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Abstract. Accident and Emergency departments (A&ED) are in charge of
providing access to patients requiring urgent acute care. A&ED are difficult to
model due to the presence of interactions, different pathways and the multiple
outcomes that patients may undertake depending on their health status. In
addition, public concern has focused on the presence of overcrowding, long
waiting times, patient dissatisfaction and cost overruns associated with A&ED.
There is then a need for tackling these problems through developing integrated
and explicit models supporting healthcare planning. However, the studies
directly concentrating on modelling the A&EDs are largely limited. Therefore,
this paper presents the use of a multi-phase DES framework for modelling the
A&ED and facilitating the assessment of potential improvement strategies.
Initially, the main components, critical variables and different states of the
A&ED are identified to correctly model the entire patient journey. In this step, it
is also necessary to characterize the demand in order to categorize the patients
into pipelines. After this, a discrete-event simulation (DES) model is developed.
Then, validation is conducted through the 2-sample t test to demonstrate whe-
ther the model is statistically comparable with the real-world A&ED department.
This is followed by the use of Markov phase-type models for calculating the
total costs of the whole system. Finally, various scenarios are explored to assess
their potential impact on multiple outcomes of interest. A case study of a mixed-
patient environment in a private A&E department is provided to validate the
effectiveness of the multi-phase DES approach.
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1 Introduction

Accident and emergency department is a 24-h health area with prompt and appropriate
service to care for those ill and injured patients in urgent need. A&E departments
include resuscitation facilities and designated accommodation. Emergency services’
objective is to avoid complications that could lead to even early death, considering that
future quality of life and long-term mortality may be influenced by the early measures
implemented in the A&E department. Competent services include access and avail-
ability to equipped facilities, specialized and trained professionals, and supporting
services; all in an effective way [1].

But, A&E departments must face some difficulties as they are: overcrowding, long
waiting times, patient dissatisfaction and high cost. That is why, in the last decade,
some reforms and an increasing number of tools have been applied to A&E services to
ensure that patients are seen, treated, admitted, and discharged appropriately [2].

A&E department crowding is an important and common international problem, so,
researchers have an increasing interest in this field. Even in some countries, standards
have been defined to monitor the maximum time in which a patient must be treated in
these centers [3]. In the UK, the government set an operational standard that 95% of
patients should wait <4 h in A&EDs [4]. In A&E departments, patient waiting time
is another important factor in assessing the quality of health services and patient
satisfaction. Several studies show that waiting time is a determining factor in patient
satisfaction [5, 6].

One option to study, analyze and solve the problem is modeling and simulation.
Modeling is usually used by healthcare professionals to represent all variables and
scenarios involved in a real system and to understand its behavior. After building a
model from observation or knowledge of a real system, it can be simulated [7]. Sim-
ulation is a methodology widely used to solve real-world problems, which mimics the
operation of a real-world process or system, over time. It comprises the generation and
observation of an artificial history of a system in order to produce inferences con-
cerning the operating characteristics of the system under analysis. Simulation is used to
describe and analyze the behavior of both existing and conceptual systems, perform
diagnosis, and support the design of real systems [8].

Because of the complexity of providing quality services to health clinic users,
Discrete Event Simulation (DES) has been used for at least two decades as an effective
tool for allocating scarce resources and improving patient flow, while minimizing
health service delivery costs and increasing customer satisfaction [9]. DES is a com-
mon stochastic analysis tool to perform experiments via computer modeling and test
the likely effectiveness of different scenarios before their implementation.

An important advantage of DES is the possibility to represent the system-state
description, which includes probability distribution of entity arrival, event duration,
event status, and resources needed. Modeling and Simulation are key enablers to
improve services in complex healthcare systems and propel major improvements in
decision making, efficiency, and quality [7].

Our proposal is a conjunction of DES and the modeling of health processes in a
multiphase approach. This approach consists of the representation of the real system
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through the simulation of discrete events together with the modeling of A&E stage
throughout the patient journey. We here use DES in order to (i) better analyze the resource
utilization under system restrictions, (ii) identify non-value activities, (iii) effectively
administer interactions (iv) evaluate potential interventions to improve the patient
experience along the A&ED journey and (v) facilitate engagement with the health service
managers through animation.

On a different tack, a complexity is modeling the processes and interactions among
different areas. Areas can be, for example, radiology, laboratory, intensive care unit,
hospitalization, pharmacology, morgue, etc. Given the nature of this A&E system,
Markov chains, supporting the multi-phase framework, are used to reflect the proba-
bilities of being transferred from one service to another. Thereby, the relationships
between services can be modeled with high accuracy and robustness.

The proposed approach enables sector managers to simulate scenarios or
improvement strategies on the virtual model and the results of a possible implemen-
tation can be assessed both operationally and economically. In addition, it facilitates the
evaluation and applications of joint strategies in the wild including A&E and other
healthcare departments.

The remainder of this paper is organized as follows: In Sect. 2, a review on the
related studies is presented whereas the suggested framework is explained in Sect. 3. In
Sect. 4, a case study of an A&E department from a Southamerican clinic is described.
Finally, Sect. 5 presents conclusions and future work.

2 Related Studies

There is a lot of research using modeling and simulation to study different scenarios in
A&E departments. We analyzed some papers published in the last ten years. For
instance, some strategies were proposed to address the ambulance diversion and
overcrowding. The authors aimed to develop a tool for evaluating the effectiveness of
various ambulance diversion strategies [10].

An interesting review is presented in [11] about comparing statistical modeling
approaches to describe and predict emergency department patient load and crowding.
Regression models, mathematical equations, time-series analyses, queuing theory
based models, and discrete event simulation models were contrasted.

In particular, DES has been used to study and provide solutions to problems in
A&E departments. In [12], a DES model was developed to forecast near-future
operating conditions and validate those predictions in several scenarios of crowding. In
[13], the authors developed a DES model to determine the proper ICU bed capacity that
balances between service level and cost-effectiveness. The objective was to increase the
bed availability so that ambulance diversion and surgery cancellation can be avoided.

In [14], a quality improvement department used a DES to predict and test patient
flow, staffing policy, and other process-level changes. Different methodologies and
tools from the industrial area have also been used to redesign processes and improve
the efficiency of systems. Such case is illustrated in [15] where Six Sigma was used to
develop a classification and selection process for an emergency department. Some key
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performance measures as length of stay and waiting time were considered. The results
indicated a certain improvement in both parameters after DES implementation.

Discrete-event simulation models were implemented using SIMIO package. The
study aimed at estimating the required number of doctors and examination rooms to
achieve a service level of over 90%, at reasonable costs. The findings showed that
modifying treatment processes and enabling more flexible staff hierarchy could
enhance such service level [16].

On a different tack, phase-type models, used for describing flows with multiple
outcomes and states, have gained increased prominence in healthcare applications [17].
For instance, in [18], a phase-type model was developed to describe the flow of each
patient cluster based on the length of stay. The framework was also useful to provide
predictions on bed occupancy. Another application can be evidenced in [19] where the
authors used this approach to cost the stroke patient care from admission to discharge.
In this case, the proposed methodology was used to underpin integrated planning,
encompassing hospital and community services. However, in spite of these studies, the
use of phase-type models is largely limited when addressing interactions with other
healthcare services. Therefore, the novelty of our proposal is based on the combination
of DES and Markov phase-type models to analyze interrelations and feedback between
A&E departments and other healthcare settings (i.e. intensive care unit, hospitalization,
and surgery) within hospitals so that holistic solutions can be provided to better assist
health service managers in decision making (Fig. 1).

Classification o
patients into
pipelines

Identify critica Graph the patient
variables and flow, therapy options
states and pathways

Detect interactions Demand
among sub-processes Characterization

Identify the sub-
processes

Model the A&ED in a simulation

Validate the simulation model
software

Input analysis

Collect cost data Design the phase-type model for A&Es

~¢

Creation of improvement Model and simulate Collect performance Contrast each strategy with the
strategies strategies metrics of each strategy current process performance

Fig. 1. The proposed framework for modelling and assessing operational changes in A&E
departments and interactions.
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3 The Proposed Framework

Phase 1 “Map the A&ED Journey ”': In this phase, it is necessary to identify the patient
pathways, states (i.e. diagnosis and treatment), sub-processes (i.e. lab testing, radiol-
ogy), key parameters and associated process variables that characterize the patient
journey within the A&E department under analysis. It is also required to characterize
the demand of each triage level so that DES phase-type models can be more detailed
and informative. Thereby, health service managers are able to predict the waiting time,
profile patient cohorts, improve resource management and make better decisions. The
process information is later summarized in a conceptual model where all the process
details, assumptions and components can be fully identified. In order to ensure a high
accuracy and robustness of the model, the modelers should work closely to the clini-
cians and healthcare managers since they can provide information on the procedures
and protocols attached to the patient journey as well as the existing interrelations with
other healthcare services (i.e. hospitalization, intensive care unit, and surgery).

Phase 2 “Develop and Validate a Discrete-Event Simulation Model ”: A virtual model of
the whole A&E department needs to be developed in order to obtain the current process
behavior in terms of waiting time. To do this, modelers should collect appropriate data that
represent the variables and parameters identified in Phase 1. In this regard, it is highly
recommended to perform outlier analysis in order to detect special patterns and eliminate
noise from datasets. This contributes to increasing the accuracy and reliability of the
model as well as assessing the quality of measurement systems. Once the data are filtered,
three statistical techniques are conducted to determine the correct manner of representing
each process variable in the simulation model. Initially, an intra-variable dependence test
is carried out to detect auto-correlations within a specific dataset. A homogeneity test is
then carried out to categorize data into classes in accordance with similar profiles. The
Kruskal-Wallis and log-rank tests can be employed for validating the heterogeneity
assumption. If several classes are identified, a probability expression is then required for
each class; otherwise, one distribution is enough to model the entire dataset. After this, the
input analyzer feature of simulation packages is used to determine the probability
expression (including parameter values) that better fits the data in case of randomness;
alternatively, the modeler needs to find the formulae incorporating the dependency
between the process variable and its (their) predictor (s). Once the statistical tests are
complete, the resulting information is incorporated into the model. Such a model is
suggested to be run 10 times in order to calculate the required number of replications that
are necessary to represent the system uncertainty. After collecting the key variable value
in each replication, a 1-sample t test is carried out to verify whether the virtual repre-
sentation is realistic. If the resulting p-value is higher than the alpha level (0.05), then the
model is concluded to be equivalent with the real A&E department; otherwise, it should be
revised and improved until satisfying this condition. Finally, a capability analysis is
performed to establish the current performance of the A&E department.

Phase 3 “Calculation of Costs Through Markov Phase-Type Models”: Phase-type
models have been proposed in this study to better modelling and analysis of specific
cost measures in a queuing setting. They also serve as a base for evaluating whether
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certain scenarios are cost-effective for the A&E department. In this respect, the cost
parameters to be employed in this intervention should be extracted from a reliable
Financial Information System (FIS) so that real economic evaluation can be effectively
performed. In this phase, homogeneity results from Phase 2 are considered to optimally
stratify patients according to their triage level. After this, the length of stay
(LOS) distribution of each group is modeled employing phase-type models. Such
models also take into account the inter-arrival process of each patient class whose
probability distribution can be also derived from Phase 2 through the Goodness-of-fit
test. As a next step, transition rates for the phase-type models are calculated employing
maximum probability estimation. Finally, the costs for the whole patient journey within
the A&E department are estimated by implementing Markov classes.

Phase 4 “Pretesting Improvement Scenarios”: Different improvement strategies can be
suggested by health service managers for reducing the waiting time in the A&E
departments. The proposed approach presented in this paper enables policymakers to
evaluate the potential impact of such strategies before implementation. The strategies
are then run by the modeler and the resulting waiting times are collected. After this, the
simulated performance is statistically compared to the real behavior using a 2-sample
t (if the data are normally distributed) or Kruskal-Wallis (if the data follow a non-
normal probability distribution). If the resulting p-value is significant (<0.05), the
strategy is recommended to be executed in the A&E department since it may reduce the
waiting time (C. L. = 0.95). If not, it should not be considered.

4 An Illustrative Example: Modeling an Accident
and Emergency Department of a Clinic

4.1 Map the A&KED Journey

The patient journey of an A&ED from a private clinic was mapped (refer to Fig. 2) to
provide a wide understanding of the interactions with other healthcare services and
performance in terms of waiting time. Specifically, interrelations with six sub-processes
(Hospitalization, Surgery, Intensive Care unit, Morgue, Laboratory, and Radiology)
were identified. Our model was underpinned by a 1-year dataset extracted from the
Patient Data Management System (PDMS) and consisting of all the admission regis-
tered between 1 January and 31 December (n = 2506 admissions). The journey starts
with two types of arrivals: walk-in and ambulance. Here, the watchman registers the
arrival time and type of arrival. Then, the patients enter the A&ED and some assistants
proceed with collecting personal data, type of emergency, and the health promotion
organization. However, some patients have to stay in the waiting room until the initial
assessment due to bed and doctor availability. During emergency care, the doctor
decides which treatment should be applied and which lab and radiology tests must be
conducted to establish a correct diagnosis and intervention. Depending on the patient
evolution, a transfer to other healthcare services may occur. In accordance with the data
recorded by the PDMS, the discharges were the following: 46.4% (Home), 20%
(Hospitalization), 18.1% (Surgery), 15.3% (Intensive care), and 0.2% (Morgue).
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Fig. 2. Tllustrative model for the A&E department

In the A&E department, there are 10 doctors who work in accordance with the
schedule depicted in Table 1. Finally, four key variables were identified: (a) inter-
arrival times for emergency patients, (b) initial assessment time (patients with chronic
conditions), (c) initial assessment time (patients with minor complications) and
(d) length of stay (LOS).

Table 1. Agenda of ED doctors

Doctor code | Monday Tuesday Wednesday | Thursday Friday Saturday
001 7 am-7 pm |7 am-7 pm |7 pm-12 am | 12 am-7 am | 12 am—7 am | X
7 pm-12 am
002 7 am-7 pm |7 am-7 pm |7 pm-12 am | 12 am-7 am | 12 am—7 am | X
7 pm-12 am
003 7 am-7 pm |7 am-7 pm |7 pm-12 am | 12 am-7 am | 12 am-7 am | X
7 pm-12 am
004 8 am-10 am | 8 am—10 am | 8 am-10 am | 12 am-5 am | X X
3 pm-=5 pm |3 pm-5pm |3 pm-12 am
005 7 pm-12 am | 12 am-7 am | 12 am-7 am | X 7 am-7 pm |7 am-7 pm
7 pm—12 am
006 7 pm-12 am | 12 am-7 am | 12 am-7 am | X 7 am-7 pm |7 am-7 pm
7 pm—12 am
007 7 pm—12 am | 12 am—7 am | 12 am-7 am | X 7 am-7 pm |7 am-7 pm
7 pm-12 am
008 12 am—7 am | X 7 am—7 pm |7 am-7 pm |7 pm-12 am | 12 am-7 am
7 pm—12 am
009 12 am—7 am | X 7 am—7 pm |7 am-7 pm |7 pm-12 am | 12 am-7 am
7 pm-12 am
010 12 am—7 am | X 7 am—7 pm |7 am-7 pm |7 pm-12 am | 12 am—7 am

7 pm-12 am

4.2 Develop and Validate a Discrete-Event Simulation Model

Once the data gathering regarding the three process variables is complete, an intra-
variable dependence analysis was undertaken to verify the randomness assumptions.
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The results are detailed in Table 2. The results demonstrated that all the variables were
found to be random since the p-values were lower than 0.05. After this, a homogeneity
test was carried through Analysis of Variance (ANOVA) in order to detect sub-groups
of data in each variable (refer to Table 3). It was concluded that all the variables were
homogeneous and can be therefore modeled without considering pipelines.

Table 2. The results of intra-variable dependence tests

Key variable P-value

Inter-arrival time for emergency patients 0.569

Initial assessment time (patients with chronic conditions) |>0.15
Initial assessment time (patients with minor complications) | >0.15
Length of stay (LOS) 1

Table 3. The results of homogeneity tests

Key variable P-value
Inter-arrival time for emergency patients | >0.15
Initial assessment time <0.0005
Length of stay (LOS) 0.363

After completing the intra-variable dependence and homogeneity tests, the input
analyzer feature of Arena 14.5 ® was employed to determine the probability expres-
sions of each variable (refer to Table 4). For instance, the Kolmogorov-Smirnov test
(p-value = 0.718) provided a good fit for the Weibull distribution of length of stay
(LOS).

Table 4. Probability expressions of each key variable

Key variable Probability expression
Inter-arrival time for emergency EXPO (18.8) min; Entities per arrival: DISC (0.9223,
patients 1, 09917, 2, 0.9986, 3, 1, 4)

Initial assessment time (patients with | UNIF (10, 45) min/patient
chronic conditions)
Initial assessment time (patients with | UNIF (10, 15) min/patient
minor complications)
Length of stay (LOS) WEIB (2.22, 202.58) min/patient

All the information derived from the input data analysis was included in the sim-
ulation model. Such a model was initially run 10 times in order to calculate the required
number of replications that are required to represent the system variability. In this case,
91 runs were estimated as necessary for this particular aim. After collecting the
resulting waiting times in each replication, a 1-sample t test was conducted for model
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validation. Considering a p-value = 0.095 and T-value = —1.69, the model is con-
cluded to be comparable with the real A&E department and can be therefore used for
capability analysis and exploration of improvement scenarios. After this, a capability
analysis (refer to Fig. 3) was conducted with the aid of Minitab 17®. In this regard,
A&E departments are called to meet the standard set by the National Health Institution
(Maximum waiting time = 30 min/patients). The analysis revealed that the average
waiting time is 34.69 min/patient with a shape of 2.36 min/patient and a scale of
39.13 min/patient. Furthermore, it was estimated that 624650 out of 1 million
admissions will have a waiting time >30 min. Complementary to these measures, the
Ppu (—0.07), Ppk (—0.07) and sigma level (1.28) evidence that the performance of the
A&E department under study is low satisfactory and then requires deep interventions.
These outcomes were presented to the general managers in order to explore various
scenarios of improvement.

Capability analysis of A&E department performance in terms of waiting time
Calculations Based on Weibull Distribution Model

USL = 30 Minutes

L/—i

Fig. 3. Capability analysis to evaluate the performance of the A&E department under study

4.3 Calculation of Costs Through Markov Phase-Type Models

The healthcare costs used within the simulation were derived from the Financial
Information System (FIS) of the A&E department under analysis. The parameters of
the phase-type model were extracted from the Patient Data Management System
(PDMS). In particular, the phase-type model has two absorbing states and four tran-
sitory stages (refer to Fig. 4). It will be also assumed that these probabilities do not vary
over time in order to confirm the Markovian assumption.

The states will be labeled as presented below:

0: A&E department (Emergency care)
1: Intensive care

2: Surgery

3: Hospitalization
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4: Discharge (Home)
5: Death

The phase-type model here described can be considered as an absorbing Markov
chain where the long-term probability of both discharge and death states can be esti-
mated. In addition, if the costs of each stage are fully known, it is then possible to
calculate the average value-added cost per admission. The cost of each transitory state
is enlisted in Table 5. With these considerations in mind, the matrix comprising of the
long-term probabilities is finally derived (refer to Fig. 4).

J

State 4
Discharge

P14 = 25%

P02=18.1% P34 =95%

P04 = 46.4%
5
] P01=15.3 %259 =
2 State 0 % State 1 P12 725% State 2 {23 =50% State 3
E Emergency care Intensive care Surgery Hospitalization
<
P13 =25% 5%
PO5=0.2% P03 =20.0%
P154 25% P25 ={50% state 5

Death

Fig. 4. Long-term absorption probabilities from state i to state j in the A&E department

Table 5. Daily costs for transitory states

Transitory state | Average daily cost (US$)

Emergency care | 309.85
Intensive care 870.46
Surgery 1410.43
Hospitalization | 516.44

According to Fig. 4, it can be determined that a patient who is in the Hospital-
ization department (stage 3) has 95.0% of likelihood to survive (discharge-state 4) and
die with 5%. As a next step, the fundamental matrix is achieved (refer to Table 6).

Table 6. Fundamental matrix for the A&E department

State i | State j

0 1 2 |3
1.90{9.30 |0.8|14.6
0 11.10|1.5|17.2
0 0 0.8]12.3
0 0 0 |13.2

W= O
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The fundamental matrix evidences the time (measured in days) that a patient spends
in each transitory state of the A&E department. If a patient is in this area, the average
stay will be 1.9 days and 9.3 days in intensive care. Furthermore, the admitted patient
will spend 14.6 days (on average) in Hospitalization department. Considering the daily
costs of each transitory state (refer to Table 5), it can be deduced that the average cost
of a patient that is admitted in the A&E department and is later transferred to Hospi-
talization is US$8218.73.

4.4 Pretesting Improvement Scenarios

Computer simulation enables health service managers to assess the impact of certain
changes in the A&E department before their implementation. This is highly recom-
mended to avoid errors, diminish cost overruns, and identify cost-effective scenarios. In
spite of these advantages, only a few studies have been reported in the literature
regarding the use of computer simulation for the assessment and comparison of various
scenarios in healthcare delivery. Motivated by the need for bridging this gap and
minimizing the waiting time, the modelers and emergency managers agreed to evaluate
three possible scenarios: (a) Implement a doctor who filters the admissions by identi-
fying which ones are real urgencies [20], (b) Add a doctor who works according to the
shift established for 008, 009, 010 and (c) Classify patients through a triage system.
These scenarios were later modeled using Arena 14.5 ® software. The performance of
each scenario was statistically analyzed through 2-sample t tests (C.L. = 95%) [21-23].

Strategy 1 Vs Real performance Strategy 2 Vs Real performance

Maximum allowed value = 30 Minutes/patient Maximun allowed value = 30 Minutes/patient
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Fig. 5. The comparative analysis between the real behavior and (a) Strategy 1 (b) Strategy 2
(c) Strategy 3
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Strategy #1 (refer to Fig. 5a) proposes to avoid the admission of non-urgent visits
which can be instead redirected to priority outpatient care. In this case, the 2-sample t
test revealed that the waiting time resulting from this scenario is lower than the current
performance (p-value = 0; T = 13.15). On a different tack, Strategy #2 (refer to
Fig. 5b) suggests augmenting the installed capacity by 48 h. However, no significant
difference was detected between the actual performance and the proposed scenario
(p-value = 0.095; T = —1.69). Finally, Strategy #3 (refer to Fig. 5c) proposes to
implement the triage system which classifies patients into two groups: Triage 1-2 and
Triage 3-5. In addition, it is necessary to aggregate 9 triage doctors who will be in
charge of the classification process. In this scenario, the waiting time was concluded to
be substantially minor in relation to the target and real A&E behavior (p-value = 0;
T = 26.25).

5 Conclusions and Future Work

A&E departments are very difficult to model considering the multiple states, sub-
processes, and interactions with other healthcare services. To correctly represent the
real performance of these departments, it is necessary that modelers work alongside the
health service managers so that the base structure, key variables, and parameters can be
fully incorporated into the simulated version. The collection of appropriate data plays a
relevant role in this aim. Thereby, more informative and detailed models can be pro-
vided to support decision making within A&E departments.

The proposed approach underpins the development of integrated models that serve
as a basis for evaluating complex strategies involving other healthcare services. We
believe that such a framework has the potential to be extended to other healthcare
systems. Therefore, we plan in the future to intervene in outpatient care and emergency
care networks so that the evidence base can be further developed and better planning
can be granted in these scenarios.

The illustrative example presented in this paper provides a multi-phase DES model
for A&E departments. In this particular case, it was proved that 624650 out 1 million of
admissions will have a waiting time > 30 min if this department operates under the
current conditions. To tackle this problem, three alternatives were pretested. Based on
the results, we recommend implementing a triage system that categorizes patients.
Although, it is also suggested to combine this strategy with the addition of a doctor that
filters admissions and redirects patients to priority outpatient care. On a different tack,
the phase-type model enabled health service managers to elucidate costs and LOS
along the patient journey within this department. For instance, it was detected that the
average cost of a patient that is admitted in the A&E department and is later transferred
to Hospitalization is US$8218.73. Such information is highly valuable for supporting
the economic evaluation of the improvement strategies and the deployment of cost-
effective interventions addressing interactions with the associated healthcare services.



Applying Multi-phase DES Approach for Modelling the Patient Journey 99

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

West, R.: Objective standards for the emergency services: emergency admission to hospital.
J. R. Soc. Med. 94(Suppl. 39), 4 (2001)

Dolan, B., Holt, L. (eds.): Accident & Emergency: Theory into Practice. Elsevier Health
Sciences (2013)

. Higginson, I.: Emergency department crowding. Emerg. Med. J. 29(6), 437-443 (2012)
. Woodcock, T., Poots, A.J., Bell, D.: The impact of changing the 4 h emergency access

standard on patient waiting times in emergency departments in England. Emerg. Med. J. 30
(3), €22 (2013)

. Ajami, S., Ketabi, S., Yarmohammadian, M.H., Bagherian, H.: Wait time in emergency

department (ED) processes. Med. Arch. 66(1), 53 (2012)

. Konrad, R., et al.: Modeling the impact of changing patient flow processes in an emergency

department: Insights from a computer simulation study. Oper. Res. Health Care 2(4), 66-74
(2013)

. Dong, Y., Chbat, N\W., Gupta, A., Hadzikadic, M., Gajic, O.: Systems modeling and

simulation applications for critical care medicine. Ann. Intensive Care 2(1), 18 (2012)

. Katsaliaki, K., Mustafee, N.: Applications of simulation within the healthcare context.

J. Oper. Res. Soc. 62(8), 1431-1451 (2011)

. Giinal, M.M., Pidd, M.: Discrete event simulation for performance modelling in health care:

a review of the literature. J. Simul. 4(1), 42-51 (2010)

Lin, C.H., Kao, C.Y., Huang, C.Y.: Managing emergency department overcrowding via
ambulance diversion: a discrete event simulation model. J. Formos. Med. Assoc. 114(1), 64—
71 (2015)

Wiler, J.L., Griffey, R.T., Olsen, T.: Review of modeling approaches for emergency
department patient flow and crowding research. Acad. Emerg. Med. 18(12), 1371-1379
(2011)

Hoot, N.R., et al.: Forecasting emergency department crowding: a discrete event simulation.
Ann. Emerg. Med. 52(2), 116-125 (2008)

Zhu, Z., Hoon Hen, B., Liang Teow, K.: Estimating ICU bed capacity using discrete event
simulation. Int. J. Health Care Qual. Assur. 25(2), 134-144 (2012)

Rutberg, M.H., Wenczel, S., Devaney, J., Goldlust, E.J., Day, T.E.: Incorporating discrete
event simulation into quality improvement efforts in health care systems. Am. J. Med. Qual.
30(1), 31-35 (2015)

Mandahawi, N., Al-Shihabi, S., Abdallah, A.A., Alfarah, Y.M.: Reducing waiting time at an
emergency department using design for Six Sigma and discrete event simulation. Int. J. Six
Sigma Compet. Adv. 6(1-2), 91-104 (2010)

Nahhas, A., Awaldi, A., Reggelin, T.: Simulation and the emergency department
overcrowding problem. Procedia Eng. 178, 368-376 (2017)

Fackrell, M.: Modelling healthcare systems with phase-type distributions. Health Care
Manag. Sci. 12(1), 11 (2009)

McClean, S., Barton, M., Garg, L., Fullerton, K.: A modeling framework that combines
markov models and discrete-event simulation for stroke patient care. ACM Trans. Model.
Comput. Simul. (TOMACS) 21(4), 25 (2011)

McClean, S., Gillespie, J., Garg, L., Barton, M., Scotney, B., Kullerton, K.: Using phase-
type models to cost stroke patient care across health, social and community services. Eur.
J. Oper. Res. 236(1), 190-199 (2014)

Hsia, R.Y., Friedman, A.B., Niedzwiecki, M.: Urgent care needs among nonurgent visits to
the emergency department. JAMA Int. Med. 176(6), 852-854 (2016)



100 M. Ortiz-Barrios et al.

21. Ortiz, M.A., Lopez-Meza, P.: Using computer simulation to improve patient flow at an
outpatient internal medicine department. In: Garcia, C.R., Caballero-Gil, P., Burmester, M.,
Quesada-Arencibia, A. (eds.) UCAmI 2016. LNCS, vol. 10069, pp. 294-299. Springer,
Cham (2016). https://doi.org/10.1007/978-3-319-48746-5_30

22. Ortiz, M.A., McClean, S., Nugent, C.D., Castillo, A.: Reducing appointment lead-time in an
outpatient department of gynecology and obstetrics through discrete-event simulation: a case
study. In: Garcia, C.R., Caballero-Gil, P., Burmester, M., Quesada-Arencibia, A. (eds.)
UCAmI 2016. LNCS, vol. 10069, pp. 274-285. Springer, Cham (2016). https://doi.org/10.
1007/978-3-319-48746-5_28

23. Nufiez-Perez, N., Ortiz-Barrios, M., McClean, S., Salas-Navarro, K., Jimenez-Delgado, G.,
Castillo-Zea, A.: Discrete-event simulation to reduce waiting time in accident and
emergency departments: a case study in a district general clinic. In: Ochoa, Sergio F.,
Singh, P., Bravo, J. (eds.) UCAmI 2017. LNCS, vol. 10586, pp. 352-363. Springer, Cham
(2017). https://doi.org/10.1007/978-3-319-67585-5_37


http://dx.doi.org/10.1007/978-3-319-48746-5_30
http://dx.doi.org/10.1007/978-3-319-48746-5_28
http://dx.doi.org/10.1007/978-3-319-48746-5_28
http://dx.doi.org/10.1007/978-3-319-67585-5_37

	Applying Multi-phase DES Approach for Modelling the Patient Journey Through Accident and Emergency Departments
	Abstract
	1 Introduction
	2 Related Studies
	3 The Proposed Framework
	4 An Illustrative Example: Modeling an Accident and Emergency Department of a Clinic
	4.1 Map the A&ED Journey
	4.2 Develop and Validate a Discrete-Event Simulation Model
	4.3 Calculation of Costs Through Markov Phase-Type Models
	4.4 Pretesting Improvement Scenarios

	5 Conclusions and Future Work
	References




