter 3 was
varied to simulate different demand behaviors while the other variables also remained constant.

The p parameter assumed values between 0.1 and 7.6. Among these values, the maximum
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saturation point of the E.D. system was determined. This saturation point is defined as fsatand

is found when the average time spent in the triage process queue reaches its maximum value.

In Experiment 2, fsat was kept constant, while the number of triage points varied. Thus,
Nrri assumed values between 1 and 4 and it was considered that, from that moment on, the
emergency department could carry out up to 4 triages simultaneously in 4 sequential points
located at x, y = (10.0), x, y = (10.5), X, y = (10.10) ex, y = (10.15).

The values assigned for the simulation parameters for Experiments 1 and 2 are
described in Table 2.

Table 2: Values assigned to the simulation parameters

Experiments Valores recebidos
Constants Weibull(0=2,3847 ¢ 6=3,0524)
Gamma(a=3,5956 e p=1,7646)
. Npi=1
Experiment 1 B=[76..0.1]
Experiment 2 Nei = [1,2,3, 4]
B = Psat

In addition to the values assigned to the parameters, some other premises must be
considered for simulation purposes. Each time the patient moves between points A, B, C, and
D, there is an increase in their LOS. For this, the time spent to go from one point to another is
defined in such a way that the 1m displacement generates an increment of 1s in the LOS. In

this case, it is considered that the patient always moves in a straight line between two points.

At the end of the simulation, in addition to the average waiting queue time for each
resource (QTrri, QTsec, and QTwmed) and the patient's length of stay in the emergency department
(LOS), the patient's total queue time (QTwot), and the patient's processing time (PT) are
determined. The PT is defined by LOS minus QTrot. From these data, analyses were carried

out.
4. RESULTS AND DISCUSSIONS

The Experiment 1 sought to identify the saturation point of the emergency department
care system through the variation of the time interval between consecutive patient arrivals (B).
Figure 3 demonstrates that the total number of patients in the hospital during the simulation
time (PNrota) increases when B decreases. The number of patients attended PNatended = 80
remains constant, this being the value determined as the E.D's attending capacity during its 4-
hours operation. The other values showed in Figure 3 are the number of patients classified in
each priority. Since it was assumed that there is an equal probability of occurrence among the
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priority levels assigned to patients during the triage process, they are approximately the same
values.
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Figure 3: Total number of patients that arrived at the hospital, the total number of attended

patients, and the number of patients classified in each priority during triage

The rate of patients attended to the total number of patients arriving at the E.D. (AProtar)
decreases as B decreases, and more patients are arriving at the emergency department. In Figure
4, it is possible to notice a great decline in the APtotal, meaning that even though patients are
going through the registration process, the simulation time is ending before these patients get
to the triage process. Meanwhile, the percentage of patients receiving proper medical care after
the triage is close to 100%, so all patients who have been gone through the triage are being
attended by the doctors. These behaviors highlight the bottleneck in the triage since a large
number of patients are being retained in this process. So, the retention of patients before they
go through triage explains the decline of AProtal.

109 g -2—%-3 [

0.8

100%)

% —3— PN1
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Figure 4: Rate of attending patients according to the expected time of patient arrivals

Figure 5 shows the average time of attending per resource (ATsec, ATri, and ATmed)
and the total attending time (ATTot). It is important to note that these values are a direct result
of the numerical distribution addressing each resource and tend to be constant with any

parameter variation made. In this case, it keeps constant even after the variation of the time
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between patient arrivals because these distributions demonstrate how long is each resource

processing time.
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Average interval time between consecutive patient arrivals (min)

Figure 5: Total attending time and attending time per resource

Although resources operate at a constant pace, since they depend only on their
respective numerical distribution, Figure 6 demonstrates that as there is a slight decline of f3,
the queue times of all resources increase. Thus, it is possible to see that with the increase in
demand for emergency care, the system reaches an overload of its capacities. Again, it is
possible to observe the bottleneck present in the triage process. Triage queue time (QTtri) has

a great influence on the total queue time (QTrot), once QTrri is approximately equals to QTrol.

It is also possible to observe that the secretariats only begin to have their capacities
surpassed for B values below 1.1 minutes. At the same time, QTtri Shows less growth and, soon
after, becomes constant. Then, it is understood that at this point, the triage reached its maximum
overload in the system, and the secretary resource is saturated, failing to direct more patients
to this next process. As the retention is happening mainly in the triage stage, doctors do not

have queues, and QTwmed is almost zero.

120

100

80

[ Tsec

% 0 & _f_, Q
E! —&— QT
S j‘: 4 QTMed

40 = QT

A
20 W
P
0p—8—8—8—8—% § 5 o
7.6 6.6 5.6 4.6 3.6 2.6 1.6 0.6

Average interval time between consecutive patient arrivals (min)

Figure 6: Total queue time and queue time per resource
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The average length of stay in the ED (LOS) increases as patients arrive more frequently,
and the interval between patients arriving decreases (Figure 7). The processing time of the
patient (PT), that is, the LOS minus the total queue time (QTTot), remains with a very low
variation, being almost constant. When 3 assumes values between 3 = 2.6 minutes and = 3.6
minutes, it is clear that the difference between LOS and PT becomes even more evident. This
is due to the increase in the total queue time, as previously shown since it is in this same range

of B values that QTTot presented a greater inclination in Figure 6.
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Figure 7: Length of Stay and Processing time

Analyzing the data obtained in Experiment 1, the maximum saturation point was Psat =
1.1. When = 1.1, QTsec Starts to present a more prominent increase, meaning the registration
process saturated. So, that is the point when Bsat = . In Figure 3, this increase is characterized
by an abrupter inclination of PNTotal. At this point, the secretaries are directing patients to the
triage, even though this process is already at its maximum capacity. This inclination is

corroborated by Figure 6, as Bsat= 1.1 is the overload point of the triage process.

In Experiment 2, B= 1.1 minutes, meaning the triage process is being demanded to the

maximum. So, with a constant value for B established, the number of triage points varied.

Figure 8 illustrates that increasing the number of triage points, more patients begin to
have priority levels assigned, that is, more patients go through the triage process. Priority level
1 (Emergency) has the highest rate of care per doctor, while priority 5 patients (No Urgency)
have the lowest rate of care per doctor. Since level 5 patients are always positioned at the end
of the queue, this system behavior is expected, demonstrating that more emergency patients are
being prioritized in the simulation. The percentage of attended patients (APtota) Shows that a
greater number of triages favor more patients receive care, with a greater accentuation of the

APtotal between Nii = 1 and Nii = 2. When Nui> 2, AP1otal presents only a slight increase.
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Figure 8: Percentage of attended patients when NTri assume different values

The total queue time (QTrot) decreased as the number of triage points, and so, the
capacity to attend to the system bottleneck, increase (Figure 9). The QTsec has minimal
variations since the change in the number of triage points occurs after the registration process
is completed. When N+vi = 2, there is a clear decrease in QT+ri, which is the major determinant
of the decrease in QTrot. Also, there is a more noticeable increase in QTwmed, meaning that more

patients are being conducted to medical care, and the triage process is no longer a bottleneck.
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Figure 9: Total queue time and resources queue time when NTri assume different values

Figure 10 represents how the average length of stay (LOS) decreases as the number of
triage points increase. The higher decrease occurs at Ntri = 2, as the patient's stay time in the
E.D. decreases from 80 to 50 minutes. When Ntri = 3 and Nt = 4, the patient's stay time

presents a smaller variation.
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5. CONCLUSIONS

Emergency departments are crucial components of healthcare systems around the world
and constantly face problems related to overcrowding and long queues. Its overload is defined

by aspects that permeate its inputs, throughputs, and outputs.

This works focuses on throughput processes by seeking to understand how the variation
in the arrival ratee highlights the bottlenecks of the triage process. Thus, when finding the
saturation point of the system at sat = 1.1 minutes, a substantial increase in both the secretary
and triage queue time was observed, while medical queue time had small variations. It

highlights the triage process as a bottleneck once it retains a large number of patients.

By varying the number of simultaneous triages performed, with the increase of triage
points in the system, there was an improvement in the flow of patients throughout the E.D.,
with a decrease of up to 30 minutes in the total queue time and the length of stay. However,
while two triage points allowed a greater reduction in these times, a total of 3 and 4 triage
points showed a lesser reduction (about 20min and 5min, respectively). This might mean that
there is an optimum number of triage points that provide a balance between decreasing the

length of stay and the optimum use of resources.

For future work, it is recommended to perform a simulation in a more complex scenario,
taking into account the relationships between the input-throughput-output components. It is
also recommended to find the optimal number of triage points that reduce the time spent in the
process and the queue time for resources, taking into account the utilization rate and the costs

inherent to the resources (secretary, nurse, and doctors).
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