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ORIGINAL ARTICLE

Increasing situation awareness in healthcare through real-time simulation

Alison Harpera,b , Navonil Mustafeea and Martin Pittb

aUniversity of Exeter, College of Medicine and Health, South Cloisters, St Luke’s Campus, Exeter, UK; bUniversity of Exeter
Business School, Management Studies, Exeter, UK

ABSTRACT
Research into real-time simulation applications outside of manufacturing environments has
extended to sociotechnical systems such as healthcare over the past decade, where a num-
ber of published studies have demonstrated proof-of-concept models for near-future
resource planning. Using real-time decision-support systems, people take decisions sup-
ported by the output of simulations. However real-time simulation frameworks abstract
human intervention to an “external decision-maker,” with little regard to the complexities of
underlying decision-making constructs, and how design and development decisions can
impact the quality of decision-support. One such construct is situation awareness (SA), which
is a precursor to decision-making. It is a dynamic state of knowledge about how a situation
is unfolding; one approach to enhancing situation awareness is the provision of appropriate
real-time information. We argue that design, development and implementation decisions
should be focused at the interface between decision-making and decision-support. This inte-
grative literature review proposes a SA framework integrating models of SA with a technical
perspective for real-time simulation, to support an understanding of the cognitive needs of
users alongside technical details during the development process. The implications for the
usefulness and usability of real-time decision-support tools are discussed with application to
Emergency Departments.
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1. Introduction

With greater availability of data and computer power,
the last decade has seen an increase in real-time simu-
lation research and its challenges for short-term deci-
sion-support. A 2010 review of real-time simulation
identified applications in power generation, automo-
tives, transport, aerospace, and education (B�elanger
et al., 2010). Around the same time, the approach
began to be proposed in healthcare (Tavakoli et al.,
2008; Marmor et al., 2009). The purpose of the real-
time simulation in this context is to serve as a means
of projecting the development of a situation in an
existing system over a short time period to support
safe short-term operational decisions. To date, few
healthcare applications of real-time simulation have
been published, with research lagging behind that of
other industries.

The application of simulation modelling as a
decision-support tool for complex systems has a
proven track record, supporting an understanding
of the interdependencies between human and sys-
tem variables. The potential value of simulation for
healthcare operational improvement is undisputed
(Jahangirian et al., 2017; Zhang et al., 2020), despite
persistent low evidence of results’ implementation

(Katsaliaki & Mustafee, 2011; Roy et al., 2021). This
lack of successful application of simulation studies
in the healthcare domain has been attributed to the
complexity of healthcare as a sociotechnical system,
which characterises a system as an interconnected
network of people and technology (Klein & Young,
2015; Long et al., 2020). Tasks have high diversity
and are safety-critical, with a large number and var-
iety of dynamically interacting elements, often oper-
ating under time and capacity constraints (Tako &
Robinson, 2015).

Where care is operating close to the threshold of
capacity, as has been the case in the UK for some
years now (Amalberti & Vincent, 2020), the risk of
a critical event occurring is high. A timely response
to a critical situation requires effective short-term
decision-making and adaptive behaviour to maintain
system functioning. The quality of decision-making
can be affected by workload and fatigue (Endsley,
1995; Endsley & Garland, 2000), for example,
unpredictable workload can interfere with effective
decision-making as work demands can exceed the
capacity of available cognitive resources (Levin
et al., 2012). This reduces system resilience by
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reducing the ability of decision-makers to anticipate,
react and recover from critical situations.

With a focus on the needs of the users of the sys-
tem, one approach to improving decision-making
and supporting effective performance is by focussing
attention on the type of information needed when
and by whom to support system goals. Real-time
simulation can provide much-needed information.
However, current conceptualisations of real-time
simulation abstract human decision-processes to an
“external decision-maker,” with little regard to the
complexities of underlying decision-making con-
structs, or how design and development decisions
can impact the quality of decision-support (e.g.,
Aydt et al., 2008; Onggo et al., 2021). Real-time
information can have an important role in contribu-
ting to awareness of the current state of a situation
by updating users’ immediate knowledge and experi-
ence to make fast decisions to inform adaptive
action. This is achieved by enhancing situation
awareness (SA), a knowledge state that is considered
to be essential for decision-making and performance
in dynamic environments (Endsley, 2016; Chiappe
et al., 2015). Loosely defined as a worker’s under-
standing of “what is going on” while interacting with
a complex, dynamic system, SA is an important
constituent in decision-making processes, and can
be enhanced or detrimentally reduced by the intro-
duction of environmental stimuli, including new
information (Endsley, 1995; 2016).

For this reason, we argue in this paper that
design, development and implementation decisions
for real-time simulations should be focused at the
interface between decision-making and decision-
support. Towards this, we propose a sociotechnical
view of real-time simulation. Our contribution is a
proposed high-level framework which embodies
decision-making and decision-support, through an
examination of the construct of SA in the human
factors literature, in particular the highly influential
work of Endsley (1995; 2016), and of real-time
approaches to decision-support in the OR literature.
This is done using an integrative literature review,
which reviews, critiques, and synthesises representa-
tive literature on a topic in an integrated way such
that new perspectives on the topic are generated
(Torraco, 2005). The intention is to initiate new
conversations around the purpose, use, and design
of real-time simulation for short-term decision-sup-
port tools in sociotechnical systems such as health-
care, by re-framing existing understanding. Our
framework can be used to inform methods choices,
conceptual modelling activities and design in real-
time simulation studies in healthcare.

The paper is structured as follows: Section 2
reviews the current state of real-time simulation in

healthcare, and real-time simulation frameworks.
Section 3 reviews theoretical models of SA and pro-
poses a sociotechnical view of real-time simulation
which accounts for human decision-making proc-
esses. Section 4 examines the SA framework with
reference to emergency department short-term deci-
sion-support. Section 5 concludes the paper and
provides pointers for future research.

2. Literature review

Healthcare 4.0, a collective term for data-driven
digital health technologies, is expanding rapidly
toward smart automation, protection of the critical
functionality of healthcare infrastructure, and the
privacy of personal data (Thuemmler & Bai, 2017;
Jayaraman et al., 2020). Within this, real-time simu-
lation has application for dynamic, goal-directed
decisions in systems that continuously make deci-
sions in real-time. A simulation is initialised and
driven by real-time (or near real-time) data, adding
flexibility to the monitoring of operational systems.
Such data applications can be categorised in a
widely-used functional classification (e.g., Shao
et al., 2014):

� Descriptive analytics involve observing real-time
data to understand what is happening;

� Diagnostic analytics involve exploratory analysis
to determine why something is happening;

� Predictive analytics involve prediction of future
observations to determine what is likely
to happen;

� Prescriptive analytics enable the best course of
action to be determined under certain circum-
stances, supporting the ability to influence the
system towards its goal performance.

Adra (2016) outlined how real-time simulation
can be used for descriptive (real-time visibility), pre-
dictive, and prescriptive purposes, while Hoot et al.
(2008) developed a real-time simulation for diagnos-
tic purposes, by indicating where bottlenecks would
result in system congestion. Alternatively, real-time
data may be used with simulation to support differ-
ent stages of a modelling and simulation study
(Mustafee et al., 2020). For example, predictive ana-
lytics using real-time, time-series data can inform
system KPIs for a future system state, which then
serves as the basis for comparing the results of scen-
arios in the experimentation stage of a simula-
tion study.

In healthcare, several examples of real-time simu-
lation have been published. Tavakoli et al. (2008)
and Mousavi et al. (2011) adapted an approach
from manufacturing to healthcare, while Espinoza
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et al. (2014) and Marmor et al. (2009) investigated
the feasibility of real-time simulation in emergency
departments (ED) for short-term resource alloca-
tion. Similarly, Tan et al. (2013) and Bahrani et al.
(2013) developed prototype real-time DES models
for staff planning. Due to the fast-paced, system-
driven nature of the work, ED is a particular focus
of application for real-time simulations in health-
care. For example, Hoot et al. (2008) developed and
validated a DES model to predict a range of ED
operational indicators. Harper and Mustafee (2019a;
2019b) described a model which combined time-ser-
ies forecasting and real-time DES for predicting ED
crowding, while Augusto et al. (2018) proposed a
prescriptive framework for real-time simulation in
ED planning. A self-adaptive framework was pro-
posed by Kotiadis (2016) incorporating model reuse
and sensor automation, illustrated with application
to ED. Outside ED, Oakley et al. (2020) used a
proof-of-concept DES model for hospital bed man-
agement focussing on validation, a technical chal-
lenge as real-time simulation inputs and outputs are
time-dependent. Technical challenges continue to
exist, for example, data acquisition and integration.
However, as cyber-physical systems and enabling
technologies continue to evolve, the interaction
between users and technology presents potentially
more significant challenges.

2.1. Real-time simulation frameworks

The execution of real-time simulation has been in
use in manufacturing systems for decades, using
terms such as “online simulation,” “data-driven sim-
ulation,” “digital twin,” and “symbiotic simulation”
(Onggo, 2019; Onggo et al., 2021). The conceptual-
isation by Fujimoto et al. (2002), adapted by Aydt
et al. (2008), emphasised a mutual benefit between
the simulation and the physical system through a
continuous execution of the simulation and its real-

time interaction with the real-world system
(Figure 1).

This is done via a control feedback from the
simulation to the real system, either through an
actuator or a human decision-maker (Onggo et al.,
2021), and represents a closed-loop system. In a
closed-loop system, there is feedback between the
simulation and the real system, and this feedback
affects the real system. In sociotechnical systems, the
feedback closure is performed via human decision-
making processes. The decision-maker retains con-
trol over the decision and subsequent action, and
any action which changes the physical system will
be subsequently reflected in the real-time data used
to initialise the simulation model. Several authors
have presented similar high-level architectures
(Mousavi et al., 2011; Bahrani et al., 2013; Augusto
et al., 2018; Onggo et al., 2021). In each case,
human intervention is abstracted to an “external
decision-maker” or “decision-process.”

Although much can be done to automate sys-
tems, in sociotechnical systems humans typically still
need to take the information provided to determine
a course of action, which means human judgement
is integral to the decision, and there is always the
possibility of human error. None of the above stud-
ies have addressed this issue, in particular with
regard to how users might interface cognitively with
the information provided by the real-time simula-
tion, alongside their day-to-day work and multiple
competing information sources. Cognitive processes
such as SA are an integral part of decision-making
using information in the environment.

For a decision-support system to constantly inter-
face with the real-world requires some understand-
ing of the “external decision-maker,” namely how
characteristics of human decision-making may be
influenced by design, development and implementa-
tion to maximise efficacy, efficiency and safety. The
next section reviews the literature on SA, a measur-
able construct in cognitive psychology and human
factors which describes the degree to which a deci-
sion-maker is aware of events and elements in their
environment, both spatially and temporally, and the
effect of actions on goals and objectives now and in
the future.

3. Situational awareness framework

SA provides the primary basis for subsequent deci-
sion-making and is a state of knowledge, not the
processes used to achieve that knowledge.
Knowledge is the understanding gained from the
analysis of information (Kuiler, 2014); or informa-
tion combined with experience, context, interpret-
ation, and reflection (Albert & Bradley, 1997).

Figure 1. Symbiotic simulation decision support system,
reproduced from Aydt et al. (2008, p. 112).
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Viewing knowledge as a systemic property of an
organisational system rather than within an individ-
ual supports a sociotechnical perspective, with infor-
mation held by people, artefacts, and their
interactions (Stanton et al., 2017). Boisot and Canals
(2004) saw data, information and knowledge as pos-
sessing specific types of utility: data utility in that it
can carry information about the physical world;
information utility in that it can modify an expect-
ation or state of knowledge; and knowledge utility
in that it allows an agent to act in an adaptive way
upon and within the physical world. Once sufficient
awareness of the situation has been gained, a match
between past experience and knowledge about the
current situation can be sought, which determines
the appropriate course of action (Salas et al., 2010).
The utility of the results of simulation experiments
are their contribution to such awareness.

According to Endsley (1995; 2000), SA occurs at
three levels:

Level 1: The perception of elements in the
environment;

Level 2: Comprehension of their meaning;
Level 3: The projection of their status into the
near future.

Endsley’s (1995) theoretical model of SA illustrates
a closed-loop system with an undefined feedback loop
from the real system that reflects the outcomes of an
action (Figure 2). The feedback may not be immedi-
ate, as the results of actions need to be perceived and
comprehended in the environment. Real-time infor-
mation can support this feedback loop by updating

users’ immediate knowledge, and all real-time simula-
tions share enhancing SA as part of their common
purpose, for example, by predicting near-future
patient volumes or wait-times. Nonetheless, how this
information influences SA is rarely made explicit.

Based on its role in dynamic decision-making, con-
siderable research has investigated the relationship
between SA and a variety of individual and environ-
mental factors (Endsley, 2020). Environmental limit-
ing factors to SA include workload, stress, and system
complexity, and their effects on the ability to process
information and make effective and timely decisions.
Stress and anxiety reduce the capacity of available
memory, such that individuals may be more likely to
rely on external sources of information than internal
memory storage. Endsley (2020) noted that perform-
ance would be impeded where SA is incomplete or
inaccurate, yet competing demands of tasks for atten-
tion can exceed a staff member’s limited cognitive
resources (e.g., Riveiro et al., 2008; Weigl et al., 2020).
While there are many parallels between workload and
performance, as task load increases, workload will
increase but performance can remain stable as a result
of a range of adaptive strategies (Parasuraman &
Hancock, 2001). However, at some point, a sustained
high workload may prevent staff from responding
effectively to an increase in task load demand
(Naderpour et al., 2016). For system design, these dis-
tinctions are important, as designs which support or
improve task performance are different to those
which support SA. Poor information designs can add
to task load, for example, by being difficult to inter-
pret, and can have a detrimental effect on SA and
subsequent performance.

Figure 2. Three-level model of situation awareness in dynamic systems, adapted from Endsley (1995, p. 35).
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People are generally aware of information that is
not the current focus of their attention. This periph-
eral awareness of background information enables
people to rapidly switch attention to new matters if
it becomes salient to them. A common example is
the “cocktail party” effect, whereby in a noisy room,
the sound of a person’s name can focus ones’ atten-
tion. During routine operations, SA is partial and
selective, and varies according to job role and level
of expertise. Consideration of the salience of simula-
tion outputs applies to where and how the informa-
tion is presented and accessed, for example, whether
the user is able to find the information, whether the
information is trigger-activated or continuous, and
to what degree accessing the information interrupts
workflow and stands out amongst the “noise” of
other information sources in the work environment.

Being able to perceive and comprehend a system
state, and make mental projections about the
expected future development is crucial for safety,
particularly where the context is time-pressured and
high-risk (Gillespie et al., 2013; Tscholl et al., 2020).
A major component of the job of a healthcare pro-
vider involves developing SA and keeping it up-to-
date in a rapidly changing environment, requiring
team members to have an understanding of the type
of information needed by others, the devices used to
distribute SA (e.g., visual displays or dashboards),
shared team processes to facilitate information shar-
ing (e.g., communication, coordination, cooper-
ation), and shared mechanisms such as a common
mental model (Salmon et al., 2008). Designing out-
puts that support these processes is therefore crit-
ical. The next section describes our SA framework
for real-time simulation and its value in informing
the design of real-time simulation studies in health-
care and other sociotechnical systems.

3.1 A situational awareness (SA) framework for
real-time simulation in sociotechnical systems

For real-time systems, technical aspects combine
with usability features, as real-time simulations are
usually developed as recurrent-use tools, adding
complexity to conceptual modelling design. We refer
to our contribution as a SA framework as it has
both conceptual and technical elements, and its
intended purpose is to inform the design of real-
time simulations. Additionally, core to our frame-
work is collaborative engagement with stakeholders
to understand the system and its requirements
(Robinson et al., 2014; Tako & Kotiadis, 2015), with
development likely to require collaboration across
all stages of the study lifecycle (Kotiadis et al.,
2014). Jones et al. (2022) developed an overarching
conceptual frame for hybrid simulation, emphasising

the frame’s importance in capturing the why in
hybridisation. Their overarching frame can be used
to inform conceptual model development for hybrid
simulation studies, and to communicate the value of
the chosen approach to modellers and stakeholders.
Similarly, the purpose of our proposed SA frame-
work is to provide a high-level representation of the
system components to consider how to maximise
the system value of the real-time simulation. The
framework operates at a higher level of abstraction
than a conceptual model, which focuses on specific
development decisions such as precise objectives,
inputs, outputs, content etc. (Robinson, 2020). It
can be used to support methods choices; specify the
need for and approaches to collaborative activities;
inform conceptual modelling processes; and support
design, implementation and evaluation decisions
through its broad representation.

Of the many SA models published in the litera-
ture (see Tremblay (2017) for a comprehensive
overview), Endsley’s (1995) 3-stage model of SA in
dynamic systems has been the most influential. Its
closed-loop design can be readily mapped to closed-
loop real-time simulation conceptualisations, such
that the decision-maker creates a control feedback
upon the physical system, while consequent changes
to the data, simulations, and outputs create a con-
trol feedback updating the SA of the decision-
maker. Real-time simulation can output descriptive,
diagnostic, predictive or prescriptive information
(Adra, 2016), alone or in combination with other
methods. Salient outputs support a perception of the
current system state for Level 1 SA, clarity and pres-
entation of descriptive and diagnostic outputs sup-
port comprehension for Level 2 SA, and predictive
and prescriptive outputs support projection of future
states for Level 3 SA.

Figure 3 presents our proposed SA framework
for real-time simulation in sociotechnical systems as
a 2� 2 matrix, which represents the system across
the two dimensions. The social (the decision-maker,
and their decisions and actions), and technical com-
ponents (the physical system and the simulation
model) form the horizontal axes. On the vertical
axes, the physical system and any actions performed
upon it characterise the real system. Representations
of the system are composed of the simulation model
as an external representation of the system (the
model and its outputs can be visualised and are
therefore standardised across all users), while the SA
of human decision-makers forms a mental model or
internal representation (knowledge of the system
state and the effect of actions upon it are held con-
ceptually by decision-makers, and may vary across
decision-makers) (L€ohner et al., 2003).
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SA may be impeded by distractions, stressful sit-
uations, high workload, vigilance failures, poorly
presented or ambiguous information, forgetting key
information, and poor mental models, reducing
human decision quality and speed (Endsley, 2016).
The outputs of the real-time simulation should aim
to guide constrained and enabled safe action, and
design, development and evaluation choices can
ensure these are as intended. Outputs which are
confusing, difficult to understand, incomplete, do
not follow standard procedures, or do not align
with mental models can adversely affect SA by
increasing workload in order to make sense of the
information (Pennathur et al., 2011; Peute et al.,
2013; McGeorge et al., 2015; Dixit et al., 2020).

A degraded state of SA increases reliance on
external sources of information, so poorly perceived
information can result in a negative SA spiral, of
particular importance under high workload condi-
tions (Blandford & Wong, 2004; Brennan et al.,
2020). Our high-level SA framework positions the
decision-maker as a central component of the socio-
technical system, and emphasises the core purpose
of the simulation outputs: to update the users’
knowledge of the current and projected system state
and to ensure the influence of the information on
SA is as intended.

4. The relevance of the SA framework for
emergency departments (ED)

Many features of ED position it as a complex socio-
technical system, and illustrate how it may benefit

from short-term operational decision-support,
including the event-driven nature of the work, and
variable demand and requirements of patients
(Carayon, 2016). ED workflow accounts for both
clinical care and time-limited targets, hence work-
flow is both clinical and organisational, and staff
manage pressures by making in situ adaptations and
goal trade-offs toward safe, quality care (Woods &
Branlat, 2011). Levin et al. (2012) reported growing
evidence of a relationship between ED crowding,
reduced SA, and patient safety, finding the number
of patients managed (i.e., high task load) contributes
most to a reduction in SA and its potential effects
on patient safety (i.e., performance). These features
position ED as a relevant domain for examining the
SA framework.

As described in Section 2, ED has been a particu-
lar focus of work in real-time simulation, character-
ised as the technical represented system in the SA
framework. Here, decisions about appropriate meth-
ods can focus specifically on their contribution to
SA. For example, Aydt et al. (2008) proposed fore-
casting a critical indicator, with simulation to sup-
port system reconfiguration before the critical
condition occurs, offering constant “projected” SA
support. Ardito et al. (2020) proposed the use of a
real-time tool for emergency dispatch integrating
process mining to understand patient flows and
highlight bottlenecks, with simulation to support
system recovery. SA is addressed through the use of
visualisations (perception), process mining (compre-
hension) and simulation (projection). Their focus
was on methods support for each stage of SA to

Figure 3. A SA framework for real-time simulation of sociotechnical systems.
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align the needs of stakeholders with their SA
requirements. Early consideration of interoperability,
focusing on rapidly meeting user needs, and priori-
tising evaluation criteria with stakeholders suggest
the need for collaborative design (Dixit et al., 2020).
This is likely to be required across the study life-
cycle, and identification of methods for addressing
this may form part of the conceptual model-
ling process.

Design features can be used to support the
“external representation” of simulation outputs.
Research on health information system design and
evaluation has provided insights into factors contri-
buting to successful system design, safety-critical
aspects, system user-friendliness and usability. For
example, Dixit et al. (2020) recommended providing
“in-progress” visualisations, and designing for stake-
holders in term of metrics and user-literacy, espe-
cially for inexperienced users. Blandford and Wong
(2004) found that the integration and presentation
of information should support immediate quick-
glance interpretation, with minimal reliance on
“drilling down” for details, or comparing informa-
tion sources. They also found that the level of cer-
tainty in the information should be indicated; this is
considered important for predictive analytics used
for decision-support (Petropoulos et al., 2022).

SA is structured and supported by an underlying
mental model. The “external representation” of
information informs the “internal representation,” or
mental model, of users, hence the importance of
design and understanding workflow when develop-
ing and implementing new technology for decision-
support. Weigl et al. (2020) reported that high rates
of interruptions were significantly associated with
low levels of ED providers’ SA. Whilst ED clinical
staff continuously cope with disruptions and inter-
ruptions, technical malfunctions and other interrup-
tive workflow environments impede SA, hence
technology-related disruptions should be avoided.
When implementing technologies in ED, factors
such as proximity to staff task-space, amount of
view detail at a time (quick-glance view vs. inter-
active scrolling), and amount and type of interaction
need to be considered (Pennathur et al., 2011). In
addition, researchers need to be aware of the impact
of real-time simulation implementation on second-
ary task performance in a multitasking domain,
where additional information can potentially hinder
performance in tasks using other technologies.
Investigation of such features may form part of an
evaluation plan as part of the overall study design.

A collaborative design process should drive devel-
opment, putting the needs of stakeholders at the
forefront of the design and development process. In
ED, where task load is high, the importance of this

cannot be understated if the outputs are to be used
by frontline staff for informing adaptive behaviours.
Where medium-term planning is proposed, a differ-
ent range of considerations may apply, however
usability, clarity, accessibility, accuracy, and reliabil-
ity remain essential concerns which require stake-
holder engagement and testing. Addressing these is
likely to require a context-dependent design, imple-
mentation and evaluation plan.

5. Discussion

In this age of Industry 4.0, interest in the use of real-
time simulation outside of manufacturing environ-
ments has extended to sociotechnical systems such as
healthcare, where a number of published studies have
demonstrated proof-of-concept models for near-future
planning. Developers of real-time simulation models
should view themselves as system designers, investi-
gating the needs of users with design and develop-
ment decisions alongside technical development. At
this interface lies the cognitive construct of SA, the
dynamic state of knowledge which perceives and
interprets environmental information, and projects
the state of the environment into the near future to
inform decisions and action. A real-time simulation,
alone or in combination with other methods, provides
information that can support perception, comprehen-
sion and projection of the system state through
descriptive, diagnostic, predictive and prescriptive
information.

Our proposed SA framework can inform methods
selection, including collaborative activities. It can sup-
port the conceptual modelling process by providing an
overarching conceptualisation. Finally, it can enable a
structured approach to design and development.
Without this focus, at best, the real-time simulation
may deliver additional noise in an already noisy envir-
onment; at its worst, it may impact on the ability of
users to make safe decisions, reducing, rather than sup-
porting system resilience. At a time of rapid evolution
of real-time simulation tools in multiple domains,
focusing efforts on technical challenges are essential,
but without simultaneously attending to the needs of
the decision-maker, these tools will continue to remain
“proof-of-concept” in sociotechnical systems. In emer-
gency care, where the majority of real-time simulation
applications have been proposed and tested, there is
significant opportunity to advance real-time simulation
prototypes toward implementation.

This paper opens up substantial opportunity for
further research. Studies which take a SA approach
to information design recognise the methodological
challenges in studying this area. Wickens (2000)
summarised Endsley’s conceptualisation of SA, with
particular regard to measurement, while Endsley
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(2020) reviewed a wide range of subjective and
objective SA measurement tools to draw conclusions
around their divergence. For example, Endsley and
Smolensky (1998) discuss the use of controlled
laboratory settings; while Blandford and Wong
(2004), Dixit et al. (2020) and Weigl et al. (2020)
relied on observations and qualitative data in natur-
alistic settings. A weakness of the qualitative
approach is getting reliable data at times when the
requirements of SA are highest. For example, where
safety-critical tasks rely on verbal communication, a
think-aloud protocol can interfere with task per-
formance, distracting staff during periods of high
workload. Nonetheless, real-time simulation tools
should be tested under realistic conditions with
experienced staff, and for measuring SA, a range of
validated methods are available (e.g., Pennathur
et al., 2011).

People have low self-awareness of their own SA,
so shortcomings can be difficult to detect qualita-
tively (Wickens, 2000). Endsley (2020) argued that
subjective measures of SA appear to better reflect a
person’s confidence in their SA, which independ-
ently affects performance. A person who has poor
SA but is overconfident is likely to act confidently
and incorrectly, and may even influence the actions
of others. This has design implications, as overconfi-
dence in incorrect model outputs that reinforce
faulty mental models will lead to poor decisions
(Sulistyawati et al., 2011). Yilmaz and Liu (2022)
suggest that simulation design should be context-
sensitive to mitigate against over-trust as well as dis-
trust. One approach to design support is the use of
participatory modelling and simulation approaches
(e.g., Kotiadis & Tako, 2021; Tako & Kotiadis, 2015;
Robinson et al., 2014), which can facilitate complex
sociotechnical applications through communication
and collaboration. Problem structuring methods and
other qualitative techniques can enable exploration
of SA during the model development lifecycle,
alongside addressing technical challenges such as
accessing and protecting sensitive data, interoper-
ability, and model validation.

While our framework has been discussed in rela-
tion to healthcare, the underlying principles are
more generally applicable where real-time simula-
tions are used for decision-support, such as educa-
tion, transport control and crowd management. In
each case, there is a need to develop the simulation
model with an awareness of the needs of users and
stakeholders, and a design, implementation, and
evaluation plan that considers the relevant features
of usability, safety, efficiency, and efficacy. Ignoring
the needs of human decision-makers can result in
failed implementation, or worse, implemented

models that negatively impact decision-making and
reduce safety.
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