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a b s t r a c t
The improvement of emergency department processes involves the need to take into consideration
multiple variables and objectives in a highly dynamic and unpredictable environment, which makes the
decision-making task extremely challenging. The use of different methodologies and tools to support the
decision-making process is therefore a key issue. This article presents a novel approach in healthcare
in which Discrete Event Simulation, Simulation-Based Multi-Objective Optimization and Data Mining
techniques are used in combination. This methodology has been applied for a system improvement
analysis in a Swedish emergency department. As a result of the project, the decision makers were provided
with a range of nearly optimal solutions and design rules which reduce considerably the length of stay
and waiting times for emergency department patients. These solutions include the optimal number of
resources and the required level of improvement in key processes. The article presents and discusses
the benefits achieved by applying this methodology, which has proven to be remarkably valuable for
decision-making support, with regard to complex healthcare system design and improvement.
© 2017 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Decision makers in any domain are challenged to take the best
possible decisions. In order to successfully operate and improve
their organization and its processes, decision makers usually base
these decisions on their expertise and the information at hand. It
seems that the better their understanding of the system, the better
the decision taken will be. Therefore, it is vital to obtain knowledge
about the system behavior and the impact of possible improvements, before any decisions are taken [1]. The traditional approach
for decision-making in continuous improvement projects is based
on the experience of the decision maker and a trial and error
procedure. However, this approach has many limitations, including
author.
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the amount of time required, the cost and, furthermore, it can never
ensure a better result [2].
In the case of healthcare organizations, the improvement efforts, and therefore the decisions, are focused on a system that
aims to offer high-quality care, provide good service times and
still be resource efficient. However, designing and operating these
systems, especially emergency departments (EDs), is extremely
complex, mainly due to: the high number of different resources
involved in the activities of providing care, the uncertainty resulting from these activities occurring at different moments and the
distinct probability of simultaneously needing resources [3]. As a
result, long patient waiting times and overcrowding are common
problems in EDs all over the world [4]. EDs are also one of the
most critical hospital departments for saving lives. These reasons
motivate the use of Operational Research (OR) methodologies to
support decision makers in the design and improvement of an
efficient ED. This paper presents a novel approach that applies Discrete Event Simulation (DES), Simulation-based Multi-Objective
Optimization (SMO) and data mining techniques to support the
decision-making process in an ED. Besides statistical analysis and
modeling, the most popular OR methodology applied within the
field of healthcare is simulation [5]. DES has grown considerably
within the healthcare domain in the past few years. SMO provides
decision makers the possibility of obtaining optimal or nearly
optimal solutions to the multiple (conflicting) objectives that are
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typically involved in the design and improvement of processes,
e.g., investment vs. performance. Furthermore, for decision makers, knowledge discovery techniques, such as the use of data mining on SMO results, increase the value of the information obtained
via SMO. While the isolated use of each of these methods has some
drawbacks, it has been demonstrated that their combination is
very valuable to the support of decision-making. To the best of the
authors’ knowledge, this approach has still not been applied in the
healthcare domain.
The results of a research project, developed in collaboration
with the ED of the regional Skaraborg Hospital Skövde (SkaS) in
Sweden, which applied the above-mentioned approach, are described in the paper. In the Swedish healthcare system, the responsibility for health and medical care is shared by the National Board
of Health and Welfare (SoS), county councils and municipalities.
Due to the long patient waiting times that are experienced in
EDs throughout the country, the SoS board established specific
targets that should be met by all county councils in Sweden. When
this project started, these targets included the following: 90% of
patients should be attended to in triage within 10 min of arrival;
90% of patients should be examined by a physician within one
hour of arrival; and for 90% of patients’, their total length of stay
should be no longer than a maximum of four hours. These targets
are focused on the efficiency of the ED and not on the quality of
care given. Despite the efforts of previous years, the ED at SkaS
had not been making significant improvements towards achieving
the targets. For example, waiting times were much longer than the
targets established; waiting time to triage was, in some cases, up
to one hour, while the waiting time to meet a physician and the
total length of patients’ stay were also far above the established
objectives.
The aim of this paper is to present the ways in which the combination of DES, SMO and data mining support the decision makers
in improving the ED of SkaS, in order to achieve the target patient
waiting times and lengths of stay defined for EDs in Sweden. All the
steps, starting from the development of a DES model to the final
stages of applying SMO and performing a post-optimality analysis
based on data mining techniques, are described. This approach
has provided knowledge about the bottlenecks of the system,
the design of alternative, improved scenarios, the identification
of optimal system configurations that reduce the waiting times
considerably and the determination of design rules to improve the
system performance.
The article is structured as follows: Section 2 presents a literature review of the field; Section 3 describes the methodology
and steps applied to conduct the ED project; Section 4 elaborates
on the details about the simulation model; Section 5 presents the
results of the what-if scenarios, the multi-objective optimization
formulation and results and the data mining results; Section 6
includes the discussion; finally, Section 7 reveals the conclusions
and future work.
2. A review of decision-making, DES, optimization and data
mining in emergency departments
EDs are highly important units of hospital services for many
reasons. First and most importantly, ED services are critical for
saving lives. Second, ED services have a higher political impact on
the general public’s view regarding how healthcare services are
run, compared to other services. After all, nearly all inhabitants,
regardless of age or health status, make use of it at some time or
another. It is therefore the lack of operational excellence that often
defines the general public’s opinion on whether health services are
run in an efficient manner or not. Third, the patient flow emanating
from EDs determines the operation conditions of many units and
wards in a hospital and, consequently, also its resources and service
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levels. Nearly 50% of all patients admitted to the hospital come
from the ED [6]. Addressing the improvement of EDs and ensuring
an efficient decision-making process are consequently very important issues for hospitals and the general public. The following
subsections describe the state of the art regarding the challenges
of decision-making in healthcare and especially in EDs. They also
include a review of the application of simulation, SMO and data
mining on ED case studies.
2.1. Decision-making in healthcare
Management decision-making in any domain is a challenging
process. However, decision-making in EDs is especially sensitive
considering its impact in the quality of care given, the risk of
mortality and the number of patients that leave the ED without
being treated [4]. The decision makers in the ED face the challenges
of overcrowding, attempt to reduce the long waiting times for
patients, the lack of resources common to EDs and, at the same
time, trying to maintain high patient care standards [7]. Moreover,
emergency care units are complex systems, due to the stochastic behavior of patient arrivals, the unpredictability of the care
required by them [8], as well as the issue of sharing staff and
resources between the ED and correlated departments [9]. Additionally, the function of an ED is treating patients in a critical or life
threatening situation, not dealing with patients that present low
acuity injuries or illnesses [8] which make the system even more
complex. Different authors have analyzed the various reasons for
ED overcrowding and how to overcome them [7,10,11]. Their main
solutions include 1) increasing resources (beds, physicians, nurses,
etc.), which entails making significant investments, 2) managing
patients by redirecting them to other wards, and 3) increasing
the efficiency of the actual resources through the application of
operational research methods.
There are therefore no painless or easy solutions to the problems of EDs and all the alternatives involve difficult decisions in a
constrained and uncertain scenario [7,12]. Consequently, in order
to take a good enough decision, in a complex environment such as
an ED, it is necessary to acquire knowledge, experience, and information about the current state and the clear goals to be achieved.
Nonetheless, the typical decision-making process is characterized
as one based on individual knowledge, experience, and the personal preferences and reasoning of the decision maker [13]. This
approach is largely limited to the capabilities of the decision maker,
a process which can never ensure a better result [2]. In order
to cope with the traditional approach, evidence-based decisionmaking is starting to be applied, not just for clinical practice, but
also for management practice in healthcare [14], where the good
execution of the service provided is as important as the strategic
and tactical choices that managers make [15]. Evidence-based
management is a paradigm for decision-making characterized by
1) acquiring information about the cause and effect interactions;
2) understanding the system variations that may affect the desired
outcomes; 3) generating a culture of evidence-based decisionmaking and research collaboration; 4) being part of informationsharing networks; 5) making use of decision support tools to ease
the decision-making process and promote the evidence-based decision vs. gut feeling; and 6) promoting access to knowledge and its
utilization in the organization [15]. The key is therefore to acquire
knowledge based on facts and experimentation. The importance
and impact of taking decisions based on facts is considerable. However, to ensure efficient decision-making, just gathering facts is not
enough, the interpretation of these facts is also a key issue [15].
Therefore, the conclusions obtained have to be presented to the
decision makers in a correct and comprehensive manner [14]. It
thus seems that the management approach for decision-making
is changing from a preference-based to an evidence-based approach [13–15], which has many implications for the way decisions
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are taken in the healthcare domain. Among others, the profile
of the managers has to be more research-oriented and not just
pragmatic; managers should take decisions based on quantitative
results in addition to qualitative ones; and decision-aiding tools
should be applied [14]. The application of OR techniques may
therefore be a good alternative for the support of knowledgedriven and evidence-based management decision-making.
OR is a scientific approach that has evolved for the purpose of
supporting the decision-making processes as well as the analysis
and improvement of the organizational problems, through the application of OR methods or tools [16]. Different methods within the
OR domain have been employed to support management decisionmaking in healthcare. According to Brailsford, Harper, Patel and
Pitt [5], the most reported ones in the literature have been those
involving the statistical approach, followed by simulation and
qualitative techniques and, finally, mathematical modeling. The
authors found that simulation was mainly used to analyze and
improve planning and system/resource utilization, while statistics
were focused more on the areas of finance, policy, governance
and regulation. A brief review has recently been presented in [4]
where different OR techniques, such as analytical tools, simulation
and meta-heuristics, are the most reported approaches used to
address the performance of EDs. According to the authors, the
application of analytical solutions has not been extensive due to
the complexity of EDs, which makes representing the stochastic
behavior of EDs via these tools difficult. Instead, the literature
includes extensive reports on simulation and the combination
of simulation and meta-heuristics, according to [4]. Denney [17]
identifies simulation as the most powerful tool for healthcare
system analysis and improvement. Similarly, Hulshof, Kortbeek,
Boucherie, Hans and Bakker [18] found relevant articles on OR for
planning decisions at strategic, tactical and operational levels in
healthcare, where simulation is one of the most reported techniques. In a later study, Abe, Beamon, Storch and Agus [19] also
claim that simulation, and more specifically DES, has been the most
studied method within OR techniques, for the analysis of hospital
operations and especially EDs, between 2010 and 2015. In their
extensive literature review, Saghafian, Austin and Traub [20] found
that simulation is and will be a leading tool for the analysis of
patient flow optimization within an ED.
So, although many OR methods can be applied to analyze the
complex behavior of EDs and support decision makers, simulation
is the most popular approach.
2.2. Simulation to improve emergency departments
Simulation can be used as an effective analysis technique to
create, maintain, evaluate or improve a system or process. Its first
application within healthcare systems dates back to the 1950s [5].
It was applied to increase efficiency in the use of the resources
of a healthcare unit. Since the early 1990s, the number of studies
applying simulation for the improvement of healthcare systems
has grown rapidly [5,9,21]. Although it has been used in an ad hoc
manner for healthcare system analysis and improvement for many
decades, only in the last decade has its use started to grow and
further develop in this domain [5]. However, compared to manufacturing and military domains, there is still no widespread use of
simulation within healthcare [22]. This may be due to the fact that
simulation in healthcare is different and more difficult. Tako and
Robinson [23] studied this statement following an analysis of the
responses of simulation experts in a survey. The conclusions of the
survey reveal that, compared to other domains, simulation projects
within healthcare research have a less evident structure, deal with
more complex systems, model more intricate problems, require
more effort for data collection and acquisition, involve ethical and
political issues, and have less time available for customers. This

analysis evidences even more the need for supporting the decision
makers.
The main use of simulation in ED systems has been for system
investigation and improvement [24] and specifically, building the
so-called ‘‘what-if’’ scenarios. Within these scenarios, new patient
arrival patterns, resource settings and work procedures can be
tested without disturbing the real system, or be developed prior
to the construction of the system [25]. An important benefit of
simulation, regarding system improvements, is that it helps decision makers to identify the bottlenecks of the process. In healthcare systems, such bottlenecks may infer there is a lack of beds,
resources or staff for the efficient treatment of patients from arrival
to discharge [25]. DES represents and enables the modeling of the
complex and stochastic flows of patients that are usually dealt with
in healthcare clinics [26]. Furthermore, DES is the most studied
simulation technique for healthcare improvement in the literature,
followed by Monte Carlo Simulation and System Dynamics (SD) [3].
In the specific case of EDs, DES is at the forefront, due to its flexibility, its ability to model complex systems and stochastic variables,
its individual patient focus, as well as the process orientation, and
its capability to display the flows visually [27]. However, in order
to improve the system, just building the simulation model is not
enough, a well-established management strategy for change and
the acceptance of the results by the stakeholders are needed [28].
Several simulation studies describe how DES has been used to
identify improvements or design better EDs. Gunal and Pidd [8]
analyze how to increase ED performance through DES, while Hay,
Valentin and Bijlsma [9] present a new ED modeling approach.
Ferrin, Miller and McBroom [25] use DES to improve the patient
flow and access to care, but mainly demonstrate how the unique
ability of simulation can be used to study the target parameters,
in order to maximize the operational and financial impact. Additional studies look at improving patient flow and throughput
analysis [29–32], as well as estimating the future capacity of the
ED [33,34]. An interesting study, in which DES was used to redesign an ED, supported the decision-making process and was
subsequently implemented in the real ED, is described by Oh,
Novotny, Carter, Ready, Campbell and Leckie [35]. A complete literature review, performed by Hulshof, Kortbeek, Boucherie, Hans
and Bakker [18], identified some other studies, within emergency
care services, related to planning decisions at strategic, tactical and
operational levels. The review presented by Gul and Guneri [36]
classified papers, found in the literature, where DES was used alone
or in combination with other techniques, to improve EDs in normal
and disaster conditions. Abe, Beamon, Storch and Agus [19] also
reviewed articles on the use of DES for different application areas,
such as patient admission, resource planning, staff scheduling, etc.
There is no discussion about the ability of DES to provide the
results of specific what-if experiment scenarios. However, in order
to analyze several scenarios, a large amount of modeling time is
usually required and, although an improved scenario can be found,
the optimal or nearly optimal solution is not guaranteed. Since
simulation is not an optimization tool in itself, a step that combines
simulation and optimization is needed [37].
2.3. Simulation and optimization to improve emergency departments
Traditionally, simulation and optimization have been considered as different approaches in the operational research domain.
However, they have been developed together and the outcome is
to combine the considerable detail of simulation with the ability of optimization to obtain optimal solutions [38]. It has been
demonstrated that combining optimization and simulation tools
allows decision makers to quickly determine optimal system configurations, even for complex integrated facilities [26]. Depending
on the problem under analysis, there are different optimization
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methods that can be used in combination with simulation, of
which several are presented by Figueira and Almada-Lobo [38]
and Tekin and Sabuncuoglu [39]. Meta-heuristic optimization is a
flexible approach for the examination of problems with any solution space landscape. It is characterized by the rapid achievement
of good quality solutions and, therefore, has generally been used
in combination with DES [38]. Moreover, if multiple objectives
need to be analyzed at the same time, applying SMO is the correct
approach. SMO facilitates the search for trade-offs between several
conflicting objectives [40]. In this paper, a genetic algorithm and,
more specifically, the NSGA-II algorithm, presented by Deb, Pratap,
Agarwal and Meyarivan [41], is used for optimization purposes.
Different authors have described how simulation and optimization techniques applied together have improved EDs. For example,
Ahmed and Alkhamis [42] used Monte Carlo simulation together
with genetic algorithms for optimal staff allocation. For the same
purpose, Cabrera, Taboada, Iglesias, Epelde and Luque [43] combined Agent-Based Modelling and exhaustive search optimization,
while Weng, Cheng, Kwong, Wang and Chang [44] used DES and
Tabu search. In addition, Kesthkar, Salimifard and Faghih [45]
used DES and optimization to reduce the length of stay of patients. Yeh and Lin [46] combined DES and a genetic algorithm to
adjust nurses’ schedules. Azadeh, Pourebrahim Ahvazi, Motevali
Haghighii and Keramati [47] used simulation and stochastic data
envelopment analysis to model and optimize the number of human
errors in an ED. Similarly, a decision support application involving
the use of DES, Taguchi orthogonal arrays and data envelopment
analysis is presented in [48]. Furthermore, Wang, Yang, Yang and
Chan [49] combined lean principles with simulation and optimization to redesign the layout of an ED. Kuo, Rado, Lupia, Leung and
Graham [50] as well as Liu, Rexachs, Epelde and Luque [51] used
optimization for parameter calibration under data scarcity as an
input to a DES and an agent-based model of the ED respectively. A
framework to support the optimization of resources and decisionmaking is also presented in [4], based on a hybrid (DES and SD)
and multi-level simulation approach (including several healthcare
departments connected to the ED). In this case, the authors connect the hybrid model to a genetic algorithm. Alternatively, AboHamad and Arisha [52], and Eskandari, Riyahifard, Khosravi and
Geiger [53] combined the use of DES and multi-criteria decision
analysis to improve an ED.
While many of these studies were centered on improving single
variables (e.g. personnel, beds, ambulances, etc.) within a set of
constraints, there are still only a few studies that used multiobjective optimization [54]. El-Zoghby, Farouk and El-Kilany [4]
define a multi-level and multi-objective optimization framework
combining DES and SD to optimize the ED and other areas of the
hospital linked to the ED. Chen [55] presents an additional analysis
of an ED which applied the SMO approach. A more extended paper
about ED resource allocation problems that were solved with the
use of SMO is presented in [54]. This study proposed the combined
use of non-dominated particle swarm optimization, in order to
investigate solutions for medical resource allocation, and multiobjective computing budget allocation to identify non-dominated
Pareto solutions and an effective use of a computation budget. To
our best knowledge, not many extended cases in the literature have
applied SMO to analyze EDs.
There are cases where the analysis performed via SMO is extensive and the amount of possible optimized solutions is significant.
In these cases, the application of data mining techniques on the
optimized solutions provides significant benefits to the users.
2.4. Data mining of ED simulation–optimization results
Once a set of optimal solutions has been obtained, a learning
process that identifies the differences between good and bad solutions or the characteristics of the optimal solutions is a key issue
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for good decision-making [56]. Furthermore, although having an
extensive list of solutions to choose from may seem to be useful
for the decision maker, in practice, making that choice could be
an intimidating task. Therefore, how these solutions are visualized
and how the key information is extracted are crucial for efficient
decision-making [57]. Consequently, the combination of knowledge discovery techniques and SMO can actually increase the value
of SMO for decision makers. Although this combination previously
has been used to analyze optimization solutions in the field of manufacturing [57–60], data mining techniques have been used within
the healthcare domain, mainly to gain knowledge about the healthcare processes, using data extracted from historical databases. As
an example, Ceglowski, Churilov and Wasserthiel [61] used data
mining techniques to identify different types of treatment-based
patient groups in an ED; a classification they introduced in their
DES model. Bruballa, Taboada, Cabrera, Rexachs and Luque [62]
presented the combined use of Agent Based Simulation to model
an ED and data mining to gain knowledge about the different
scenarios generated by the simulation model. In comparison, the
approach proposed in the current paper is the use of different data
mining techniques (statistical, visual and flexible pattern mining)
in order to gain knowledge about the solutions obtained in the
SMO. The aim of this combination is to not only provide the stakeholders with a set of optimal solutions (nearly-optimal solutions),
but also with the knowledge, regarding the variables and their
interactions, which can be found in those solutions and will lead
to the best possible configurations of the ED.
3. Methodology
The methodology adopted for the study presented in this paper
includes the combination of different OR techniques: DES, SMO and
data mining. The aim of combining the use of these techniques
was to provide the decision makers with useful and high quality
information, in order to support the decision-making process.
Fig. 1 illustrates how each step and output from each technique
constitutes the basis for the next step. The first stage of the project
included learning about the ED processes, through interviews and
visits to the ED, as well as data gathering and analysis. Subsequently, a simulation model was built to represent the current
state and to obtain knowledge about the system behavior. Thereafter, what-if scenarios were defined and modeled, which included
testing different future/improved scenarios. Since testing many
what-if scenarios proved to be very time-consuming, SMO was
applied, in order to obtain information about possible optimal or
nearly optimal system configurations that met the defined objectives. The decision makers were then provided with the Paretooptimal solutions to choose from, depending on their preferences.
An additional step applied data mining to extract the knowledge
from the optimization results. The decision makers were finally
provided with information regarding the optimal configurations,
the rules applicable to the decision variables to achieve the best
results, and the relationships between the different decision variables and their impact on the objectives. The knowledge acquired
in the project was increasing with each step of the study, as shown
in Fig. 1, providing an excellent base for decision-making.
The stakeholders participated actively in each of the steps defined in the method, providing their knowledge and experience of
the ED processes, their preferences regarding what to test and prioritize, as well as their limitations. This information was excellent
input for the DES model, the optimization problem formulation
and the data mining phase.
The following sections explain in detail each of the steps
adopted in this study. The process description and the steps followed to build the DES simulation model are presented in Section 4. The modeled what-if scenarios and the details regarding the
application and results of multi-objective optimization and data
mining are explained under the results section, in Section 5.
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Fig. 1. Approach for decision-making in healthcare, combining DES, SMO and data mining.

4. Modeling the emergency department
The modeling process that was followed is based on the steps
defined by Banks et al. [63]. As many authors claim, the engagement of the stakeholders is a key issue, for ensuring the success of
a simulation project [22,64–67]. Therefore, the involvement of the
stakeholders in each step of the simulation process has been the
applied approach.
The project started with defining the objectives and ensuring
that all people involved had a clear understanding of the process.
This was achieved through iterative meetings and discussions with
the stakeholders of the hospital, as well as several visits to the ED.
The simulation objectives were defined according to the targets
established by the SoS: 90% of patients should be attended to in
triage within 10 min of arrival; 90% of patients should meet a
physician within one hour of arrival; and the total length of stay
for 90% of patients’ should be less than four hours.
The following subsections provide detailed explanations of the
working procedures of the ED and the steps followed to build the
DES model.
4.1. Emergency department details and process description
SkaS is the county council hospital in the area of Skaraborg
in Sweden and provides healthcare services to approximately
277 000 inhabitants. The ED is open 24 h a day, 7 days a week and
receives an average of 51 000 visits per year. Besides its internal
capacity, the ED shares resources and staff with other departments
of the hospital, such as the pediatric ward, the X-ray unit and the
laboratory. The ED is divided into four different specialties according to the patient classification: surgery, orthopedics, medicine,
and pediatrics.
The personnel comprises resident and intern physicians for every specialty of the ED, registered nurses (RNs), ambulance nurses,
triage nurses, laboratory and X-ray personnel and the receptionist.
The resources that have been considered and modeled are: reception, waiting room, triage rooms, surgery facility, orthopedics,
medicine, pediatrics, the laboratory, the X-ray unit, the emergency
care rooms, and the patient observation areas. These ED resource
areas are illustrated in Fig. 2 layout (the X-ray unit and the laboratory are not shown, as they are situated in other areas of the
hospital).

Fig. 2. Layout of the emergency department.

The process begins when a patient enters the ED. Patients arrive
at the ED in two ways: as walk-in patients (66.6%) and as ambulance patients (33.3%). Ambulance patients usually have access to
triage in the ambulance. Once they arrive at the ED, and depending
on the acuity and type of care needed, they are redirected to an
emergency care room, specialty room or to the observation area.
The walk-in patients are directed to the waiting room until they are
transferred to a triage room (with the exception of high acuity patients who are transferred to an emergency room directly). The RNs
conduct the first examination of a patient. The necessary samples
are taken, the care priority is established, the required documentation is completed, and the routine for each patient before being
seen by a physician is established. Following this triage process,
the patient is registered and sent back to the waiting room or to
a designated specialty room (surgery, orthopedics, medicine, or
pediatrics). The patient then waits to be examined by a physician.
Thereafter, if the treatment has finished, the patient is sent home.
Otherwise, if samples need to be taken for laboratory analysis,
or scans need to be carried out in the X-ray unit (e.g. orthopedic
patients), the patient stays in the room or waiting room until the
results are received and evaluated by the physician. Laboratory
results are often ready within one hour. In the case of X-rays or
scans, patients are sent (usually accompanied by a nurse) to the
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Fig. 3. Emergency department process flowchart.

X-ray unit of the hospital. If additional tests are needed, the same
procedure would apply, i.e., waiting for results and meeting the
physician (for modeling purposes, it was estimated that a patient
meets the physician a maximum of three times, as four meetings
are unusual). When the process at the ED has been completed,

the physician either sends the patient home or to a ward in the
hospital. Finally, the required patient documentation is completed
(considered an administrative task in the model). This process is
illustrated in a simplified manner in Fig. 3, which constitutes the
conceptual model of the system.
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Fig. 4. Number of patients per category.

Fig. 5. Number of patient arrivals per month.

Fig. 6. Number of ambulance patients per week day.

Fig. 7. Number of walk-in patients per week day.

4.2. Model development
When the ED processes were clearly understood, the data collection and analysis phase followed. In the model development
phase, deciding which resources, processes and level of detail
to include in the model was also determined together with the
stakeholders.
The data collection and analysis stage is critical for the accurate
representation of the real ED in the simulation model. For this
purpose, the stakeholders provided an entire year’s data, including
approximately 50 000 patient visits to the ED. Information extracted from the data included patient arrival times, the starting
time of the various activities performed during their stay, as well
as the activities of the physicians and nurses. The variations regarding the number of patients per department, month, day of the
week, hour and acuity were also analyzed. Non-reliable data, such
as incorrect patient registrations, records lacking information or
exceptionally high and low individual values were excluded from
the data analysis. A small number of processes, such as the amount
of time it took to obtain results from the laboratory or the amount
of time physicians spent with the patients at each meeting were
missing; consequently, time studies were conducted to acquire
this information. The results of the time studies were validated by
the ED personnel before being implemented into the simulation
model.
Some examples of the data analysis charts are shown in Figs.
4–13. Fig. 4 shows the number of patients arriving at the ED by
category, indicating that medicine patients are the most prevalent.
The distribution of the number of patients per month is displayed
in Fig. 5; it shows that the number of patients per month remains
more or less constant between 4.000 and 4.500 patients. Figs. 6
and 7 indicate the number of patients arriving per weekday by
ambulance or as walk-in patients respectively. In addition, the
charts reveal an increase in the number of patients coming to
the ED at the weekends and on Mondays. Figs. 8 and 9 show the
patients’ hourly arrival pattern by weekday. They clearly indicate
that the hourly pattern of arrival is almost the same, regardless of
the day of the week. In general, ambulance patients arrive after 9

a.m., while walk-in patients arrive after 7 a.m. The lowest number
of arrivals occurs during the night, with the exception of the
weekends, when many patients arrive at night by ambulance. Figs.
10 and 11 indicate, by hour, the percentage of patients per triage
color (from highest to lowest acuity level: red, orange/marigold,
yellow, green and blue) that arrives at the ED. Fig. 10 exemplifies
ambulance patients that clearly indicate a predominance of yellow
and marigold acuity levels. Walk-in patients are shown in Fig. 11,
revealing that green and yellow patients are the most prevalent.
We can conclude from these figures that the times/hours of arrival
are not linked to the patient acuity, as they follow approximately
the same pattern. Figs. 12 and 13 show the number of patients
per category and according to the different triage colors. Every
category seems to follow the same pattern for the number of
patients per acuity level.
The data analysis led to the identification of probability distributions that represented the stochastic behavior of the systems’
resources, activities and patient groups. The number of patients
arriving each hour was spaced randomly in the model within that
hour. The weekdays were classified into three different groups for
the walk-in patients and two groups for the ambulance patients;
different statistical distributions were applied for each group. Patients were classified according to their means of arrival at the
ED, including the weekday and arrival time, as well as their specialty department and acuity level. Hourly adapted exponential
statistical distributions were applied to model the average values
of the real pattern of patients’ arrivals [68]. Since some historical
data were missing, regarding the triage and meeting duration
times for physicians and nurses, as well as the time required
for taking samples, applying bandages, taking X-rays and waiting
for laboratory results, in addition to the duration of completing
various administrative tasks, it was decided, together with the
subject matter experts, to estimate and apply the minimum, mode
and maximum values, to build different statistical distributions.
In the specific case of the triage process, a Weibull distribution
was defined according to the time estimations provided by the
stakeholders. Weibull distributions are suitable and can be applied
to represent the time to complete some task; it can be used as
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Fig. 8. Annual number of ambulance patients per hour and week day.

Fig. 9. Annual number of walk-in patients per hour and week day.

Fig. 10. Ambulance patient triage color percentages per hour.

Fig. 11. Walk-in patient triage color percentages per hour.

Fig. 12. Ambulance patient triage color per category.

Fig. 13. Walk-in patient triage color per category.

a rough model in the absence of data [68]. In order to fit the
remainder of the processes, such as the various physician meetings
for the different categories of patients, response time for laboratory
and X-ray results, as well as the duration of the administrative
tasks of physicians, Johnson Bounded distributions were applied
with specific shape parameters. Such distributions are suitable for
processes that are not possible to approximate with other standard
distributions. The ED personnel submitted the most likely values
as well as the most optimistic and pessimistic values, to enable the
building of the suitable statistical distribution required to model
each of those aforementioned processes.
Additionally, and according to the historical data and conversations with the stakeholders, different parameters were introduced,
such as: variable service time for patients; variable number (1–
3) and duration of meetings with the physician; priority in the
queue, depending on the type of patient, their acuity level and
waiting time in the system; variable pattern of visits to the X-ray
department, depending on the acuity and length of patient’s stay;
variable administrative tasks for physicians; variable waiting time
for laboratory and X-ray results, etc.
Taking into account the data described above, a detailed DES
simulation model was implemented in FlexSim Healthcare Simulation Software. The main resources simulated were the patients,
rooms and beds, resident and intern physicians (surgery, medicine,

orthopedics and pediatrics), the receptionist, triage nurses, ambulance nurses and RNs (surgery, medicine, orthopedics and pediatrics), laboratory and X-ray staff. Resident physicians are considered experts who spend some portion of their time either responding to hospital calls or assisting other departments of the hospital,
as well as supporting intern physicians in the ED. In their meetings
with patients, interns are considered to require more time than
residents, spending an additional 20% of the estimated time with
a patient. However, they are not interrupted as often as senior
doctors. The number of nurses was modeled according to the real
system, but their activities were not introduced in detail, as initially
they were not considered a limitation to the system. However,
their tasks will be included in detail in a future project. Table 1
describes the number of modeled resources per department and
area.
4.3. Modeling and data assumptions
A number of modeling and data assumptions were made and
implemented in the model. These assumptions were defined together with the hospital personnel, in order to limit the complexity
of the system, or when needed data were missing, as well as to
ensure that the results would not be compromised in any case.
Some of these assumptions included the following:

• Nurses’ patients (patients who are sent home after triage
without meeting a physician), as well as ophthalmology and
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Table 1
Distribution of the different rooms and resources at SkaS ED.
Department/area

Number of physicians

Surgery
Orthopedics

6
5

9

Medicine
Pediatrics

8
3

11

Observation areas in the corridor

–

12

Emergency care rooms
Triage

–
–

2
2

•

•
•

•

•
•

•

•
•

•

•

Number of rooms

otorhinolaryngology patients were excluded from the study
for simplification purposes and because these represent
only about 4% of the total number of patients.
The number of times a patient meets a physician within the
ED was limited to 3 times. This number varies depending on
the type of patient; ambulance patients are more likely to
have 3 meetings compared to walk-in patients. Additionally,
orthopedic patients are more likely to meet a physician
twice, compared to other types of patients.
All the physicians allocate 10% of their time to consultations.
The administrative time assigned per day to the physicians
varies depending on the medical specialty of their department.
The time required by junior physicians for patient meetings
and analysis is increased by 20%, compared to the time
required by a senior physician.
Only orthopedic patients are required to visit the X-ray
department. It is the most common case in the real ED.
Orthopedic patients who need an X-ray are sent home, if it
is later than 1 a.m. (the X-ray department closes at 1:30).
These patients come back to the ED on the following day.
Not all orthopedic patients need to visit X-ray. Just 60% of
walk-in orthopedic patients and 70% of ambulance orthopedic patients are sent to the X-ray department.
The response time for X-ray results is, on average, 60 min
during the day and 90 min during the evening.
Triage nurses take samples that are sent to the laboratory
for analysis. The percentage of patients that needs to provide
laboratory samples in triage varies and depends on the medical specialty of their department. Surgery (approximately
half of surgery patients) and medicine (approximately a
third part of patients) are the most prevalent. These patients wait for the laboratory results, 57 min on average,
before meeting the physician. High acuity patients, such as,
pediatrics and surgery patients with the triage acuity level
orange or red, as well as orthopedic and medicine patients
with the triage acuity level red, are excluded from this rule,
i.e., they do not wait for laboratory results before their first
meeting with the physician.
If available, walk-in patients stay during the whole treatment process in an ED care room. If not available, they are
sent to the waiting room or observation area, depending on
their triage acuity level.
Upon arrival, ambulance patients are sent directly to a care
room. If there are not available rooms, they wait in the
observation area.

4.4. Model verification and validation
The validity of the model is crucial for its correct use as decision support. The decision-makers should have confidence in
the obtained results, in order to base decisions on them [69]. The
model was verified and validated to ensure that its behavior was an

Observations
Rooms shared between surgery and orthopedics
4 rooms are shared between pediatrics and medicine. The rest are
limited to medicine patients.
There are two observation areas situated next to the corridors with 6
beds per area.
–
–

accurate representation of the real-world system [70]. According
to [16], there are four categories of validation activities to take
into account when defining decision support models for healthcare
systems: data validity, conceptual model validity, computational
verification and operational validity. Data validity refers to the
adequacy of the used data. As explained above, historical data
were analyzed and introduced in the simulation model, in order to
accurately represent the real system. To further develop the model
when data were missing, an estimation was made and assumptions
were defined together with the stakeholders of the ED (assumptions detailed in Section 4.3). Validating the conceptual model
involved correctly formulating the problem and, together with
the stakeholders of the hospital, analyzing the flow of processes
defined in Fig. 3. The computational verification, which relates
to the representation of the conceptual model in the computer
program, was also conducted with the hospital stakeholders, and
involved analyzing the simulation model and the various patient
flows. In this stage, an extensive effort was made to build the simulation model to represent the real system as closely as possible.
The operational validity was obtained by analyzing the accuracy
of the outputs of the model. A simulation run of 90 days and 15
replications was conducted for this purpose. The validation phase
consisted of analyzing the average and the 90 percentile (P90) of
the Time To Triage (TTT), Time To first Meeting with the Doctor
(TMD) and Length Of Stay (LOS) for all the ED patients. Since the
targets established by SoS apply to 90% of the total number of
patients, the validation was required for both, the average and
the P90 values. As achieving the results for the average values
was relatively easy, the stakeholders explicitly pointed out the
importance of achieving good results for the P90 values which
include some of those few patients who stayed in the system a very
long time.
A maximum deviation of 5% for the average and 10% for the P90
was established for the total number of patients. Results around
those values were considered valid for the specific type of patients
(as long as the total results remained under 5 and 10% respectively).
A key factor in this stage of the process was the involvement of the
stakeholders. Various meetings with the stakeholders were held
to verify the model and validate the output, as well as to adjust
parameters if needed. The technical quality was therefore ensured
at this stage by validation and verification with historic data, as
well as by internal expert opinion [28].
In Tables 2–4, the LOS, TTT and TMD values (mean, P90 and
coefficient of variation) are presented for the total number of patients, ambulance and walk-in patients, as well as for each category
of patients. The mean and P90 simulation results were compared
with the data obtained from the real system. The same comparison
was also carried out for eight sub-classifications of patients, in
order to validate the model accurately. The ‘‘difference’’ columns
show the variation between the results of the real system and the
model, regarding mean and P90 values. The coefficient of variation
(CV) was also calculated to show the extent of relative variability,
as a ratio of the standard deviation to the mean.
The TTT table, Table 3, presents the waiting time from arrival
(only for walk-in patients) to the time when the patient enters
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Table 2
Model validation results. Length of stay.
Real ED (min.)

Total patients
Ambulance patients
Walk-in patients
Medicine amb.
Surgery amb.
Orthopedic amb.
Children amb.
Medicine
Surgery
Orthopedic
Children

Difference (%)

Model (min.)

P90

Mean

CV

P90

Mean

P90

Mean

CV

265.00
263.00
267.00
238.00
264.00
339.00
202.80
274.00
271.00
290.00
221.00

144.69
146.25
143.96
135.79
147.60
182.79
106.49
164.10
157.80
155.57
130.93

0.64
0.62
0.64
0.58
0.62
0.62
0.58
0.51
0.54
0.63
0.53

3.58
4.80
3.11
9.69
2.39
−3.97
4.49
7.53
4.56
2.03
7.77

−3.14
−4.70
−2.47
−5.54
−3.18
−4.80
−0.32
−3.28
−5.54

275.33
275.63
275.31
261.07
270.30
325.55
211.90
294.63
283.37
295.89
238.17

140.14
139.37
140.41
128.27
142.91
174.01
106.15
158.71
149.06
159.88
133.59

0.73
0.73
0.73
0.77
0.68
0.65
0.63
0.64
0.66
0.68
0.58

2.77
2.04

Table 3
Model validation results. Time to triage.
Real ED (min.)

Walk-in patients

Difference (%)

Model (min.)

P90

Mean

CV

P90

Mean

P90

Mean

CV

21.00

7.85

1.31

13.16

−0.79

23.76

7.79

1.81

the triage room. In this case, comparing the ‘‘difference’’ columns
reveals a value larger than the established maximum of 10% for the
P90. This value has been considered correct, due to the low values
being compared (a difference of 2.76 min).
The TMD table, Table 4, presents a summary of the validation
results of the patient waiting times before meeting a physician.
The figures in Tables 2–4 indicate that the model of the emergency department of SkaS represents the real system in a reasonably accurate manner.

•

5. Results
This section describes the results obtained after designing different what-if scenarios and running the multi-objective optimization and data mining studies. First, the results of the what-if
scenarios are described. This is followed by a presentation of the
multi-objective optimization problem. A statistical and visual data
mining approach is then used to analyze the optimization results.
Finally, a data mining analysis is performed using the Flexible
Pattern Mining technique.

•

5.1. Designing improvement scenarios
One of the strengths of DES is that it offers decision makers support in designing alternative what-if scenarios, without disturbing
the real system. The aim of these improvement scenarios is to find
a more optimal configuration of the ED, in order to achieve the
goals defined by SoS in reducing patient waiting times and LOS,
thereby, increasing the service level of the ED. These scenarios
involve reducing various process times, increasing the skill levels of
physicians or removing physicians’ tasks not directly related to the
treatment of patients in the ED. Although more than 30 different
scenarios were tested, a summary of some of the most relevant
ones is given below:

•

• Reduce by 50% the time needed for the X-ray process: orthopedic patients are required to wait for X-ray results on
average between 60 and 90 min, depending on whether it is
a morning or afternoon/night shift. In this scenario, the time
has been reduced by 50%, in order to analyze the impact on
the TMD and LOS results. The conclusion drawn from this experiment is that the reduction does not have a major impact
on the results of TMD, but instead on the LOS of orthopedic
patients (since patients are usually sent to X-ray after the
first meeting with the doctor). The results show that for

•

this type of patient, the average is reduced by 10% and P90
by 12%. Since orthopedic patients have the longest waiting
times of the system, the stakeholders consider that improving these times is important. Nonetheless, an analysis of the
TMD and LOS of the total number of patients reveals that this
scenario only has a minor impact (approximately 0.5%–1%
reduction in TMD values and around 2% in LOS values).
Keep the X-ray department open 24 h a day: In the real ED, the
X-ray department is closed from 1:30 a.m. to 8:00 a.m. This
scenario did not provide any positive results, in terms of reducing the LOS and TMD. Although patients in this scenario
would have their X-ray the same day, their LOS would be
longer, compared to the real-world scenario where patients
are sent home during the night and considered as new
patients the next morning. Therefore, although the model
does not show any reduction of the times as required, this
scenario would improve patient treatment and satisfaction.
Reduce by 50% the time needed for the laboratory response
process: Patients at the ED wait for laboratory results an
average of approximately 57 min. This scenario modeled
a 50% reduction of the time required for this process. The
results obtained from this scenario show a considerable
improvement, even achieving the SoS’s goal by reducing the
P90 value of LOS for all the patients. Reductions of the LOS
and TMD values of about 10%–16% for the average and P90
were achieved.
Every physician at the ED is modeled as a resident physician:
In this scenario, the skills of the intern physicians were
increased to equal those of the resident physicians. Therefore, interns were not allocated 20% extra treatment time,
which they were in the original model. Furthermore, the
time assigned for resident doctors’ consultations was removed. An additional approximately 10% consultation time
had been confirmed by the stakeholders for both intern and
resident physicians in the original model. The remaining
disturbances, such as exiting the ED to perform tasks in the
hospital wards and attend to phone calls, were maintained.
The results of this scenario indicate only minor time reductions (improvements between 0.7%–1.5% for average and
P90 values). This is due to the fact that resident physicians
are not as available as intern physicians.
Eliminate surgery physicians’ exits to the hospital: Surgery
physicians at SkaS often leave the ED to perform other tasks
at the hospital. This experiment removed such exits. The
results reveal an improvement of approximately 10% for
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Table 4
Model validation results. Time to first meeting with the physician.
Real ED (min.)

Total patients
Ambulance patients
Walk-in patients
Medicine amb.
Surgery amb.
Orthopedic amb.
Children amb.
Medicine
Surgery
Orthopedic
Children

Difference (%)

Model (min.)

P90

Mean

CV

P90

Mean

P90

Mean

CV

141.00
109.00
151.00
121.00
89.00
102.00
82.40
169.00
138.00
161.00
130.00

63.77
46.48
72.05
51.04
38.32
41.93
33.71
79.89
69.40
70.58
63.43

0.93
1.15
0.83
1.02
1.04
1.7
1.11
0.80
0.76
0.94
0.76

−7.11
−1.12
−8.72
−4.53

1.09
−1.31
−0.71
1.07
1.43
−5.32
−5.00
2.17
1.67
−6.84
−0.09

130.98
107.78
137.84
115.52
89.27
110.80
83.79
150.58
126.04
147.89
124.13

64.47
45.87
71.54
51.59
38.87
39.70
32.03
81.62
70.56
65.75
63.38

0.88
1.04
0.81
0.92
1.02
1.45
1.12
0.63
0.72
1.14
0.70

0.31
8.63
1.68
−10.90
−8.66
−8.14
−4.51

Table 5
Summary of tested scenarios.
Scenarios

Positive impact
in results

P90 TMD

Mean TMD

CV TMD

P90 LOS

Mean LOS

CV LOS

Reduce by 50% the time needed for the X-ray process (significant
impact just for orthopedic patients).
Keep X-ray department open 24 h a day.
Reduce by 50% the time needed for the laboratory response process.
(Objective LOS achieved)
Every physician at the ED is modeled as resident physician.
Eliminate the exits of surgery physicians to the hospital (significant
impact just for surgery patients).
Reduce by 50% exits to the hospital for all physicians.
Eliminate physicians’ exits to the hospital.

No

−1.30

−0.58

−6.82

−2.00

−2.12

−5.48

No
Yes

0.53

0.45
−9.21

−7.95
−5.68

0.12

0.16

−12.52

−16.41

−12.66

−5.48
−6.85

No
No

−1.54
−5.10

−0.92
−2.12

−11.36
−7.95

−0.84
−1.91

−0.70
0.63

−8.22
−9.59

No
Yes

−3.90
−9.92

−3.57
−6.79

−5.68
−12.5

−2.22
−3.74

−1.99
−1.42

−5.48
−10.96

Open second triage room when more than two patients are waiting for
triage. (Objective TTT achieved)

Yes

average and P90 values in TMD for surgery patients and a
3%–10% improvement of these values for the LOS. The most
significant reduction was achieved for surgery ambulance
patients. Nevertheless, the results are far from achieving SoS
objectives.
• Reduce by 50% the exits to the hospital for all physicians:
Resident physicians spend approximately 20%–30% of their
time outside the ED treating patients in the hospital. This
scenario removed half of these exits to demonstrate the
impact on the results. The conclusions reveal that the impact
was minor for LOS (around 2% reduction for average and
P90) and TMD (around 3.5%–4% reduction for average and
P90) for all the patients.
• Eliminate physicians’ exits to the hospital: This scenario is
similar to the previous one, the only difference is that it
completely eliminates physicians’ exits to the hospital. The
best results were obtained for medicine patients in the TMD
values (reductions of around 20%) and LOS (reductions of
around 10%). The impact of this experiment for the total
number of patients was a reduction of approximately 7%–
10% in TMD values and between 1.5%–4% in LOS values.
Therefore, although the results for certain types of patients
improved considerably, such as medicine and the TMD for
all the patients, SoS’s objectives were not achieved with this
experiment.
• Open the second triage room when more than two patients
are waiting for triage: In the real system, the first triage
room is open 24 h a day, while the second triage room is
open between 11:00 a.m. and 8:00 p.m. In this scenario, the
possibility of opening the second triage room, when three or
more patients are waiting for triage in the waiting room was
analyzed. This scenario reduced the P90 values by 55% and
the average waiting time for TTT by 65%, thereby achieving
the TTT objective of SoS.

% of improvement for the total number of patients

P90 TTT

Mean TTT

CV TTT

−54.38

−65.55

7.73

Table 5 presents a summary of the overall results of the different improvement scenarios. The first column lists the scenarios
and the second column indicates whether the scenarios had a
positive or negative impact. The remaining columns indicate the
improvement percentage of that specific scenario, compared to the
original simulation model results. Negative numbers represent a
reduction in that specific value, and therefore an improvement in
the waiting times for patients (TTT, TMD and LOS), while positive
values represent an increment in those values.
The scenarios described above represent the needs and perceptions of the hospital stakeholders. They had previously performed
different analyses, without the use of simulation techniques, and
had decided that the problems related to the long waiting times
were restricted to some of the parameters examined in these
scenarios. The results show that several system changes clearly
improved the system by increasing its service level and efficiency.
The waiting time and LOS for some categories of patients were
reduced significantly, which resulted in an overall time reduction
in the system, even achieving the SoS goals (requirements are at
system level). However, it was not possible to find a solution for
the system which reached the target that 90% of patients should
meet a physician within 60 min of arrival at the ED (TMD).
Combinations of several improvement scenarios, personnel and
resources were subsequently tested in the model without success.
The results almost fulfilled the goal for TMD, but it required the
addition of a disproportionate number of extra physicians and
rooms, as well as process time reductions.
The analysis of the what-if scenarios concluded that reducing
the waiting times for the laboratory processes and minimizing the
disturbances for the physicians were key parameters for achieving good results. Although the stakeholders were aware of their
importance, the analysis of the scenarios demonstrated that the
improvement of just these parameters, despite generating better
results than the original system, was not enough to achieve the
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defined goals. Furthermore, an implemented scenario solved the
TTT objective, without opening a second triage room 24 h a day.
The definition and experimentation stage of these scenarios took a
considerable amount of time and still made it very difficult to obtain an overview of the impact of each combination of parameters
and policy options. Instead of continuing to define new possible
scenarios, which would have been an almost never-ending process,
the project experimentation effort changed the focus to embracing
a SMO analysis for the improvement of the ED in SkaS.
5.2. Optimization formulation and runs
The objective of the optimization was to find an optimal configuration of the ED which can achieve the TMD and LOS levels,
defined by SoS, for all patient categories (medicine, surgery, orthopedics and pediatrics).
The variables of the optimization were selected among the
experimentation phase parameters which had a significant impact
on system performance. The minimization of the P90 values of
TMD (P90_TMD) and the minimization of the P90 values of LOS
(P90_LOS) were established as the objective functions of the optimization. The TTT was excluded from the optimization analysis
because the changes in the described variables did not affect it
and a what-if scenario had already found a good solution. The
variables required to calculate the P90_TMD and P90_LOS include:
the time of patient arrival at the ED (tai ), the time of patient
discharge from the ED (tdi ) and the time of physician entry to the
consultation room to meet the patient (tpi ). The list of all the TMD
and LOS values for each patient are represented as TMDi and LOSi .
Ascendant ordered lists of these values are represented as TMD′i
and LOSi′ , respectively. The indexes representing each patient are
defined by i and j, and the total number of patients is N. The index
of the values representing the 90 percentile is defined by k. The
objective functions are shown in Eqs. (1) and (2) where P90_TMD
and P90_LOS receive the values from the ordered list of patient
values for TMD and LOS and indicated by the index k. The TMD
values for each patient are calculated by Eq. (3) as the difference
between the time the physician enters to the consultation room
and the patient arrival time at the ED. The LOS values for each
patient are calculated in (5) as the difference between the time
the patient leaves and enters the ED. The equations in (4) and (6)
arrange the TMD and LOS values, respectively, in ascendant order.
The k index is calculated using Eq. (7).
min(P90_TMD = TMD′k )
′

min(P90_LOS = LOSk )
TMDi = tpi − tai
TMDj = TMDi

LOS i = tdi − tai
′

LOSj = LOSi

∀i = 1 . . . N
∀j = 1 . . . N ∧ i ∈ {1, . . . , N }
subject to TMDj ≤ TMDj+1

′

∀i = 1 . . . N

∀j = 1 . . . N ∧ i ∈ {1, . . . , N }
subject to LOSj ≤ LOSj+1

k = [0.9 × N] + 1

(1)
(2)
(3)

(4)
(5)

(6)
(7)

where:
P90_TMD, P90_LOS , TMDi , LOSi , tai , tpi , tdi , TMD′i , LOSi′ ∈ R
i, j, k, N ∈ Z.
Three additional objectives were also included, in order to drive
the optimization towards resource-effective solutions:
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• Minimize the number of reductions of the different process
times (RE T ): physicians’ administrative tasks (REa ), response
time for laboratory results (REl ) and response time for X-ray
results (REx ), as represented in (8).
• Minimize the total number of physicians (DT ): the adding
up of medicine (Dm ), surgery (Ds ), orthopedics (Dr ) and
pediatrics (Dc ) physicians. Each of them is calculated as the
actual number of physicians per specialty (Dma , Dsa , Dra , Dca )
plus the extra physicians added in the optimization
(Dmx , Dsx , Drx , Dcx ), respectively, as denoted by Eq. (9).
• Minimize the number of beds (BT ): medicine–pediatrics
(Bm ) and surgery–orthopedics (Bs ) beds. Each of them is
calculated as the actual number of beds per department
(Bma , Bsa ) plus the extra beds added in the optimization
(Bmx , Bsx ), respectively. See (10) for the details.
min(RET = REa + REl + REx )

(8)

min(DT = Dc + Dm + Dr + Ds )

(9)

Dc = Dca + Dcx
Dm = Dma + Dmx
Dr = Dra + Drx
Ds = Dsa + Dsx
min(BT = Bm + Bs )
Bm = Bma + Bmx
Bs = Bsa + Bsx

(10)

where
RET , DT , BT , REa , REl , REx , Dc , Dm , Dr , Ds , Bm , Bs, Dca ,
Dma , Dra , Dsa , Dcx , Dmx , Drx , Dsx , Bma , Bsa , Bmx , Bsx ∈ Z.
The reductions, additional physicians and beds were delimited in
consultation with the stakeholders of the ED and in consideration
of possible investment restrictions. These are represented as constraints as listed in (11).
REx ∈ {0, 5, 10, 15, 20}
REa , REl ∈ {0, 5, 10, 15}
0 ≤ Dcx , Dmx , Drx , Dsx ≤ 3

(11)

0 ≤ Bmx , Bsx ≤ 3.
Without the formulation of these three additional objectives and
the identification of constraints, the optimization algorithm would
have just selected solutions with a large number of resources,
without considering their effective use. It is one thing to identify
the need (and gain) to reduce process times, but a totally different
matter to actually achieve that reduction. The implementation of
work procedures that make significant time reduction changes
in the real system will not only include new technical systems,
but will also run a continuous improvement process based on
Lean, Six Sigma, etc. Method improvement and sustaining the
day-to-day system performance are two common approaches to
increasing and maintaining the productivity of a system. Adding
new resources (physicians or hospital beds) represents the typical
approach to increasing capacity by making investments. These
parameters are discrete and their implementation is much more
straightforward, but it does not really change the way the work
is conducted. It is viewed as an easier approach, if the additional
funds and resources are available. Nevertheless, it might represent
a necessary approach, especially when the system has clear bottlenecks or its capacity is far from the target goals of the organization;
however, from a productivity point of view, it should not be the
first option. Nowadays, SkaS has difficulties recruiting physicians,
which means that minimizing the addition of extra physicians into
the system is therefore a necessity.
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Fig. 14. Optimization results in scatter 3D plot with Pareto-optimal solutions w.r.t
three objectives, Min(DT ), Min(RET ) and Min(P90_TMD), highlighted.

Fig. 15. Optimization results in scatter 3D plot with Pareto-optimal solutions w.r.t
three objectives, Min(DT ), Min(RET ) and Min(P90_LOS), highlighted.

The decision vector for this optimization problem is defined as
follows in Eq. (12):

from the solutions obtained by SMO. This was done by applying
different data mining techniques. The combined use of SMO and
data mining techniques is still a novel domain [60]. The concept of
Innovization, or innovation through optimization, was first introduced by Deb and Srinivasan [74]. They demonstrated how different innovative design principles could be obtained by analyzing the
multi-objective optimization results and, specifically, the Paretooptimal solutions. The concept of Simulation-based Innovization
was later introduced by [58], which utilizes SMO to generate the
optimal set of solutions and later applies post-optimality analysis
via data mining, in order to extract knowledge about the characteristics and commonalities of the variables and their impact
on the objectives. While this technique has been used to analyze
manufacturing problems [57,58,60], to the authors’ knowledge, its
use has not been extended to the healthcare domain.
Different methods can be used to extract knowledge from the
optimization results; a complete review is given by Bandaru, Ng
and Deb [75]. In the following subsections, the knowledge obtained
via statistical and visual data mining is presented. Thereafter, how
the flexible data mining technique has been applied to gain further
knowledge is described.

[REa , REl , REx , Dm , Ds , Dr , Dc , Bm , Bs ] .

(12)

ModeFRONTIER, a commercial software for multi-objective analysis, was combined with FlexSim HC, in order to run the optimization and analyze the results. The chosen optimization algorithm is the NSGA-II, a well-known, efficient multi-objective
algorithm that has been proven suitable for this optimization problem [41]. In the literature, NSGA-II or Fast Elitist Non-Dominated
Sorting Genetic Algorithm, developed by Deb et al. [41], is probably
the best-known, population-based meta-heuristic algorithm for
the provision of very good approximations of the Pareto-optimal
front. Three major features render the outstanding performance
of NSGA-II [71] and make it very suitable for solving the multiobjective optimization problem described in the current paper: 1)
it uses an elitism principle, based on a λ + µ elitism selection procedure; 2) it uses the calculation of crowding distance value for an
explicit and efficient diversity preserving mechanism, which eliminates an extra niching parameter commonly used in several other
multi-objective optimization algorithms; 3) it emphasizes nondominated solutions and is equipped( with)a fast non-dominated
3
complexity of Multisorting approach that reduces the
)
( O 2mN
objective Genetic Algorithm to O mN , see Babbar et al. [72].
More than 1800 possible combinations of the ED, with the given
input parameters, were analyzed. In a previous paper presented by
the authors [73], the optimization was run and the results analyzed
for the average values of TMD and LOS. Since the SoS objectives
are expressed in terms of achieving the results for P90 values,
the analysis in this paper is focused on this parameter; a new
optimization was run to obtain solutions for these values.
The following two subsections provide an overview of the postoptimality analysis performed to extract the hidden knowledge

5.3. Optimization results and data analysis
A data mining exercise was performed on the basis of visualization techniques and statistics, in order to gain some insight about
the optimization results. As a first step in the process, unfeasible
and duplicated solutions were removed from the analysis.
Each point in the Scatter 3D charts, presented in Figs. 14 and 15,
represents a possible configuration of the ED. In each 3D chart, the
Pareto-optimal solutions, with respect to (w.r.t.) three optimization objectives are highlighted as blue stars. They constitute the
Pareto front which is the set of optimal solutions for the different
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Fig. 16. Multi-plot consisted of Pareto-optimal solutions w.r.t to different pairs of objectives (i.e. DT –P90_TMD, DT –P90_LOS, RET –P90_TMD, RET –P90_LOS, as well as BT –
P90_TMD, BT –P90_LOS) in each subplot, in order to illustrate the influences of the individual factors, DT , RET and BT on P90_TMD and P90_LOS.

Fig. 17. Pie Chart comparing the impact of the input variables on the 90 percentile objectives of TMD and LOS.

combinations of personnel, resources and process times which
fulfill the defined conflicting objectives. The well spread of the
solutions over the objective space is a good indication that the
objectives are in conflict with each other and thus justifies a multiobjective optimization approach. As shown in Figs. 14 and 15, an
increment in the number of physicians (DT ) and process times
reductions (RET ) will have a positive effect on the reduction of the
P90 values of TMD and LOS.
Fig. 16 illustrates that DT and RET have stronger influence on
P90_LOS and P90_TMD than BT . When the values of DT and RET
are limited to their lowest values in the optimization runs, the
Pareto-optimal solutions cannot achieve any improvement in the
P90_LOS and P90_TMD objectives. Particularly, the steeper slopes
of DT – P90_LOS and DT – P90_TMD, especially when increasing
DT from 22 to 24, show that DT is the key influencing factor for
both the P90_LOS and the P90_TMD objectives. In contrast, they
do not change their values significantly when BT is varied within
the range [22,28] as shown by the rather leveled plots, consisted of
the Pareto-optimal solutions in the figure. Although there are some
improvements of P90_LOS and P90_TMD when BT is reduced from
22 to 24 (25 for P90_TMD). However, the low values of P90_LOS
and P90_TMD when BT equals 22 are mainly contributed by factors
other than BT . This is a clear indication that the number of beds is
not the crucial factor to improve the ED.
Similarly, the following pie charts show that the parameters
that most significantly affect the objectives of minimizing the
P90_TMD and the P90_LOS are the number of physicians (DT ),
followed by the process reductions (RET ) and, finally, the number

of beds (BT ), as Fig. 17 illustrates. This conclusion conforms with
the results revealed by the charts above in Fig. 16.
The pie charts present results based on aggregated variables
(total number of physicians, beds and process times reductions).
In order to see the correlation values between all the detailed
variables of the optimization, a scatter matrix chart was also analyzed. Fig. 18 shows these correlations; all the pairwise scatter
plots of the variables and the probability density function chart
for each variable. The first two columns and rows in the chart
correspond to the objectives of the optimization, the remainder
are the decision variables of the optimization. The strength of
the correlation between parameters and objectives is highlighted
using stronger colors and higher numbers (positive or negative).
The correlation matrix in Fig. 18 highlights that the P90 values
for TMD and LOS are highly correlated (0.989). This is logical, as
the LOS includes the TMD and an increment in TMD values will
increase the LOS values. On the other hand, the individual input
parameters that mostly correlate with the P90 values of TMD and
LOS are respectively: the number of medicine physicians (Dm ), the
response time for the laboratory process (REl ), the administrative
tasks (REa ) and the number of surgery physicians (Ds ). This means
that the addition of these types of physicians and the reduction
of those process times in the ED will have a significant impact
on reducing the P90 values related to TMD and LOS. The lowest
correlation values are those related to medicine–pediatrics beds
(Bm ) and orthopedic–surgery beds (Bs ), as well as the X-ray response time reductions (REx ), conforming with the results obtained
previously.
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Fig. 18. Scatter matrix chart showing the correlation between the different input variables and the 90 percentile objectives of TMD and LOS.

The scatter charts of the parameters with the highest level of
correlation to the objectives were extracted and are presented in
Figs. 19–22. As an example, the charts illustrating the correlation
between these parameters and the P90 of the TMD are shown.
These charts indicate that adding a medicine physician reduces
the P90 values of TMD by approximately 5 min, while adding
more physicians does not significantly improve the results, which
is similar to the findings for surgery physicians. The reduction
in laboratory process time affects, in a linear way, the reduction
in TMD. This also occurs with the administrative task reduction,
although the impact on the reduction of the TMD is less in this case.
Each point in the chart refers to a possible setting of the ED and the
Pareto-optimal solutions, w.r.t. all five objectives, are highlighted
in green.
The charts presented above provide an overview of the impact
that an individual variable has on the optimization objectives. A
better overview of how a combination of the different variables
affects the whole system is given in the parallel coordinate plot
(PCP) in Fig. 23. In this PCP, every combination of the ED, obtained
via SMO, shows its corresponding 90 percentile values of the TMD
and LOS of patients. These different ED configurations are represented as polylines formed by connecting the different variables.
The optimization decision variables are presented in the initial
columns and the results of the P90 for the TMD and LOS in the last
two columns. The green-labeled numbers in each column indicate
the upper and lower bound values for each variable (number of
minutes and the number of beds or physicians, depending on the
variable). The colors in the diagram represent a range of values in
the selected P90 values for the LOS or TMD (the range for P90_TMD
is shown in the legend of the chart, where red polylines represent

the highest values while dark blue polylines indicate the lowest
values).
A PCP can help the decision makers to navigate among the
possible optimal trade-off solutions generated by the optimization.
It is especially useful for recognizing correlations and patterns in
the behavior of the variables. A distinctive feature of this chart
is that it enables decision makers to filter or modify maximum
and minimum values for each variable/column, in order to analyze
possible solutions in areas of more interest to them. It is not
uncommon for the initial budget or objectives to change during a
project. Having access to the whole solution set makes it easier for
decision makers to look for solutions that are relevant to the new
circumstances. Another important parameter that would have an
impact on the final solution is the availability of physicians for hire.
The final solution can therefore be optimal but still be tailor-made
to the category and number of physicians that the clinic manages
to recruit. All these considerations can easily be included in the
final solution, thanks to the chosen multi-objective approach. An
example is shown in Figs. 24 and 25. In Fig. 24 the P90_TMD has
been filtered to show only the 100 best solutions obtained by the
optimization for that objective function, which correspond to a
range between 66.6 and 69.15 min. As this figure illustrates, the
number of possible solutions has been drastically reduced to just
100 possible combinations. Each combination is expressed by a
colored line, the color depending on the P90_TMD value adopted,
as shown in the legend. This chart directly reveals some rules that
can be valuable for the decision maker, for example, that all the
combinations within those 100 solutions have applied a reduction
of at least 10 min for the administrative task, and 15 min for
the laboratory response time. The dynamic interaction with the
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Fig. 19. Scatter chart showing how the increase in number of medicine physicians
affects the 90 percentile values of TMD.

Fig. 20. Scatter chart showing how the different values of laboratory response time
reduction (in min.) affect the 90 percentile values of TMD.

Fig. 21. Scatter chart showing how the different values of administrative task
reduction (in min.) affect the 90 percentile values of TMD.

Fig. 22. Scatter chart showing how the increase in number of surgery physicians
affects the 90 percentile values of TMD.

5.4. Data mining using flexible pattern mining
different columns of the chart continuously offers new insights to
the decision maker. Therefore, for example, if some restrictions
need to be included, such as the difficulty of recruiting physicians,
the values can be further filtered. As Fig. 25 illustrates, the number
of additional physicians for the emergency department has been
limited to one for pediatrics (Dc column), two for medicine (Dm
column) and one for surgery (Ds column). In this case, the number
of possible combinations has been reduced to ten. Therefore, the
decision makers would have to choose between these ten options.
The ability to easily reduce all the possible solutions to just a few is
an incredible advantage, compared to developing different what-if
scenarios using the simulation approach alone.
An analysis of the results provided by the optimization reveals
that for the given optimization parameters and values, achieving
the objective of the TMD for 90% of the patients is not possible at
the levels established by SoS. The best solution achieved a value
of approximately 67 min, with the decision vector corresponding
to [15, 15, 20, 10, 9, 6, 6, 11, 14], rather than the 60 min target
established by SoS. Nevertheless, this solution represents a 52.5%
improvement in the results, compared to the real ED. There are
many optimization results that can achieve the LOS objective; the
best result is approximately 157 min, with the decision vector
corresponding to [15, 15, 20, 10, 9, 8, 4, 13, 14], which is a 41%
improvement, compared to the real ED. Additional suggestions
from the ED personnel, as well as the interaction between SMO and
Lean improvement, will be considered in future work, in order to
achieve the desired levels of TMD.

After a visual data mining and statistical analysis of the different
charts in Section 5.3 was conducted, insight was obtained about
different single variables and their influence on the objectives.
However, the visual data mining methods have some drawbacks.
These methods may show some correlations which do not necessarily exist and, additionally, these methods imply a subjective
analysis of the solutions [76]. In order to overcome such drawbacks, confirm or invalidate what has been observed, and extract
further knowledge about the optimal solutions, the Flexible Pattern Mining technique (FPM) was used. This technique aims at ‘‘extracting patterns of rules’’ within the given data set [76]. According
to the decision makers’ preferences, the optimization data set can
be filtered so that only a specific region of solutions is selected. The
rules provided by the technique are given in order of importance;
therefore, the topmost rule refers to the most distinctive property
of this selected region. These rules will also identify whether the
patterns are present in the non-selected region. Additionally, the
rules are sorted according to the ratio of the support of each rule
in the selected versus the unselected region. Tables 6 and 7 are
divided into three columns: the first indicates the percentage of
solutions in the selected region that fulfills the rule, the second
shows the same but in the unselected region, and the third column
presents the rule.
The analysis with FPM was conducted using the whole set
of solutions obtained by the optimization. The PCP was used to
select, in an easy and visual way, specific interesting regions of the
data set. These regions corresponded to the 100 best and worst
solutions for the objectives of P90 of TMD and LOS. A minimum
significance of 40% was defined to filter any possible rules that
were under that value, and therefore, were not very significant
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Fig. 23. Optimization results. PCP.

Fig. 24. Optimization results. PCP with a filter applied for the P90_TMD value.

Fig. 25. Optimization results. PCP with a filter applied for pediatrics (Dc ), medicine (Dm ) and surgery (Ds ) physicians, and the P90_TMD value.

for the selected region. As a result, different rules were obtained
concerning which parameters should take fixed values and which
ones were insignificant, in order to be designated within the best
or worst category of solutions, as shown in Tables 6 and 7.
Table 6 presents the rules obtained for the 100 best values
of the 90 percentile of TMD (values below 69.15 min). The most
significant rules correspond to the maximum values of reduction of
the process and response times for administrative task, laboratory
and X-ray (reductions of 15, 15 and 20 min respectively). To acquire
deeper knowledge of the characteristics of the selected regions,
these three rules were combined and the result is a support of 92%
in the preferred region versus 5% in the unselected region. This
makes the combined rule more unique, compared to the individual
ones. The rules obtained for the best range of solutions in the P90
of the LOS demonstrated similar results, since they are the three
most significant rules, and exactly the same as the ones for TMD.

Table 6
Rules obtained using flexible pattern mining in the 100 best solutions of the P90 of
TMD.
Selected region (%)

Unselected region (%)

Rule

96
100
95
44
46
80
75
52
73

23
28
33
16
22
43
42
31
46

REa >10
REl >10
REx >15
Bs >13
Dm = 10
Ds >7
Bm >12
Dc > 4
Dr >6

Table 8 presents the ten best Pareto solutions with the lowest
values of P90 for the TMD. The three rules, presented above, are
fulfilled within these solutions.
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Table 7
Rules obtained using flexible pattern mining in the 100 worst solutions of the P90
of TMD.
Selected region (%)

Unselected region (%)

Rule

100
100
62
62
80
72
59
60
80

23
24
22
23
32
38
36
37
54

Dm = 8
REa = 0
Ds = 6
REl = 0
Dr = 5
Dc = 3
Bs = 11
Bm = 11
REx <10

Table 8
The best 10 Pareto solutions with the lowest values of P90 of the TMD.
P90_TMD

REx

REl

REa

Bm

Bs

Dc

Dm

Dr

Ds

66.92
67.00
67.26
67.29
67.45
67.63
67.65
67.7
67.75
67.92

20
20
20
20
20
20
20
20
20
20

15
15
15
15
15
15
15
15
15
15

15
15
15
15
15
15
15
15
15
15

11
13
13
13
13
13
13
13
11
14

14
13
14
13
12
13
14
14
13
14

6
4
4
5
6
5
5
4
6
5

10
10
11
11
10
11
11
11
10
11

6
7
8
8
8
6
8
7
8
6

9
9
9
8
8
9
8
8
9
9

These rules do not imply that the ED will achieve its goals by
applying just these measurements. However, they offer decision
makers recommendations regarding how to accomplish the goals,
as some rules are present in a remarkable percentage of the best
100 solutions and in the ten best Pareto solutions of the P90 for the
lowest TMD values. These recommendations therefore establish
the minimum conditions for the variable values, in order to obtain
good solutions. Therefore, it can be concluded that the identified
measures are a decisive, though still not a sufficient, condition for
achieving the defined goals.
Table 7 presents the rules obtained for the 100 worst values
of the 90 percentile of TMD (values above 117.8 min). The first
four rules show no additional medicine and surgery physicians
or any reduction in administrative task or laboratory process. As
presented in Fig. 18, these four parameters correlated the most
with the objectives. Therefore, not changing these will lead to
a poor result, which decision makers should take into account.
Similarly, analyzing the rest of the rules reveals that just the Xray response time and the orthopedic–surgery beds take additional
values, compared to the real ED. It seems that small reductions (0 or
5 min) in X-ray or the addition of beds (1 or 2) to that department
do not increase the possibility of achieving better solutions. The
rules obtained for the worst range of solutions in the P90 of the LOS,
again showed similar results to the ones obtained for the TMD.
6. Discussion
The decision-making process is extremely challenging for ED
managers. Therefore, offering them the possibility to acquire more
knowledge and evidence to ease this process is extremely valuable,
especially in EDs where poor decisions may lead to critical situations for patients. The results presented in this paper reveal that
the method of combining DES, SMO and data mining offers decision
makers valuable knowledge. The hospital stakeholders agreed that
having this information as a support prior to making any changes
in the actual ED is important. This is particularly significant since
the results demonstrate that the general opinions regarding the
location of the problems and bottlenecks in the system were incorrect. Our project provided a deeper understanding of the current
state and the bottlenecks of the ED, as well as the opportunity

119

to test different improvement scenarios prior to implementation.
Compared to the traditional approach which uses a trial and error
method based on the decision makers’ knowledge and experience,
this approach saved the stakeholders time and money, without the
need to create disturbances or conduct experiments in the real ED.
Combining SMO with data mining, to gain insight into the current state and the configurations of the optimal future scenarios,
proved to be an excellent approach. It reduced the drawbacks of
each technique when they are applied alone. For example, building
a DES model and what-if scenarios may be a very time-consuming
task and, as it is not an optimization technique in itself, the optimal
configuration is not guaranteed. SMO presents a list of optimal or
nearly optimal Pareto solutions from which the decision maker can
select those that are more suitable for a specific situation. However,
making such choices from a long list of solutions is not easy.
Therefore, it is better to apply data mining to extract knowledge
about the best system configurations and variable relations, which
thus can support the decision-making process even more.
It has been demonstrated that FPM has provided knowledge
about individual variables, their relationship and the impact they
have on the objectives, which would have been more difficult to
obtain by just using the visual and statistical data mining technique. In addition, it would have been more complicated to only
use the PCPs to analyze which rules are applicable in a selected
region, as there are so many solutions and combinations. The decision makers were, however, especially positive about the possibility these plots could offer to navigate among the optimal solutions.
Moreover, FPM has provided the authors a way to confirm some of
the conclusions obtained by visualization and statistical analysis,
such as the importance of certain variables. The analyses of the
best and worst range of solutions also provided specific rules that
decision makers will find quite useful when assessing what can be
implemented in the real ED, in their efforts to achieve the goals
defined by SoS.
As far as the purpose of the project is concerned, it was able
to fulfill two of the three objectives defined by SoS. However,
although the TMD objective was significantly reduced, it did not
achieve the defined goal. One of the reasons may be linked to
the constraints that were introduced in the system, and concern
process time reductions and the number of extra resources to add
to the system. Sweden is experiencing an increasing demand for
more physicians and nurses in hospitals. However, besides the cost
aspect, the recruiting process has become a problem, therefore, this
number of extra resources was designated as a constraint. On the
other hand, this study did not consider process flow modification,
which is of significant interest for system improvement. The reduction of the process times may be achieved applying management
philosophies such as Lean and Six Sigma which will help the ED
processes become more efficient. An approach that combines the
techniques presented in this study with the implementation of
Lean, to make the ED processes more efficient, is ongoing work.
One limitation of this study is related to the assumptions that
were made due to a lack of historical data on some processes.
Although SkaS provided electronic records of patient arrival times
and LOS, process data related to administrative tasks, meeting
with the physician times, as well as other staff process times were
not available. This information was estimated and agreed upon
together with the hospital’s subject matter experts. A few time
studies were also conducted to obtain an initial estimation of some
of the missing data. Although these assumptions, affected the accuracy of the model, they were discussed and validated together with
subject matter experts, which resulted in a reliable model for the
support of management decision-making. Nonetheless, although
the model was built with a high level of detail, a few important features were omitted. For example, although the number of
nurses included as resources in the model reflected the real system,
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some of their tasks were not modeled (such as the administrative
tasks, interruptions, etc.). Furthermore, although the departments
connected to the ED, such as X-ray and laboratory, were included in
the model, only those patients sent to these departments from the
ED were also included, other patients from other hospital wards
were omitted. Including these other patients may have an impact
on the conclusions obtained. Moreover, other departments, such
as the operating theaters, which are directly linked to the ED, were
not included in the study.
Nevertheless, the high level of detail of the model made the process of model building and scenario testing a very time-consuming
task. This fact, and that it was the first time the stakeholders were
involved in a study that applied simulation, optimization and data
mining, extended the duration of the project. Since the main focus
of the study initially was to create a simulation model, more than
thirty scenarios were built to test different possibilities and to
satisfy the growing curiosity of the stakeholders. Even though this
was a rewarding process, the lesson the project members learned is
that multi-objective optimization should have been applied much
earlier in the project. Doing this would have enabled the decision
makers to better and more quickly understand how the different
proposed changes would affect the ED. As important as it is to
take informed and evidence-based decisions, it is just as important to take decisions within the allowed time frame. During the
development of the project, the SoS objectives changed, making
their achievement easier for the Swedish EDs. However, the project
leaders decided to maintain the initial objectives as a challenge to
the organization to perform as well as possible.
One of the major challenges to adopting the approach presented
in this study is the knowledge required to analyze and understand
the project’s results. Healthcare managers have very diverse backgrounds and may not have knowledge about OR techniques or even
statistics. This leads to two alternatives: 1) they do not understand
how the techniques work and what they can offer, consequently,
they do not rely on the results; 2) although the managers do not
have the knowledge required, they are willing to try the approach
by themselves (not very common) or in collaboration with the
experts (academics, research institutes or private companies). In
the best case scenario, the second alternative opens the door to
fruitful collaboration between research and practice. This is what
happened in this study, where one of the key aspects for the
successful development of the project was the close collaboration
between the stakeholders and the academia. However, it is important that the results of a project are adapted and presented in a
way that meets the needs and backgrounds of the decision makers
as much as possible.
7. Conclusions and future work
This paper presents an approach in which DES, SMO and data
mining have been used in combination to provide support to decision makers within the healthcare domain. The results presented
in the paper show that these techniques can be used efficiently
to improve healthcare systems in general and EDs in particular.
The combined benefits of the use of simulation, multi-objective
optimization and data mining offer the decision makers the opportunity to take decisions based on a set of optimal solutions.
Moreover, a high level of knowledge about the healthcare system
was extracted without disturbing the daily routines of the real ED.
Obtaining such knowledge would have been extremely costly or
inconceivable, if the approach described in this paper had not been
used. The approach that was adopted following this methodology
of working is the novelty of the paper.
Additionally, we have highlighted the importance and limitations of each technique and shown that the combined use of
these techniques is more beneficial than applying them alone. The

what-if scenarios have demonstrated to be interesting for obtaining a basic understanding of the healthcare system’s behavior,
although building them was an extremely time-consuming task.
The work has highlighted the strength of SMO in its ability to offer
a significant amount of support to decision makers, by providing
nearly optimal trade-off solutions for the improvement of the
system. These solutions include the optimal number of resources
and the required level of improvements for key processes of the
ED. Different visual and statistical data mining techniques have
been used to transform data into information for the decision
makers. The PCP has proven to be interesting for decision-making
purposes, as the decision maker can actually navigate through the
solutions. Furthermore, data mining using FPM has been an easy
way to gain specific knowledge about certain preferred areas of
the solutions obtained by SMO. Although it has confirmed some
of the conclusions obtained via visualization and statistical data
mining, it also has provided additional knowledge about the relationship between different variables, as well as their individual
and combined impact on the objectives. Decision makers have
been given specific rules to take into account, in order to be in the
best or avoiding the worst range of solutions, when future system
improvements are considered.
All the process stages described in this paper, starting with the
initial system understanding and data analysis, as well as including
the modeling, what-if analyses, the solutions obtained via SMO and
the analysis conducted using data mining techniques, have definitely given the stakeholders a much deeper insight into the performance of the ED system and its peculiarities. Furthermore, they
have provided a guidance for the improvement of the ED processes,
without the need for prior testing of proposed improvements in the
real hospital system, consequently saving an important amount
of time, money and resources. This approach could be adopted to
support decision makers in other improvement or new process
design studies of healthcare systems.
Furthermore, the study highlights the importance of improving
a number of variables simultaneously, in order to significantly
enhance the system. Although many possible improvement combinations of the ED were found as a result of the optimization, and
significant progress towards realizing the objectives was made,
not all the objectives defined by SoS have thus far been achieved.
Nonetheless, the TTT objective requiring that 90% of patients
should be attended to in triage within ten minutes of arrival was
achieved by the what-if scenario that proposed opening a second
triage room when three or more patients were waiting in the
waiting room (reducing the P90 value by 55% and the average
waiting time by 65% compared to the real ED). In addition, the
LOS objective of discharging 90% of patients within four hours
was achieved in several ways. One way refers to the what-if
scenario which applied a 50% reduction of the response time for
the laboratory process (reductions in the LOS and TMD values of
about 10%–16% of the average and P90 values were achieved). Also,
the optimization phase demonstrated that many different system
configurations could achieve the LOS objective, the lowest value
constituting a 41% reduction of the objective value, compared to
the real ED. However, the TMD objective which required that 90%
of the patients should have their first meeting with a physician
within one hour of arrival was not achieved. The optimization
revealed an excellent system configuration which reduced the
values of the real ED process by 52.5%, achieving a result of 67
min, which is nevertheless close to the 60 min objective defined
by the SoS. The data mining analysis indicated that the best TMD
results were achieved when the administrative task, laboratory
response time and X-ray response time were reduced by the maximum levels established in the optimization (15, 15 and 20 min
respectively). The number of surgery and medicine physicians also
played an important role in achieving the best TMD results. The
rules obtained offer decision makers important information when
deciding about what should be improved in the ED to achieve
the established objectives. Further optimization runs with other
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configurations of the optimization problem, as well as different
working methodologies for the ED, are currently being tested in
order to achieve the required results.
A key success factor for the correct development of this project
has been the involvement and strong commitment of the hospital
stakeholders who, together with the researchers, worked as a team
during the whole process. This has paved the way for future collaboration including additional studies in the ED and in the operating
theaters of three regional hospitals.
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