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ABSTRACT

Hybrid Simulation (HS) has been applied to healthcare systems, but there is still limited literature and an
opportunity to develop research. This review explores applications of HS in healthcare, to outline research
gaps and foster new research in HS to solve complex real healthcare problems. The twelve application
papers found through a systematic literature search covered nearly all hybrid combinations. Discrete Event
(DES) and System Dynamics (SD) were found to be the most popular combination, and AnyLogic, the
most used HS tool. We found that none of the papers we reviewed used the SD-ABS approach, which raises
questions about the need and challenges associated with certain combinations. HS in healthcare
applications, for the most part, are published in conference proceedings. We discuss opportunities for
research and, in particular, the potential for HS application in problems related to communicable disease
and healthcare services planning.

1 INTRODUCTION

Simulation has modeled many aspects of the healthcare system (e.g., Emergency Room (ER), home care,
and surgery and recovery) over the last 40 years. Eldabi et al. (2018) argued that healthcare problems have
multiple aspects and rarely possible to capture all of them in one single model using one method. Hybrid
simulation (HS) provides modelers with the flexibility to combine simulation methods to conduct the
modeling of complex systems. Indeed, mixing simulation methods is useful in representing different aspects
of a complex system that cannot be tracked by a single simulation method. Hybrid simulation can be defined
as “one single conceptual simulation model that, when implemented in computer software, uses more than
one simulation paradigm” (Mustafee et al. 2017).

The number of HS publications in healthcare corresponds to 22% of articles in HS (Brailsford et al.
2019), which is indicative of the importance and potential for HS in this application domain. Most of the
papers have a theoretical or methodological approach, discussing the framework (Zulkepli and Eldabi
2015), providing a taxonomy (Lynch and Diallo 2015) and boundaries between the concept of HS and
multi-methodologies in OR (Mustafee et al. 2015a). Not much is put forward to explore the implementation
of HS in healthcare (Brailsford et al. 2010). This paper puts forward an analysis of HS applied to healthcare.
More specifically, the main contributions of this work are to (1) identify gaps in the combinations of
simulation methods forming HS models in healthcare; (2) be the first study to use Brailsford et al. (2019)
framework to analyze the hybridization process of these applications in healthcare; and (3) look at the
opportunities of applying stakeholder engagement to HS in healthcare given the growing interest in single
simulation methods (Tako and Kotiadis 2015).

The paper has further six sections. Section 2 provides an overview of the literature in simulation and
Hybrid Simulation, discussing terminology, model type, and HS framework variables. Section 3 describes
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the methodology adopted in this review. Section 4 brings broad findings to the selected papers, and sections
5 and 6 are dedicated to discussing the gaps found by this review and the conclusion, respectively.

2 BACKGROUND LITERATURE

2.1 Simulation in Healthcare

This section will address the main simulation techniques of Discrete Event Simulation (DES), System
Dynamics (SD), and Agent-Based Modeling (ABM) (Brailsford et al. 2019). Table 1 shows some examples
of papers of single simulation techniques to problems that are comparable to the ones we have found when
exploring applications using HS. We have categorized these into three main healthcare areas. The category
of hospital management includes all hospital departments as well as outpatient clinics. Disease management
explored the spread of the transmission process of communicable diseases, disease screenings, and health
policies. Healthcare system planning encompasses all efforts to evaluate policies that affect a whole system
(e.g., social and health care). Some papers focus on a more significant number of healthcare categories to
ours (e.g., Roberts 2011). However, we have purposefully kept to fewer categorizations due to the limited
number of HS application papers that we are subsequently exploring with the same categorization.

Table 1: Examples of works that applied single simulation methods.

Category Authors Method Main problem Manﬁagnesment
Lane et al. SD Evaluate the waiting time in an A&E by testing hypotheses | Operational
% (2000) related to restrictions of bed capacity.
S g Chen, et al. DES Improving appointment scheduling at an outpatient center. Operational
% 2 (2015).
TS Pessoa et al. DES Improve surgical center management at a hospital, with a Operational
= (2015) historic low volume of surgeries as a consequence of
restriction on capacity.
- Kasaie et al. ABS Study Tuberculosis (TB) transmission dynamics and the Operational
o S (2013) role of various contact networks by using a hierarchically
§ %,_‘ structured population.
-‘DL’ @ Evenden et al. SD Study the Chlamydia infection dynamics within a Operational
g (2005) population, incorporating the behavior of different risk
groups.
<3 Bayer et al. DES Evaluate changes in protocols that address the delivery of Operational
:‘; IS (2010) stroke care, leading cause of death, and severe long-term
L ‘_g_ disability.
= c Rashwan et al. SD Analyzing the dynamic flow of elderly patients in the Irish | Strategic
T 2 (2015) healthcare system and how it affects the demand for
2 healthcare services.

DES is frequently applied to hospital management type of problems such as the planning of healthcare
services process (Katsaliaki and Mustafee 2011) and to improve patient flow at healthcare facilities
(Abdelghany and Eltawil 2017). SD is applied for evaluating public health policies (Katsaliaki and
Mustafee 2011) and for comprehending the complicated relationship between operating rooms and other
hospital departments as well as the dynamic of disease in a specific population (Giinal and Pidd 2010). In
contrast, ABS is commonly employed when the complex interaction between heterogeneous agents or
elements (clinicians versus patients; mosquitos versus humans) is essential to comprehend the dynamics of
a system (Nianogo and Arah 2015). In the case of healthcare systems, “everything affects everything else”
(Eldabi et al. 2018). Besides, “it is impossible to isolate one part of a healthcare system from the rest of the
system without severely compromising the usefulness of the model in practice” (Mustafee et al. 2015b). In
this regard, Hybrid simulation (HS) captures different parts of a system and is thought to overcome the
drawbacks of modeling with single approaches (Brailsford 2015).
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2.2 Hybrid Simulation and Hybrid Model

A few terms have been employed to HS. For instance, the mix of simulation methods (Morgan et al. 2017),
composite models (Viana et al. 2014), a hybrid model (Chahal and Eldabi 2008), modeling & simulation
approach (Fakhimi et al. 2014) and multi-paradigm model (Diallo et al. 2010) are some of those synonyms.
Few authors recognized a difference between HS and the hybrid model (or multi-methodology). Mustafee
et al. (2015) differentiate the HS definition from Hybrid System Modeling (HSM). For those authors, HS
encompasses the exclusive application of simulation methods, while HSM is ‘the combined application of
simulation with methods and techniques from disciplines such as applied computing, computer science,
system engineering’ to any stage of modeling lifecycle.

Additionally, simulation methods can be grouped in several ways. Mustafee et al. (2017) argued that
there are three most common simulation methods to be mixed: DES, SD, and ABS, and consequently four
HS models: DES-SD, DES-ABS, SD-ABS, and DES-SD-ABS. In contrast, Arisha and Rashwan (2016)
included Monte-Carlo Simulation (MC) as a fourth simulation technique, broaden the number of possible
HS models.

DES-SD model is not a new topic in the OR community, being the most popular hybrid approach yet.
Brailsford et al. (2019) show that the DES-SD combination is the most widespread, representing 52 of the
135 publications within different fields (e.g., manufacturing, energy, healthcare, construction). SD-ABS
and DES-ABS have not been as popular as DES-SD; however, they have been explored more often than
DES-SD-ABS, according to data released by Brailsford et al. (2019). Monte Carlo (MC) has not been a
popular method in HS (Arisha and Rashwan 2016), representing only 3% of the HS models in their review.

2.3 Hybrid Simulation Framework and Components

The simulation lifecycle is defined as the group of stages that guide modelers over the cycle of simulating
a real-world problem. Robinson (2004) proposed the framework of a four-key stage (conceptual modeling,
model coding, experimentation, and implementation) in developing a simulation project.

Similarly, Chahal and Eldabi (2008) proposed a framework for the DES-SD model in healthcare.
However, their framework covers the initial phases exclusively for defining the problem and for selecting
the variables for this type of model. Zulkepli and Eldabi (2015) introduced a similar framework, also for
the DES-SD model in healthcare, however, with three stages (conceptual, modeling, and communication
phases), covering the whole stages for a simulation process, similar to Robinson (2004). Brailsford et al.
(2019) put forward a framework to describe five areas of variability when mixing simulation methods,
regardless of the context (Table 2).

Table 2: Framework to explore variability in hybrid simulation-based on Brailsford et al. (2019).

Areas of variability inHS  peFINITION CATEGORIES
S Defines how the simulation methods H1 - Enriching

Model Hybridization interact in an HS H2 - Sequential

(Stage 2: Model coding) H3 - Interaction

H4 - Integration

. Defines how the exchange of data occurs 11 - Automated
Model Integration process

(Stage 2: Model coding) between software that may be used for 12 - Manual
) HS. I3 - Supported by intermediate tools
Defines if the model input data is primary ~ S1 - Real-world
Model Input Sourcg (collect for this study) or secondary S2 - lllustrative
(Stage 2: Model coding) (collected not only for this study). S3 - Mixed ( primary and secondary data)
A — States the approach used to ensure the V1- Statistical approach checking
\g?r'f'cgt'én &_Vah?a;fuon accuracy of results and the adherence of V2 - Expert validity or qualitative validity
(Stage 3: Experimentation) o e to the real system. V3 - Both — expert and statistical validation
Implementation States whether the proposed model was IM1 - Proof of concept
implemented in real life or not. IM2 - Potential, but not real

(Stage 4: Implementation)

IM3 - Evidence of real implementation
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The inclusion of those areas of variability into a framework is useful to understand the development of
a hybrid simulation model (Onggo 2014). The categorization from Table 2 was included in Table 3 in order
to understand the mixing simulation methods in HS better. We are not aware of the framework being
adopted as such for the analysis of HS literature.

A few studies proposed frameworks with ABS. For instance, Nasirzadeh et al. (2018) also proposed a
framework for combining SD-ABS with five main steps: (1) Selecting simulation method, (2) Determining
the modeling system hierarchy, (3) Defining information flow path; (4) Selecting HS type and (5) Defining
interface variables. Although this framework has similarities with the DES-SD frameworks cited above,
this work was only tested and applied to construction projects. On the other hand, Mittal and Krejci (2019)
proposed a DES-ABS generic framework for a regional food hub, with two main steps with a focus on the
integration of both methods.

3 SEARCH & METHODOLOGY
Figure 1 shows the phases of the systematic literature review adopted in this review.

DATA BASE SEARCHING

s
8
Eg Scopus = 656 ProQuest = 500 Web of Science = 295
c
ﬁ \ J
Y
Number of records through database searching - Number of records removed after
1451 deduplication
158
' Number of records after Number of records excluded on basis of title and
E‘ deduplication - abstract (clearly not about Operational Research
< 1293 and Healthcare)
@ 1228
Q
£ ¥
- - - Number of records
Number of full articles screened (only included papers Operational excluded (not Hybrid
research field rel::stsed to Healthcare ) » Simulation in healthcare)
23

A 4

= 2 Number of papers purely Hybrid Simulation in Healthcare Number of records

@ = (including case studies and purely theoretical or methodological » excluded (theoretical or
) papers) methodological papers)
oo 42 30

Case Studies - Hybrid Simulationin
Healthcare
12

©
20
QT
@ 3
Q
&£

Figure 1: Phases through the systematic literature review.

This study adopted the flow of information through four main phases - identification, screening,
eligibility and included (Figure 1), based on the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-analyses) guidelines, used for many review papers in healthcare (Shamseer et al. 2015;
Cassidy et al. 2019). The first phase was carried out using the search for the following keywords: “multi-
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method*” OR “Hybrid model*” OR “mixed model*” OR “multi-model*” OR multi-paradigm OR “coupled
model” OR “composite model*” OR “multi-resolution model*” OR “multi-formalism model*” AND
“healthcare®” through three electronic databases: Scopus, ProQuest, and Web of Science.

4 ANALYSIS OF PAPERS

41 Publications Overview

We have identified 12 articles of hybrid simulation in healthcare. Although this review identification phase
has not restricted the year of publication, the subsequent filters naturally resulted in case studies published
after 2012. Most of the studies were published as conference proceedings. Five papers were from Norway,
three from Poland, two from the UK, one from Canada, and another from the US. Furthermore, the five
Norwegian papers have Viana as the principal author, and Mielczarek and Zabawa authored the three Polish
articles. Regarding the framework (Brailsford et al., 2019), all papers have used real-world data (S1) to feed
the model. The most common hybridization was sequential (H2) and interaction (H3). In terms of the
integration process, five papers presented an automated (H1) integration, and one has the support of an
intermediate tool (13). In general, it was not possible to evaluate all the areas of variability in the framework
for all papers, since most of them have not reported information about the V&V and implementation. The
next sections will explore each of the combinations of simulation approaches found in the twelve papers as
well as the value-added through the hybridization by showing a comparison between a single approach
(Table 1) and the HS models (Table 3).

4.2  Discrete Event Simulation and System Dynamics

Seven cases applied the DES-SD combination in simulation, making it the most common hybrid
combination. While five papers addressed the hospital management problem, two were dedicated to disease
management issues. None have addressed questions related to healthcare system planning. Likewise, all
papers have explored the operational and strategic perspectives of the problem in the analysis.

Half of the DES-SD models reported the commercial packages used with noted differences in these or
combinations to enable HS. For instance, He et al. (2013) developed their DES model in Flexsim (SD
software) for representing the orthopedic clinic. Viana et al. (2014) used two software: Vensim and Simul8,
and Tejada et al. (2014) modeled in Arena. Mielczarek and Zabawa (2017) also used Arena but combined
with ExtendSim9.

Regarding the areas of variability (Table 2), six papers reported their model hybridization as sequential
(H2), which means that the models remained independent with each method fulfilling a specific purpose,
and they had a small overlapping, where information was exchanged between them. In Viana et al. (2014)
and Tejada et al. (2014), the DES part represented a hospital outpatient clinic. However, SD was used to
model the infection process of Chlamydia infection in the community, and the impact of policies on the
screening and treatment of breast cancer in the US, respectively. In both works, the conceptual model
clearly shows the DES apart of the SD model as well as the key element that connects both methods into
an HS model. Similarly, He et al. (2013), Mielczarek and Zabawa (2016), Mielczarek and Zabawa (2017),
and Mielczarek et al. (2018) presented the same pattern in their conceptual model.

All papers had the model input source classified as real-world (S1), and two papers mentioned
implementation as potential but not real (IM2). Additionally, only Viana et al. (2014) explained the use of
excel (I13) to integrate both methods as well as the challenges of connecting two distinct commercial
packages that use different programming languages.

Some of these papers (He et al. 2013; Viana et al. 2014; Tejada et al. 2014; Morgan et al. 2016) briefly
discussed the stakeholder involvement; however, none of them explicitly cited official facilitated
approaches, frequently used in simulation studies that apply stand-alone methods.
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Table 3: Summary of papers included in this review.

Category Authors HS model | Software Man?egnesment Real problem or study purpose S;Zgzzmgﬁ:
. Evaluating the costs incurred for . .
= -(r;éii? etal. ?HEZSSE)D Arena Strategic screening exams on treatment of Exlps)glrJtSs sions
"E’ ! breast cancer.
[<3]
? Gaoetal. REE'SD' AnvLogic | Strategic Comprehending the rising rates of | NOT
2 (2014) yL-og g diabetes and diabetic ESRD. REPORTED
E (H3,11,51)
§ . DES-SD Comprehending the relationship Discussion
[a) élg?z)et al. (H2,13,51, \S/RANUS Il_'\él Strategic between the disease spread and with clinic
IM2) the increase on demand at clinics. | staff
Comprehending the demand .
Vianaet al. DES-ABS . Strategic; uncertainty due to an increase in qulabqrgtlon
(H3,I1,S1, | AnyLogic > . . 1 with clinic
(2018) IM2,V3) operational the size of the hospital’s staff
' catchment area in Norway.
Quantifying the potential impact . .
He et al. DES-SD . Strategic; of an overbooking policy, not Interview with
(2013) (H2,S1, Flexsim operational only from a strategic but also key
IM2) p - stakeholders
rom an operational.
Planning the radiotherapy Semi-
Morgan et DES-SD Not Strategic; treatment, giving the treatment structured/
- al. (2016) (H3,S1) Reported operational complexity and changes in Unstructured
= é treatment regime. interviews.
= g Mielczarek DES-SD Not Strategic; Studying the_lnfluence of long- NOT
8 © and Zabawa : term population changes on the
I é (2016) (H2,S1) Reported operational demand for healthcare services REPORTED
Mielczarek DES-SD Areng; Estimating the level and structure NOT
and Zabawa (H2,51) Extend Strategic of the demand for healthcare REPORTED
(2017) ' Sim 9 services
Evaluating the increase on
Mielczarek DES-SD Not Strategic; demand for healthcare services, NOT
etal. (2018) | (H2,S1) Reported operational giving the age structure of Polish | REPORTED
population.
) DES-ABS ) Analysing the ef_fects of long- _
Viana et al. (H3.11,S1, | AnyLogic Strategic; term demographic changes on Series of
(2016) IMZY) B yLog operational future demand for healthcare workshops
services.
E, Viana et al. (DH%SIiA‘ElS Anylogic | Strategic Evaluating the_effectiv_eness of Supported by
:’>), o (2017) IMZY) B the home hospital service. stakeholders
LE
Q S DES-SD- . . .
£2 Vianaetal. | ABS AnvLogic | Strategic; Eve(;luatm% tfhe ;mp?ct 0‘: age!ngt Ftuuyh I
= (2012) (H3.11,S1, yLogic operational on demand for treatment againsta | stakeholder-
¢ IM2) visual impairment in the elderly. driven

4.3  Discrete Event Simulation and Agent-Based Model

Three studies combined a DES-ABS simulation (Viana et al. 2016; Viana et al. 2017 and Viana et al. 2018).
Viana et al. (2016) have represented an obstetrics department at a Norwegian hospital, by having DES
modeling the hospital system with its obstetric wards and ABS for patient entities, containing demographic
and patient pathways information. Yet, Viana et al. (2017) and Viana et al. (2018) have modeled home
hospital services and overdue pregnancy outpatient clinics, respectively. Similar to DES-SD models, the
DES-ABS combination had DES representing a medical facility (hospital or outpatient clinic). However,
ABS was used to model different kinds of behavior or communication within the agents.
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Viana et al. (2017) and Viana et al. (2018) had its start point upon their previous experience in modeling
the obstetrician department (Viana et al. 2016). Besides all similarities, only the latter addressed the model
conceptualization, presenting two models: a pure DES and a hybrid DES-ABS model. According to Viana
et al. (2016), the dynamic of building the DES model before the HS model supported the stakeholders’
comprehension of the HS model. All studies have used AnyLogic software, which enabled all simulation
methods to be modeled in the same software. Nothing was mentioned over validation and verification in
Viana et al. (2016) and Viana et al. (2017). However, Viana et al. (2018) stated that the clinic staff judged
the model accuracy. Additionally, an interface between AnyLogic and software R allowed post hoc
analysis. This paper has provided further details on validation.

Regarding the other areas of variability in HS, all works had the model hybridization classified as
interaction (H3), the model integration process was automated (11), the input source was real-world (S1),
and the implementation was potential, but not real (IM2).

All articles mention the involvement of stakeholders in the conceptualization phase. Viana et al. (2016)
mentioned that a ‘series of workshops’ supported the data collection; however, the approach used during
the workshops was not explained in the paper.

4.4  Discrete Event, System Dynamics and Agent-Based Model

DES-SD-ABS model represents the most complete and complex approach in the HS spectrum. By joining
the three most popular methods in simulation, the modelers explore the three levels of a system: macro,
‘meso’, and micro (Djanatliev and German 2013), offering a top-down and a bottom-up perspective.
According to Brailsford et al. (2019), from a total of 139 papers, 14 papers have been published this
combination of simulation, with 8 of these being case studies and six frameworks. This review searched
two papers in the DES-SD-ABS model: one for disease management problem (Gao et al. 2014) and another
for health system planning (Viana et al. 2012).

Viana et al. (2012) developed a model in which DES represented the clinic, SD models were used for
modeling the process of sight loss for each eye, and ABS explored the social care scenarios by representing
the ‘health, history, and other individual-level information. Gao et al. (2014) developed a model for
evaluating the impacts of upstream and downstream interventions to patients with the diagnosis of diabetes.
While DES captured the impact of resources available, SD characterized “the evolution of the health, body
weight, and (pre-diabetes) diagnosis status of non-diabetics ”. ABS modeled the individuals with diabetics
in order to “capture social network effects and geographical information” (Gao et al. 2014).

Regarding the areas of variability in HS, there is no information about model input source or verification
and validation. If we compare this to stand-alone DES studies, this is unusual. Pessoa et al. (2015) and
Chen et al. (2015), papers cited in Table 1, have validated the proposed model. For instance, Pessoa et al.
(2015) applied statistical tests, and Chen et al. (2015) compared the model outcomes with current data. In
terms of model implementation, both papers had it as potential but not real (IM2), repeating the same pattern
of previous models. Model hybridization was by interaction (H3) and model input classified as automated
(12). Both classifications might be a consequence of using AnyLogic. Yet, the model integration process
was stated as the real-world (S1).

Finally, the involvement of stakeholders was not clearly detailed over both papers. Viana et al. (2012)
only stated that a “fully stakeholder-driven ” approach guided the model development, not giving full details
on which methods were employed in their study. Likewise, Gao et al. (2014) did not explain the methods
adopted for collecting data or developing the model.

4,5  Hybrid Simulation versus Single Method Approach

The comparison of papers in similar healthcare contexts of stand-alone methods (Table 1) and HS model
(Table 3) provided some initial thoughts that would ultimately need to be explored in a more comprehensive
study. Firstly, regarding the management lens, HS brought another perspective to problem-solving, while
single approach papers analyzed the problematic situation from an operational perspective only. Combining
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SD and ABM with DES brought a strategic perspective when comparing to papers, only deploying DES to
model the system. A possible explanation for this might be in the nature of SD. Modeling a system as stocks
and flows and allowing this macro-level modeling. Similarly, ABS depict the behavior, however, at an
individual level (Siebers et al. 2010), which can enhance both the operational and strategic understanding.

Secondly, applications using single methods and those using HS have been chosen to address similar
problems in all categories (e.g., disease management, hospital management), but we note that HS could
capture more relevant details, allowing a higher ‘closeness’ to the problematic situation. Consequently,
“this higher level of details would allow for asking questions not answerable through a more general
model” (Mustafee et al. 2015a). For instance, Viana et al. (2014) built a model to address questions related
to the spread of an infectious disease. Instead of building a pure SD model (Rashwan et al. 2015), they
included a DES model, representing the medical facility’s capacity for the disease treatment. As a
consequence, the model allowed the researchers to make conclusions about the increase of untreated
patients in the long-term, giving the clinic performance and operational restrictions. In contrast, Evenden
et al. (2005) applied a pure SD approach to understanding the same disease; however, representing the
dynamics of infection exclusively.

Further comparisons of the review papers through Table 1 and Table 3 were not possible. A possible
explanation for this might be that HS papers in healthcare are still only found as conference papers and, by
their nature, are less detailed than journal articles. This makes comparisons with single methods challenging
and potentially misleading. However, future research should address these comparisons, which will
ultimately reveal the added value that can be gained from hybridization.

5 DISCUSSION

5.1  Potential Application Areas and Challenges for HS

Healthcare systems are multi-faceted systems in constant changes, influencing and be influenced by many
agents within (e.g., health policies, health entities, patients) and outside (e.g., economy, politics) its
boundaries. In the comparisons, we generally found that stand-alone studies using one simulation method
are likely to limit their approach to one dimension of the system, as it was shown in section 2.1 and section
4.5.

In line with previous studies, we showed the prevalence of the DES-SD model and the lack of studies
that applied DES-ABS or DES-SD-ABS models in healthcare. Equally, frameworks (Chahal and Eldabi
2008; Zulkepli and Eldabi 2015) were already proposed to DES-SD models in healthcare; however, not
much is reported for the other hybrid combinations (Mustafee et al. 2015a). Nasirzadeh et al. (2018) are
one of the few examples of studies, which proposed a framework for the SD-ABS model; however, it was
only applied to construction projects. Under certain assumptions, this study might support modelers to
develop an SD-ABS framework to healthcare, giving its lessons learned in proposed it to the complex
environment of construction projects.

This review confirmed a few challenges faced by HS regardless of the application context, but these
would also be relevant to healthcare problems. Eldabi and Young (2005) argued that there is still a
significant gap in developing models in which human behavior, ‘especially as related to patient choice.’
We believe that this might be due to difficulties in collecting a high level of details, especially related to
intangible variables (e.g., psychological and social factors). “Higher level of details demands more
components, and when these components do not exist, more assumptions ” are added to the model (Mustafee
et al. 2015a). Future researches could be devoted to this issue by exploring the application of the DES-SD-
ABS and SD-ABS models. Especially the second one, which did not have any case in this review.

Furthermore, this review sustained that validation and verification might be a challenge for HS
modeling in healthcare. Only Viana et al. (2018) have briefly explored this theme to their DES-ABS model.
A possible explanation for this might be that validation is already a complex process for stand-alone
methods, and considering that HS involves different methods, it becomes more complex and requires a mix
of distinct approaches (e.g., quantitative and qualitative). Eldabi et al. (2018) argued that the validation of



Horsti dos Santos, Kotiadis, and Scaparra

the SD and ABS model differs from the DES validation. While DES requires statistical methods, the SD
involves a face validity with the expert analysis over the whole simulation lifecycle. In contrast, ABS
traceability would require a micro-level analysis of each relationship between agents in the system. Micro-
level analysis potentially increases the time and costs to develop and implement a model, which can make
it unfeasible from a business standpoint (Mustafee et al. 2015a). A long time to develop a model might also
be the justification of the high number of papers, which reported their study as “potential, but not really”.
Similar to Viana et al. (2016), it is probable that they were in the early stages by the time of their publication.
However, the nature of healthcare problems is such that a valid model validity could be an arguably safer
model to use for decision making.

Finally, our review put forward examples of HS models in addressing multidimensional problems of
the healthcare system. Many context areas still not covered, and further research should be undertaking to
investigate the potential of HS in addressing these. For example, HS could be applied to study the impact
of infectious diseases. Currie et al. (2020) showed the contribution of simulation to reduce the effect of
COVID-19. HS could support key regional (country) and organizational decisions over the three phases
(preparedness, response, and recovery) of the COVID-19 pandemic to address decisions related to the social
distance, staffing, hospital capacity, and health & well-being. The benefits of HS can also be used for
modeling non-communicable diseases (e.g., diabetes), study the impact of new medical interventions or
changes on policies that can affect the entire healthcare system. Additionally, HS could potentially support
Global Challenges relating to healthcare. With the primary goal of “involving and protecting health
worldwide ” (United Nations, 2020), United Nations has an agenda with several priorities in health, since
communicable diseases (e.g., tuberculosis and venereal disease) to universal health coverage. Giving the
complexity of each country, HS could cope with demographic trends, epidemiological profiles (e.g., SD
method of HS modeling this), behavior (e.g., ABS of HS modeling this), and health care services (e.g., DES
method of HS modeling this) in an integrated view for each region (country or macro-regions).

5.2  Stakeholder Engagement

Itis argued that simulation studies that involve stakeholders throughout its lifecycle are keener to implement
its findings (Young et al. 2009). Several studies explored the topic for stand-alone simulation methods in
healthcare (Tako and Kotiadis 2015; Lame et al. 2019). In our review, none of the HS studies consider
stakeholder engagement in the simulation lifecycle. Studies outside the healthcare domain (Jones et al.
2019) recently showed the gains of engaging stakeholders throughout the HS modeling process, so there is
potential.

This study considers the use of soft OR methods for the involvement of stakeholders shown to be useful
in stand-alone simulation studies (Tako and Kotiadis 2018). Some of THE studies we reviewed have
mentioned the use of interviews or workshops for understanding the problematic situation; however, the
use of those qualitative methods is not enough to infer that soft OR methods were part of their approach.
Thus, future research should be devoted to exploring the benefits of using soft OR approaches throughout
the HS modeling, highlighting the gains of involving the stakeholders from conceptualization to model
implementation.

6 CONCLUSION

Simulation has been applied to the healthcare system over the last decades, and HS has shown promise and
potential. However, there are still opportunities for further research. We identify that stakeholder
engagement is still a domain to explore in HS, similarly to the manner it has been applied to single methods.
Additionally, we also encourage more HS case studies to be reported in healthcare, those combining SD-
ABS models, which was not found by this review, and DES-SD-ABS that might bring a novel worldview
to HS in healthcare in connecting different dimensions of the system enabling a strategic and operational
lens.
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