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Abstract

The paper describes grand challenges in healthcare simulation for the next ten years. We
consider challenges within seven themes that are likely to have the greatest impact on health-
care simulation during the next decade: digital twins and real time simulation, open science for
simulation, validation, improving the integration of the health system, decision support, includ-
ing human behaviour, equity and health inequality. Drawing on previous work in the area, we
suggest directions that healthcare simulation research may follow and the associated challenges.
Our aim is to help shape the research agenda in this important area.

Keywords: Simulation, healthcare, grand challenges, discrete event simulation, agent based
modelling, system dynamics

1 Introduction

President Barack Obama introduced a series of grand challenges during his time in office, describing
them as “ambitious but achievable goals that harness science, technology, and innovation to solve
important national or global problems and that have the potential to capture the public’s imagina-
tion,” 21st Century Grand Challenges (n.d.). Although capturing the public’s imagination is less
relevant in our case than it would be for a political party or a government, it is important that we
solve problems that are relevant outside the academic bubble. The challenges we describe below are
a mixture, with some designed to address topical problems in healthcare and others that aim to take
advantage of new advances in modelling and simulation and apply these to healthcare problems.
The challenges should be achievable within a decade as looking further ahead is dangerous in a
fast-moving research area.

As a simulation community, we have developed grand challenges in simulation around once per
decade with the original Workshop on Grand Challenges for Modelling and Simulation (M&S), held
at Dagstuhl in Germany in 2002, organized by Richard Fujimoto, W. H. Lunceford, Jr., Ernest H.
Page and Adelinde M. Uhrmacher (Dagstuhl 2002). A subsequent panel session was run at the
Winter Simulation Conference (Taylor et al. 2012), with similar panels at SpringSim and the first
SIGSIM-PADS conference, both in 2013. The results of these panel discussions are summarised in
Taylor et al. (2013) in which Sally Brailsford stated the main challenge for healthcare M&S was
around implementation, citing generic or generalisable models as a possible way of both ensuring
widespread application of simulation models and avoiding reinventing the wheel. Simulation reuse
is picked out again in what follows as an area where advances could be very beneficial to healthcare
simulation.
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It is interesting to look back on the grand challenges set out for simulation methodology and
think how these impact on the grand challenges for healthcare simulation. In 2016, Barry Nelson
suggested that the new challenges in analysis methodology, the research area related to statistical
challenges of simulation modelling, were a result of three key developments (Nelson 2016). First,
cheap and effective data storage; second the ease of carrying out parallel simulations; and third
the growing interest in risk analysis, prediction and control rather than system design. He went on
to describe the then nascent field of simulation analytics. This was picked up later that year by
Charles Macal (Macal 2016), who gave an overview of agent-based simulation (ABS) and described
current challenges. Among these, increasing credibility and transparency in ABS is particularly
relevant in healthcare and is touched on below, but also a need for increased use of hybrid models
and the development of large-scale simulations. The challenge and opportunity of Industry 4.0 for
simulation is described in Xu et al. (2016), who describe how simulation optimisation can be used
to support operational decisions, drawing on real-time data from the system. These ideas feature
in the topic areas we describe below: improved ABS that incorporate more data on individuals;
education and open science to improve the transparency of modelling; and the use of digital twins
to support real-time decisions.

The aim of this paper is to draw on expertise and experience to determine the grand challenges
in healthcare M&S in order to set the research agenda for the healthcare simulation community.
The suggestions included below draw on a panel session at the Winter Simulation Conference in
2022, discussions at ORAHS 2024 and subsequent discussions between the authors. While the
fundamentals of healthcare are the same across the world, the practice and, in particular the funding
of healthcare, varies between different countries. We are aware that we represent only a small number
of countries and there may be challenges for simulation within other healthcare systems that we have
not identified in this work.

The paper is split into seven themes, chosen to represent the broad areas that we believe will
be most important to the future direction of healthcare M&S. These areas have been chosen as a
result of their importance to global health and the possibility of methodological insights. Many of
the key ideas we discuss match the ideas for future directions of research in Operational Research
(OR) in healthcare described recently by Beliën et al. (2025), but our categorisation is different
as we organise by methodology rather than application area and focus on topics most relevant for
simulation research. The areas are as follows: digital twins and real time simulation; open science for
simulation; validation; improving the integration of the health system; decision support; including
human behaviour; equity and health inequality. Within each area we provide a description of its
scope, an overview of recent literature and a discussion of the important future directions. Most
importantly, each section concludes with a list of challenges. At the end of the paper we draw some
general conclusions and combine the challenges together into five grand challenges, which synthesize
these more detailed challenges around some common themes.

2 Digital Twins and Real Time Simulation

The increase in the amount of real-time data that systems produce has led to opportunities for
developing methods that utilise these data to feed simulation models that can forecast the near
future (e.g. Hoot et al. (2008)) and support operational decisions. Understanding the potential
impact of digital twins on healthcare and how the M&S community can learn from their application
in other areas to make them work in healthcare is an important topic. Below we define digital twins
and then go onto discuss potential application areas and obstacles to their implementation before
describing this theme’s challenges.
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2.1 Introduction to Digital Twins

A digital twin is a virtual or digital counterpart of a real system that should reproduce its important
features, allowing the digital twin to be used for forecasting and decision-making. Biller et al.
(2022) includes a set of required characteristics for a digital twin developed by the Digital Twin
Consortium: a physical representation; a virtual representation; synchronisation between physical
and digital representations at a pre-specified frequency and fidelity; an ability to learn and adapt
that leads to improved virtual models and enhancements in physical representations.

Key to digital twin technology is that there is a two-way flow of information, allowing updates
of the system state to be transmitted to the digital twin and recommendations and/or forecasts to
be transmitted to the real system. A digital twin need not be a simulation model but could be a
machine learning (ML) or statistical model. Within engineering, the digital twin may be used to
describe a physical object or process and the most common use of digital twins in healthcare is in
personalised medicine, where the digital twin describes the patient’s health state. We focus instead
on cases where the digital twin describes a health system. There is still some ambiguity in the
terminology and authors have used the term symbiotic simulation (Onggo et al. 2020) or real-time
simulation (Harper, Mustafee & Pitt 2023) to describe modelling paradigms that are very similar
to digital twins.

Two ways in which digital twins have been used for process modelling are as follows.

• System monitoring. A model is constantly running in the background being fed by real-time
data and will issue an alert when there is a problem, perhaps also returning a potential solution.

• System analysis. The digital twin is used to run a query using the current state of the system
as an input. Typically it would output the best policy to follow but it could just be used for
forecasting.

Within healthcare, system monitoring can be useful for providing early warning of problems within
a hospital. For example, Hoot et al. (2008) forecasts crowding in emergency departments (EDs) and
Oakley et al. (2020) design a whole hospital model that assesses the likelihood of demand exceeding
supply. Their work continues into system analysis as they also evaluate revisions to the elective
admissions schedule based on up-to-date data on the state of the hospital.

2.2 Applications of Digital Twins in Healthcare

Digital twins and real-time simulation are particularly useful for short-term, operational decision-
making. Due to the need to account for patient care, we anticipate the majority of digital twin
systems having a human in the loop rather than implementing automated decisions.

We are aware of more work modelling EDs than other areas, perhaps due to the focus on short-
term decision-making. Heib et al. (2023) develop a digital twin discrete event simulation (DES)
model that aims to optimise real-time allocation of staff to account for surges in demand. Forecasting
future usage levels in the department based on the current situation is covered in Hoot et al. (2008),
and these ideas are extended in Harper & Mustafee (2019a), which describes a hybrid simulation
model that uses forecasting to trigger simulation experiments. One of the key advantages of using
a digital twin in these cases is being able to simulate future trajectories from the current system
state, which Hoot et al. (2008) shows produces more accurate forecasts of usage.

Other areas with the potential to benefit from digital twin simulation methods include ambulance
dispatch; intensive care modelling; and bed planning. As we discuss in the next section, there are
challenges to implementing digital twins that may have made them slower to in healthcare settings
than in other applications such as manufacturing.
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2.3 Obstacles to the Development of Digital Twins in Healthcare

A lack of availability of high-quality real-time data is the biggest obstacle to the use of data-driven
simulation methods. While many hospitals are moving to digital recording of activities, there are
many examples of either paper records or delays in data becoming available and accessible on hospital
systems. The time stamp data that are typically collected may also not be ideal model inputs. For
example, transaction data may record the start time of each activity but not the finish time, making
it difficult to estimate distributions for activity durations.

As with all simulation modelling, poor training data can result in bias in the output results. This
has the potential to be exacerbated where models are being parameterised automatically, without
sufficient oversight. Understanding how the inability to obtain high quality, detailed, real-time data
impacts on the accuracy of the recommendations is important. This may also help to reduce the
amount of information that is transferred, improving the speed of the computation without reducing
the quality of the solution.

Run speeds of simulation models can also be prohibitive. Real-time decision-making requires
results to be returned quickly and when the model is being designed for decision support, fast
simulation optimisation methods should be considered, as discussed in Xu et al. (2016).

Security concerns are a major obstacle to the development of digital twins in healthcare as cyber
attacks can have many implications. The connection between digital model and physical system is a
point of risk that could be exploited to gain access to data and information on the operation of the
physical twin. At the extreme, with a closed-loop model, this could also provide opportunities to
corrupt data or cause undesired effects in the real-world system. Any future healthcare digital twin
will need to be designed securely. We do not include this as a challenge for simulation researchers as
it lies within the field of cyber-security but raise it as a potential obstacle to implementing digital
twins in health systems.

2.4 Integration with Agentic Artificial Intelligence (AI)

An area of opportunity for Digital Twins in healthcare is integration of AI methods and in particular
AI Agents and multi-agent systems. An agent can be thought of as autonomous software that
perceives its environment, makes decisions, and takes actions to achieve specific goals, often learning
and adapting over time. Unlike traditional AI models, agents can operate independently, plan, and
execute multi-step tasks without continuous human input (Sapkota et al. 2026). Contemporary
agent methods employ Large Language Models (Brown et al. 2020), such as Anthropic’s Claude or
Meta’s Llama for planning and reasoning about tasks as well as a range of other tools available
within its environment.

In an agent paradigm, a Digital Twin becomes one of several tools available to the agent; for
example, a human surgery planner might prompt an agent to help them optimise a draft schedule over
a seven day planning period. An agent coordinating this task may orchestrate multiple specialised
agents: simulation agents that operate the Digital Twin, optimisation agents that refine schedules,
and communication agents that interface with hospital booking systems and patient contact systems.

An agent may decide to perform additional tasks before or after the Digital Twin is run. For
example, based on the predictions of the Digital Twin, the agent may set up and run a specialised
simulation-optimisation procedure, summarise and report findings and alternative schedules to the
human user, or in cases where waiting lists permit, provisionally book patients for surgery and
contact them with updated scheduling information. Agents might also periodically monitor real-
world conditions and re-run the Digital Twin to provide dynamic adjustments to schedules as the
state of the hospital begins to deviate from the simulation. Given the critical nature of healthcare
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decisions, these agent systems would maintain human oversight at key decision points; for instance,
requiring surgeon approval before scheduling modifications that affect patient care pathways or
resource allocation. Such implementations would rely on the systems being user-friendly and easy
to use.

2.5 Challenges for Digital Twins and Real Time Simulation in Healthcare

Challenge DT.1 Generate a set of success stories of how digital twin simulations are used in all
aspects of real healthcare systems. It is important that these examples are reproducible to allow
sharing of best practice and enable a better practical understanding of how data-driven simulation
can be useful.
Challenge DT.2 Create reparameterisation and hot-start methods that are robust to the data not
being available or being of a low quality. These should include ways of reducing bias in the outputs
due to inaccurate, out-of-date or unbalanced data. This is particularly important in cases where we
are using patient characteristics to guide the model recommendations.
Challenge DT.3 Develop methods for quantifying how much state information is needed in order
to make a good decision. The state information we refer to here is the data on the current status of
the system that is passed to the simulation model before requesting decision support.
Challenge DT.4 Determine best practice for human-in-the-loop decision-making via real-time or
digital twin simulations. This will include work on best practice for the presentation of results
and is important for encouraging the use of digital twins, particularly where complex simulation
optimisation methods are used. The aim should be that decision-makers have an accurate picture
of the confidence they can place in the results.

3 Open Science for Simulation

Open Science aims to make research processes and outputs widely accessible, promoting trans-
parency, credibility, and reuse of computational artefacts (Pouwels et al. 2022, Munafò et al. 2017).
In simulation, this represents a shift from publishing only journal articles to sharing research arte-
facts throughout the study lifecycle: conceptual models, computer code, data preprocessing scripts,
and peer reviews. In Open Science terminology these are referred to as research artefacts. Computer
models can be permanently archived online with licenses that enable reuse and proper attribution.
When implemented using Free and Open Source Software (FOSS) (Dagkakis & Heavey 2016) and
web technologies (Wojciechowski et al. 2015, Monks & Harper 2023b, Smith & Schneider 2020),
models become more accessible to diverse users. One such example is the New Hospital Programme
(NHP) Demand model by The Strategy Unit (Strategy Unit 2026), which aims to provide a nation-
ally consistent, transparent model to guide and inform hospital and community healthcare planning
by forecasting future demand for inpatient healthcare as well as scaling potential opportunities for
the left shift from secondary care to neighbourhood health. The model code is fully open sourced
and fully documented and is being used in Trusts across the nation.

Open Science encompasses several dimensions including Open Data, Open Materials, Open
Methodology, Open Access, and Preregistration of protocols (Haim et al. 2023), as well as Open
Infrastructure and Open Policy (Taylor et al. 2017). Research studies may only be partially open
across these categories; for example, publishing electronic health records is often legally complex, but
researchers can publish metadata documenting extraction criteria or synthetic data (Gomes et al.
2022) to enable verification and reuse.
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3.1 Open Science initiatives in simulation

3.1.1 Reporting Guidelines

Open methodology, particularly meticulously documented simulation models and studies, can be
supported by existing simulation reporting guidelines. These guidelines take various forms: from
general guidance to worked examples to structured checklists. The latter is more popular in health
research, with many guidelines published on the Enhancing the QUAlity and Transparency Of health
Research (EQUATOR) network1.

Key simulation reporting guidelines include: the ‘ODD’ (Overview, Design concepts, and Details)
protocol for ABS (Grimm et al. 2020, 2010, 2006); the Strengthening the Reporting of Empirical Sim-
ulation Studies (STRESS) checklists for DES, ABS and system dynamics (SD) (Monks et al. 2019);
ISPOR-SDM general principles (Eddy et al. 2012); minimum and preferred reporting checklists for
SD models (Rahmandad & Sterman 2012); and a generic checklist for DES in Health Economic
Evaluation (Zhang et al. 2020).

These guidelines differ in their support for Open Materials and Open Data. ISPOR-SDM encour-
ages non-confidential model sharing to enhance transparency but does not mandate it. Zhang et al.
(Zhang et al. 2020) focus solely on logic and validation without prompting for material availability.
STRESS similarly includes prompts rather than requirements for making materials and parameters
available, including how models can be accessed. In contrast, the preferred requirements of Rah-
mandad & Sterman (2012) ask users to publish source code. Both STRESS and the preferred SD
reporting requirements require detailed software environment and hardware specifications.

3.1.2 Initiatives to Test the Reproducibility of Simulation Results

The Association of Computing Machinery (ACM) defined reproducibility as the ability of different
researchers to recreate the results of a simulation study using the same research artefacts as the
original researchers. Research can be verified as reproducible privately without model code being
published openly; e.g. within an academic institution or as part of a closed peer review process. It
is therefore useful to distinguish between reproducible research and open reproducible research.

The ACM Replicating Computational Results (RCR) 2 and the Journal of Simulation’s Model
Reproducibility Initiative (JOS-MRI) 3 offer optional peer review of computational artefacts. Refer-
ees provide an open report on the method and review outcomes, awarding badges such as ‘artefacts
available’ or ‘results replicated’. Both initiatives validate ‘results reproduced’ (using the original
artefacts), while ACM also offers a badge for ‘results replicated’ (using independently coded arte-
facts).

These initiatives are currently limited to specific simulation journals. Healthcare simulation
authors publish in diverse journals outside of this portfolio that lack reproducibility review infras-
tructure. Thre are also some challenges for the initiatives: reviews require substantial reviewer time,
and may be infeasible where hardware or software is complex, proprietary, or computationally de-
manding. However, hardware limitations are relatively rare in healthcare simulation, where standard
packages like Arena and Simul8 dominate for low-to-medium complexity models (Monks & Harper
2023a), though reviewers still require proprietary software access.

1https://www.equator-network.org
2https://www.acm.org/publications/policies/artifact-review-and-badging-current
3https://www.theorsociety.com/ORS/ORS/Publications/JOS-MRI.aspx
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3.1.3 Free and Open Source Software and Supporting Infrastructure

Recent initiatives to support Open Materials in computer simulation in health have begun to leverage
FOSS and its related online infrastructure and tools. In FOSS, Free stands for Freedom and not
cost to a user and this is operationalised by open licensing that grants rights (freedoms) and terms
for others to reuse, redistribute the original, adapt, and publish derivative software and code. These
are often referred to as the four essential freedoms of FOSS4. There are many licenses available that
grant the freedoms while removing author liabilities for reuse, protecting patents, controlling future
licensing, and making it a legal requirement to credit the original authors. We refer readers elsewhere
for more details (Taylor et al. 2017, Monks et al. 2024, Janssen et al. 2020). When a license is not
included, software and code is not FOSS. Authors retain exclusive copyright and legally others do
not even have the essential freedom to run the software. A simulation author must explicitly grant
others the four freedoms to reuse their computer model.

FOSS simulation projects that support Open Materials include developing novel modern simu-
lation packages such as ciw (Palmer et al. 2019, Palmer & Tian 2023), tutorials in R and Python
for creating and deploying runnable versions of models on the web (Monks & Harper 2023b, Smith
& Schneider 2020), and methods for automating packaging and deployment of models (Smith et al.
2023, Harper, Monks & Manzi 2023). To complement these FOSS studies, open infrastructure has
also been introduced to enable long term archival of open models, and facilitate discovery. Relevant
model archives include the Peer Models Network (Harvard et al. 2022), and the The Network for
Computational Modelling in the Social and Ecological Sciences (CoMSES Net; Janssen et al. (2008)).
These are dedicated model archive sites and in the case of CoMSES Net support model citation via
a Digital Object Identifier. Other more general archival tools exist that offer similar benefits such
as Zenodo5 or academic institutional archives.

3.2 How Open is the Healthcare Computer Simulation Literature?

A systematic scoping review of 564 DES studies in healthcare from 2018 to 2022 provides a limited
view of the field’s openness (Monks & Harper 2023a). Of these, only 47 (8.3%) cited a published
computer model, and just 29 were open models utilising FOSS. In total, 72 studies that used FOSS
simulation tools did not share their code. Best practices were rarely followed with less than half of
the published models including an open license, failing to grant essential reuse freedoms, and only
seven were permanently archived and citable. This puts the majority of published models at risk of
being lost to the community. While 72 (12.8%) of the studies mentioned using a reporting guideline,
the review did not assess the quality of the documentation. The healthcare DES literature appears
less open than ABS models. A 2018 review of 7,500 articles found that 18% of ABS models were
available (Janssen et al. 2020).

Even when models are shared, there is no guarantee that the results are simple to reproduce. An
empirical assessment of eight openly shared healthcare DES models found that reproducing results
required up to 28 hours of troubleshooting per model, with only half being fully reproducible (Heather
et al. 2025). The primary barriers were the absence of open licenses, discrepancies between reported
and coded parameters, and missing code to generate outputs and figures. The study concluded that
the authors could address these issues with relatively little effort by including an open license and
sharing all materials used to produce the article.

4https://www.gnu.org/philosophy/free-sw.html
5https://zenodo.org/
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3.3 Barriers to Open Science

In health, medicine, and biology, a number of surveys have been completed to understand attitudes
and barriers to Open Science practice (Pouwels et al. 2022, den Eynden et al. 2016, Samota & Davey
2021, Hrynaszkiewicz et al. 2021). A general finding is there is perceived benefit from Open Science.
For example, a survey in health economic evaluation (Pouwels et al. 2022) found that the researchers
believed that open source models increase transparency (92%), efficiency (76%), reuse (86%), and
credibility (75%). Although Open Science is viewed positively, overall uptake of open practices in
research remains low due to a number of perceived and practical barriers.

3.3.1 Barrier 1: Open Science Knowledge

In general, a substantial barrier to Open Science is a lack of relevant education and training. Early
to mid career researchers (ECRs) have been shown to be more willing to engage with Open Science
and good research practice (Hrynaszkiewicz et al. 2021), but also report that they do not have the
required knowledge or are not fully supported in the the uptake and implementation of Open Science
(Zečević et al. 2021, Gomes et al. 2022). One explanation for ECRs not publishing code is insecurity
and lack of confidence in the standard of code they have produced (Gomes et al. 2022, den Eynden
et al. 2016, Hrynaszkiewicz et al. 2021). In the UK, the Wellcome Trust (den Eynden et al. 2016)
has called for the need for increased training in research to support code development standards,
documentation practices, and licensing.

3.3.2 Barrier 2: The Work Associated with Open Science

Adopting an Open Science approach to research involves modified or new research workflows, and
potentially additional work to undertake within a simulation study. The time commitments required
to share models are frequently reported to be a disincentive for researchers (den Eynden et al. 2016,
Hrynaszkiewicz et al. 2021, Gomes et al. 2022, Nature Biotechnology 2019). This work can include
annotating and quality control of code, data, software dependency management, containerisation,
and documentation. To mitigate time requirements, it is recommended that Open Science workflows
to spread the effort required over time are designed into studies from the beginning (Allen & Mehler
2019). In the context of healthcare simulation, Monks & Harper (2023a) found that researchers
using Github tended to have only a small number of commits; this could be as low as 1 included at
the end of project to commit the final model.

3.3.3 Barrier 3: Concerns about Open Materials

Pouwels et al. (2022) surveyed the Professional Society for Health Economics and Outcomes Research
(ISPOR) and identified concerns about inappropriate reuse of computer models by third parties
(misuse), including unregulated model modification. A limitation of the survey is that it does not
consider knowledge of open licensing options, which can, for example, permit reuse, limit commercial
use, require attribution, or require all derivative work to also be released under the same license
terms. The survey also did not explore attitudes towards potential misuse following recreation of
well-documented models from journal articles.

A secondary concern is scooping, where materials are used by others to conduct analyses the
original authors had planned but not yet completed, potentially harming academic careers. However,
others argue that scooping risk is overstated and that Open Science benefits should be weighed
alongside concerns (Gomes et al. 2022). For example, Open Materials and Open Data improve early
career researchers’ citations, collaborations, and funding opportunities (McKiernan et al. 2016).
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3.3.4 Barrier 4: Methods for Simulation using FOSS

Although simulation is a mature discipline, relatively little research has been conducted into novel
methods to enable reuse of computer models developed using FOSS. Barriers include installation of
models, accessibility (ease of use) of FOSS models versus models developed in commercial software,
and the availability of packages supporting hybrid simulation.

In healthcare, it may be both researchers and health services that wish to reuse and adapt
computer models. Both categories of user may be blocked from reusing a FOSS model due to complex
installation requirements and software dependencies. Remote hosting of models with browser based
interfaces has been proposed as a potential solution (Smith & Schneider 2020, Monks & Harper
2023b), but these solutions do not help health services that have sensitive data/parameters that
cannot be uploaded to a remote service (Smith et al. 2022).

The use of hybrid simulation, combining DES, SD, and ABS, is on the rise in healthcare (Kar et al.
2022). These models are typically implemented in AnyLogic. In the FOSS ecosystem, Ciw provides
a demonstrable method to hybridise DES and SD models in FOSS (Palmer & Tian 2023), while
the Business Prototyping Toolkit bptk-py allows for hybrid SD and ABS models (Schroeck 2020).
However, the lack of a unified FOSS framework covering all three methods substantially limits the
use of FOSS for hybrid simulation. Researchers making use of Anylogic can openly publish models,
but others must then purchase an appropriate license in order to reuse or adapt models for research
or application in a health service.

The most popular FOSS for DES in health are written in Python or R (Monks & Harper 2023a).
Models are typically code based with limited options for animation (salabim being an exception;
(van der Ham 2018)), and no user interfaces for model building and experimentation. In comparison
to commercial simulation software, this can pose an accessibility (ease of use and high learning
curve) barrier for new users. There is limited literature proposing methods to increase accessibility
of FOSS models (Monks & Harper 2023b, Smith & Schneider 2020, Wojciechowski et al. 2015). In
many cases this barrier may force users to abandon FOSS tools and a full Open Science approach
in favour of commercial simulation tools.

While simulation’s value in healthcare is clear, model reuse remains limited. Most healthcare
simulation studies do not openly share computer models or adhere to Open Science best practice.
An overarching grand challenge for Open Science in computer simulation is to increase the quality
and volume of Open Data, Methods, and Materials to enable model reuse in research and health
services.

3.4 Challenges for Open Science in Healthcare Simulation

Challenge OS.1 Create a comprehensive body of training materials to support open science work-
flows for computer simulation. This should cover simulation development using FOSS, open licensing
and intellectual property, documentation and archival best practices, and deployment and mainte-
nance of models. Training materials should be open, modifiable, and easily discoverable.
Challenge OS.2 Develop methods and tools to reduce the time and effort barrier associated with
open science practices. This includes streamlined approaches to documentation and deployment;
solutions to the installation problem for models with both public and private data; improved dis-
coverability through standardised metadata.
Challenge OS.3 Enable and simplify hybrid simulation methodologies in FOSS environments.
Currently, hybrid simulation combining DES, SD, and ABS is predominantly implemented in com-
mercial software like AnyLogic. While FOSS options exist for specific pairings, the fragmentation
of these methods limits accessibility and model reuse in healthcare. The challenge is to support all
three methods within a simple unified FOSS framework.
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4 Validation

Validation is the process of determining whether a simulation model accurately and credibly repre-
sents the real-world system it is intended to simulate. Without a validation procedure we cannot be
sure the simulation outputs are sufficiently accurate, or that system behaviour has been captured
well.

In simulation in general there are two strands to validation that when combined, provide the
evidence to defend model predictions. The first of these involves examining the internal components
of a model, including logic and input distributions, to ensure that individual elements accurately
reflect the real-world system being modelled. Due to the complexity of healthcare systems, this
step is essential in healthcare simulation to ensure the modeller (often not a clinical expert) has
captured key behaviours correctly. Involving model stakeholders in this process can be a key to
building model trust; see Tako & Kotiadis (2015), who outline a process for facilitated modelling.
Within this process a modeller will consider the balance of complexity vs. accuracy within the
model. Robinson (2023) includes a discussion on the benefits of simple models.

The second strand of validation involves comparing the model output to observations from the
system of interest within a period where the system has been observed. For traditional simulation
studies, i.e., where a model is used offline, parameterised with historical data, and is used to make
one-off policy or operational decisions this procedure is carried out once to check for alignment be-
tween the model outputs within a historic period. Whereas for digital twins and sustainable/reusable
models this procedure needs to be repeated, possibly many times. This is where many of the grand
challenges for validation lie in healthcare simulation due to barriers on data access. However there
is also an argument that as a scientific/simulation community we should be advocating for better
data collection that would improve the process of model validation for digital twins and beyond. For
an in-depth look at building and validating simulation models see Law (2022).

Within the NHS there has been a shift to using TREs (trusted research environments). A TRE
is defined within the Goldacre review, (Goldacre & Morley 2022), as a secure analytics platform
designed to facilitate access to NHS patient records data for research and analysis while minimizing
privacy risks and maximizing public trust. The goal is to be secure, transparent and robust, and
avoid the need for data dissemination to countless individual sites. Whilst important for protecting
patient information, such environments can block the establishment of automated links between
data and a model and thus the construction and validation of digital twins. The additional knock
on effect of this is that making decisions in real-time (simulation for operational decision-making)
becomes infeasible. One output the Goldacre review (Goldacre & Morley 2022) is the recognition
that continuing with current practices risks missed opportunities, data access monopolies, outdated
working methodologies and unnecessary duplication all of which come at high cost. In the United
States (US) work is progressing towards a centralised country-wide TRE with the claim that this will
enable a unified approach to health data exchange for, amongst other benefits, quality improvement
and scientific research, see (Abbasi et al. 2025). Section 2 includes more detail on challenges specific
to digital twins. The validation challenge therefore concerns how we validate real-time behaviour of
adaptive simulation models in a tightening regulatory environment.

This challenge is remedied to some extent by the release of public datasets. In recent years the
amount of publicly available healthcare data released directly by the NHS, the Office for National
Statistics (ONS), registries or healthcare studies has been increasing. However, the lag between
data collection and data release, often due to internal validation checks, can be lengthy, meaning
the validation periodicity can be long. This goes against the real-time nature of digital twin models
and could lead to a drop in model performance between validation exercises. There are also always
questions around the data quality of these releases, and the lack of granularity of the data can limit

10



the ways in which it can be used.
There has been interest in producing synthetic datasets for use in health research that in some

cases are applicable to validation. Synthetic datasets share the same data structure and some or all
of the statistical properties of the original data; for example, variable names, data types, univariate
distributions or correlation across variables, but do not contain specific data relating to any real
individual. In effect, they are a data set of simulated individuals. At the time of writing, in the UK
examples include the NHS’s Artificial Data Pilot6 and Clinical Practice Research Datalink (CPRD)
synthetic datasets7. Synthetic datasets are modelled directly on the raw data. Methods to generate
the datasets can be as simple as univariate sampling, but some attempt to preserve relationships
in the original data using Bayesian Networks and also ensure that original patients cannot be re-
identified using differential privacy (Tucker et al. 2020). In England, researchers can also apply
for access to GP records via Open Safely8 a secure, transparent, open-source software platform for
analysis of electronic health records data. Researchers build queries and analyses on synthetic data
sets before sending off their code to be run on the real data. In this way patient data is never moved
outside its secure environment.

For simulation in general, the rise of interest in digital twin models has driven the need for
new methodology enabling continual validation. Questions exist around the optimal periodicity of
validation and the optimal inclusion of input data. Bitencourt et al. (2025) provide a literature
review of validation for digital twins and conclude that there is a lack of a standard methodology for
the validation and verification of digital twins. Recent methods include the work of Rhodes-Leader
& Nelson (2023) for identifying misalignment between twins in the presence of stochastic noise,
Laidler et al. (2025) who provide a means for dynamic model validation using shapelets and Morgan
& Barton (2025) where statistical process control methods are performed on a Fourier transformed
queue-length simulation trajectory which can be used to identify divergence between the real-world
and twin.

4.1 Challenges for Validation in Healthcare Simulation

Challenge V.1 Determine how we can validate real-time behaviour of adaptive simulation models
in a tightening regulatory environment.
Challenge V.2 Support the creation of high fidelity synthetic data sets and use these to validate
simulation models.
Challenge V.3 Advocate for better data collection aligned with modelling needs.

5 Improving the Integration of the Health System

Healthcare systems are highly complex and composed of numerous interconnected components. This
makes it extremely difficult to predict their overall behaviour by simply considering each individual
component (World Health Organization 2012). This section discusses the extent to which simulation
has been used to model integrated healthcare systems. We then discuss the importance of, oppor-
tunities for, and obstacles to developing integrated healthcare simulations, and present the grand
challenges in this area.

6https://digital.nhs.uk/services/artificial-data
7https://www.cprd.com/data/synthetic-data
8https://www.opensafely.org/
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5.1 Integrated Healthcare Simulation Modelling

The majority of healthcare simulation studies tend to focus on individual units such as EDs or
surgical suites, with comparatively fewer studies attempting to model multiple healthcare units or
systems (Brailsford et al. 2019). Five different forms of integrated models are introduced below.

Integration within a single hospital considers modelling multiple departments or services within
a single institution to understand their interdependencies. Integrated modelling remains narrow in
scope, with most studies focusing on modelling operating theatres (Rachuba et al. 2024). For exam-
ple, Heider et al. (2022) developed a master surgery schedule that incorporates capacity constraints
in linked intensive care and recovery units. While many publications use simulation to model hos-
pital EDs, relatively few consider the perspective of downstream hospital units. One of the recent
exceptions is Oakley et al. (2020) who simulated multiple hospital wards in real-time to predict bed
demand.

Links between a hospital and external services connect hospital operations with services such am-
bulance, primary care, and community care. Examples include Onen-Dumlu et al. (2022) who used
DES to model flow between hospital and step-down intermediate community care and Abeysooriya
et al. (2025) who used open-source UK NHS data to model the effect of delayed discharge on hospital
operations.

Co-ordination across different hospitals describes modelling networks of multiple hospital facili-
ties. Rutherford et al. (2022) simulated multi-hospital critical care networks in Canada, motivated
by the high demand for these services during the COVID-19 pandemic. In the UK, Anagnostou et al.
(2022) developed FACS-CHARM, a hybrid ABS and DES model to support COVID-19 management
at a regional level. The hybrid approach used ABS to capture individual-level transmission dynam-
ics and DES to model the partient flow and health service resource allocation. Harper & Mustafee
(2019b) used the NHSquicker app to support urgent care networks, by using DES and forecasting to
detect overcrowding ahead of time. This study shows how considering multiple hospitals in a region
can be used to balance load.

Disease-specific pathways capture the patient journey across the full care pathway from diagnosis
to rehabilitation. Brice et al. (2023) used a hybrid SD and ABS to model disease progression and
treatment pathways for depression in Wales, capturing the impact of service capacity on disease.
Other examples include Gjerloev et al. (2025) who developed a configurative ‘Cancer Pathway Sim-
ulator’ DES tool for modelling cancer pathways, and England et al. (2021) who used DES to model
lung cancer pathways in Wales and experimented with scenarios to alleviate bottlenecks.

Population and policy-level integration simulation models go beyond individual healthcare or-
ganisations to incorporate population-level dynamics and the broader policy environment. The
COVID-19 pandemic motivated a recent surge in studies using simulation to model pandemic re-
sponse. Other examples include healthcare workforce planning e.g. Leerapan et al. (2021) used SD
to address mismatches in health workforce supply and demand under Thailand’s Universal Health
Coverage and a SD study of neonatal health in Uganda (Semwanga et al. 2016) explored the im-
pact of interventions such as community health education, incentive programs, and improvements
in service delivery on reducing neonatal mortality.

5.2 The Importance of Integrated Modelling in Healthcare Systems

Integrated models are essential for capturing the complexity and interdependence inherent in health-
care systems. An integrated approach enables system-wide thinking and helps stakeholders make
better decisions that reflect real-world complexity.

Simulation models that consider units of the health system in isolation and not in their wider
context are unlikely to produce meaningful outputs. For example, a model that optimises ambulance-
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to-emergency department patient delivery is of limited practical value if the ED lacks the capacity
to receive those patients. Similarly, accelerating hospital discharges through process optimisation
will be unproductive unless appropriate capacity is available in community care facilities.

Integrated models are also needed to avoid spillover effects, where a change implemented in one
component of the system indirectly impacts another component outside the model’s focus. For
example, Kim et al. (2024) studied data from 16 inpatient wards in a US hospital and found that
increased utilisation in one inpatient unit can cause increased utilisation in other units the following
day.

Occupancy management behaviours are an important modelling consideration, where healthcare
units use strategies such as early discharges, patient boarding, or elective procedure cancellations
to manage bed availability in a capacity constrained environment. These behaviours fundamen-
tally alter the rules of a standard queueing system. Varney et al. (2019) highlight the presence
of demand-driven discharge behaviours in Australia and New Zealand intensive care units. Their
study demonstrates the inaccuracy of simulation model results when the occupancy management
behaviours are not accounted for. Boyle & Bean (2024) also observed this issue in ED data. It is
important to model individual units in their wider health system context.

5.3 Obstacles to the Development of Integrated Models in Healthcare
Simulation

Data access is a major challenge to the development of integrated healthcare simulation models.
Healthcare facilities often use disjoint electronic health record systems, typically designed for local
operational needs, not for integrated use. Additionally, the data may use different coding systems
and formats, which can make it difficult to link datasets for a patient across a health service. Further
difficulty can arise with accessing multiple datasets across different services due to varying rules on
data privacy and access.

Implementing healthcare simulation models is notoriously difficult, due to a range of technical and
organisational barriers. Very few studies, even those focused on single hospital units, are successfully
implemented in practice. Various reasons for this have been discussed, including limited stakeholder
engagement, limited time and capacity, and cultural resistance. Integrated healthcare simulation
models amplify these challenges and can introduce difficulty with competing interests and incentives
from stakeholders in different areas – what is optimal for the system may not benefit individual
healthcare units.

Developing integrated healthcare simulation models requires more time and effort than modelling
individual units. This is due to a combination of factors, including the broader scope and increased
model complexity, and the requirement for collaboration across multiple areas of the health service.
Defining an appropriate level of detail for the simulation and avoiding increases in the model scope
is also challenging in this context.

Robinson (2014) advocates for modellers to “build the simplest model possible to meet the
objectives of the simulation study.” Not all of the system needs to be represented in the same
level of detail. Including the appropriate level of detail could reduce the obstacles to developing
integrated models. For example, a model of operating theatres should model the flow of patients to
downstream hospital beds. Instead of modelling the entire inpatient hospital in detail, the availability
of downstream beds could be included using a simple distribution. Hybrid simulation methods and
modular development are likely to play an important role here.
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5.4 Challenges for Integrated Health System Simulation Modelling

Challenge IHS.1 Create simulation case-studies of successful integrated simulation models. These
should demonstrate the value of linking datasets and the flow of patients across various components
of hospitals and healthcare services.
Challenge IHS.2 Develop simulation models from an integrated perspective to avoid unintended
spillover effects. For example, consider a hospital unit as a component of the wider hospital, a
hospital as a component of a wider network of hospitals, and healthcare in the context of other
services, such as primary care.
Challenge IHS.3 Use simulation to evaluate emerging approaches such as hospital at home, remote
monitoring, and telehealth. Simulation should be used to determine their potential to reduce health
system pressure and identify effective operational strategies.
Challenge IHS.4 Incorporate wider societal context (such as demographic trends, environmental
factors, and economic conditions) into simulation models so they better reflect real-world system
dynamics and inform more robust decision-making.
Challenge IHS.5 Design integrated simulation models with sufficient detail for meaningful decision
support while remaining generalisable enough to be reused, updated, or adapted across different
services and contexts.

6 Decision Support

Simulation models have two primary aims: to gain insights into the system being modelled and to
support decision-making; for example by testing new policies or managing patient flow. This section
explores the role of simulation as a decision-support tool for healthcare systems and outlines the
grand challenges in this area.

6.1 Opportunities for Decision Support in Healthcare

Problem formulation is a critical aspect of successful healthcare simulation modelling. Often in
healthcare simulation the stakeholder, or decision maker, is not a modeller themselves. Although
they have a problem that needs solving, it can be ill-defined at the outset of a project. Building
a model without a clear purpose for its use can lead to problems with model fidelity. Some model
iteration should always be expected as a project progresses, but this can be somewhat avoided
by starting from a point of common understanding and taking time over model formulation and
objective setting.

The opportunity for impact using simulation in healthcare is vast. Highly impactful studies
where simulation has been used for decision support working with NHS teams exist, e.g., Tuson
et al. (2017) and Mustafee et al. (2024), but many academic projects fail to cross into impact and
implementation. It is also often the case that efforts are focused on a local problem, without the
resource to extend models for other localities (barriers to reproducibility), or a stand-alone model
becomes outdated after changes are made to the system it was built for (barriers to reuse). To some
extent model building using open science principles alleviates this issue, as we discuss in Section
3. By making model code openly available and written in freely available coding languages, other
modellers should be able to pick up and modify/repurpose a model at lower cost and in a shorter
time frame than building from scratch.

Simulation models can also be costly to build and often rely on commercial software. The
advantage of using commercial software is that it can be user friendly and it often comes with
visualisation capabilities, allowing a user to communicate the model logic to a client easily. Similar
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visualisation functionality is beginning to emerge in FOSS e.g. Vidigi provides animation for Ciw
and Simpy9. However the expense of the software can be prohibitive for model sharing, and can be
a barrier to the impact a model can achieve. This is before considering the practicalities of health
service staff needing to download bespoke software onto their devices.

It is key for decision-support tools to evaluate the various consequences of decision alternatives,
whether intended or unintended e.g., spillover effects to other hospital units. This is especially im-
portant when decision-making involves multiple stakeholders with different priorities and objectives,
which is likely to be the case in healthcare.

Visualisation plays an important role in presenting clear insights that decision-makers can quickly
interpret and act upon. Quantifying and communicating the uncertainty in simulation model outputs
is also important, particularly for decision-makers who may prefer definitive recommendations. In
the context of digital twins, speed is critical to ensuring that results are returned within a time
window that allows the decision maker to take action. Decision alternatives should also be presented
in an accessible and interpretable manner. A more detailed discussion of these aspects is included
in Section 2.

6.2 Challenges for Decision Support and Healthcare Simulation

Challenge DS.1 Develop intuitive and explainable interfaces for simulation based decision-support.
These should include clear and simple visualisations and display uncertainty.
Challenge DS.2 Explore how simulation can support decision-making among stakeholders who
hold differing priorities and objectives. The aim is to provide a means for stakeholders to explore
scenarios interactively and compare the consequences of different choices.

7 Including Human Behaviour

Incorporating human behaviour into simulation models has particular relevance in healthcare where
many of the resources carrying out the activities in the model (nurses, doctors, healthcare spe-
cialists) are human and the model entities on whom the activities are being carried out (typically
patients) are also human. When simulating patients’ reactions to healthcare advice, human be-
haviour models are needed to dictate the population’s willingness to comply, e.g., when modelling
the effectiveness of screening (Brailsford et al. 2012) or strategies for reducing disease transmission
(Rauner & Brandeau 2001). In systems where clinical decision-making is important for determining
patient outcomes, human behaviour also becomes increasingly important, but this time the models
focus on the behaviour of clinicians. There has been a growing interest in incorporating behavioural
analysis into simulation models in recent years, and a recent review (Alwasel et al. 2025) reiterates
the need for more research into developing accurate modelling of human behaviour, a conclusion
that was previously suggested by Greasley (2016) and earlier still by Brailsford & Schmidt (2003).
In particular there is a need for models that allow for feedback loops and learning. We split our
discussion into three sections: staff and provider behaviour, patient and client behaviour, and social
behaviour in public health.

7.1 Staff and Provider Behaviour

The behaviour of healthcare staff significantly influences system performance and patient outcomes.
Staff decisions regarding resource allocation, patient prioritization, and clinical pathways are complex

9https://hsma-tools.github.io/vidigi/vidigi docs
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and context-dependent, shaped by experience, guidelines, and operational pressures.
ML offers powerful approaches to capture behavioural patterns from observational data. Allen

et al. (2019) demonstrated this in stroke care, using random forests to model physician decision-
making based on patient characteristics and geographical location, capturing nuanced variations in
clinical practice and adherence to treatment guidelines that would be difficult to specify through
traditional rule-based methods coded into the simulation logic. Similar approaches can be applied
to blood-ordering behaviours, where clinicians’ inventory management decisions affect supply chain
efficiency (Dhahan et al. 2025, Dutta 2025), and operating room utilisation driven by staff decision-
making rather than purely operational procedures and constraints (Fügener et al. 2017).

The modelling of staff behaviour using ML can now be integrated into many commercial sim-
ulation packages via calls to external libraries and tools. But arguably this integration is more
natural and seamless in FOSS languages like Python and R, where native ML ecosystems already
exist. These languages allow modellers to directly incorporate staff behaviour into simulation logic,
using ML models trained on observational data, without requiring data export and import between
separate software environments.

While the simulation technology and ML methods to incorporate staff behaviour exist, accessing
appropriate observational data about staff behaviour and handling bias and data quality issues
present significant ongoing challenges (Agniel et al. 2018, Ni et al. 2019). A common issue in
simulation studies is missing, incomplete, or poor logging of data (Perets et al. 2025), largely due
to the process data requirements of simulation clashing with the clinical nature of data collection
in healthcare. Another common problem is that the decision-making data may not reflect the
intended process or ideal decision for patients, but rather the activity that happened as staff adapt
to operational pressures. The result is that developing robust models of staff behaviour often requires
substantial additional data collection and analysis beyond the core simulation project, adding time
and complexity to modelling efforts.

7.2 Patient and Client Behaviour

Patient behaviour influences and is influenced by the healthcare system through mechanisms such
as adherence, preferences, and responses to system pressures.

Patient adherence has different dimensions, including medication, self-monitoring, and screening
(Kılıç & Güneş 2024). Adherence is important for patients because it directly affects disease out-
comes and prognosis. It also has a direct impact on the healthcare system, for example through
missed appointments and preventable hospital admissions. Brailsford et al. (2012) used regression
to predict the likelihood of attendance at breast cancer screening appointments under two different
psychological models. These behavioural predictions were incorporated as psychological parameters
within a DES model of a UK breast cancer screening service. The simulation showed that improv-
ing appointment attendance could be as effective as increasing screening frequency, demonstrating
that patient adherence behaviour can substantially influence system level outcomes. Pereira et al.
(2024) used ABS to investigate adherence to diabetic retinopathy screening in Portugal. Patient
adherence behaviour was modelled using a combination of logistic regression and fuzzy logic, and the
simulation demonstrated a reasonable level of accuracy when validated against administrative data.
ML has also been used by Ferro et al. (2020) to predict no-show behaviour of patients at medical
appointments in Colombia. This work could be embedded in a simulation model to experiment with
strategies for reducing no-show behaviour.

Patient behaviour can also be influenced by healthcare system pressures; for example, crowding
in EDs is associated with an increased risk of patients leaving without being seen (Gorski et al. 2021).
This can create unintended consequences, such as patients returning to hospital with a potential
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deterioration in their condition (Roby et al. 2022). Gartner & Padman (2020) used ML to identify
factors influencing patients’ perceptions of ED waiting times and incorporated these factors into a
DES model to test strategies for improving patient satisfaction.

Healthcare delivery is affected by patient preferences. NHS England data has shown that dis-
charge delays due to ‘patient or family choice’ accounted for 11% of all delayed bed days between
2010-2020 (The King’s Fund 2023). Xu et al. (2008) used ABS to model the co-ordination between
hospitals and community care facilities, incorporating patient behaviour by using a preference func-
tion derived from experience. Smith et al. (2018) employed discrete choice modelling to analyse
patient’s hospital selection patterns using administrative data, showing that travel distance was the
strongest determinant of hospital choice. This paper presents a statistical method for quantifying
patient choice behaviour, which could be integrated into simulation models.

The balance between fairness and equity in human behaviour is present in many healthcare
settings. Osório (2017) proposed a resource allocation rule for situations where both self-interest
and equity (fairness) are important that could be used within healthcare simulation. Equity is
further discussed in Section 8.

Including human behaviour in healthcare simulation models is important to capture the relation-
ship between patient behaviour and healthcare system dynamics, and for producing more accurate
representations of healthcare systems. The papers discussed throughout this section illustrate var-
ious methods such as psychological behaviour models, discrete choice modelling, and ML. A major
obstacle for including patient behaviour in healthcare simulations is a lack of data, which often needs
to be collected using targeted surveys, e.g. Gartner & Padman (2020). Data limitations also create
challenges with model validation, as simulation outputs cannot be directly compared to observed
healthcare system data.

7.3 Social Behaviour in Public Health

Incorporating human behaviour into simulation models for public health studies requires both suit-
able data and an appropriate way of modelling the behaviour and its impact on the entities within
the model. For example, ABS is frequently used in the modelling of infectious diseases, allowing
individual behaviour to be taken into account. Rodriguez-Cartes et al. (2024) used a health belief
model (HBM) to describe the likelihood of people wearing a mask during the COVID-19 pandemic.
The HBM was fitted to survey data collected by MIT and Facebook (Collis et al. 2022), which mea-
sured people’s beliefs and perceptions in relation to COVID-19 and also self-reported mask usage.
Similar ideas are also important when working with other public health crises, e.g., the opioid crisis
(Cerdá et al. 2021, Brandeau 2023) and homelessness (Knerich et al. 2019).

As identified by Bedson et al. (2021), key among the challenges for modellers is the need to
develop modelling protocols to incorporate human behaviour. This is echoed by Hill et al. (2024)
who highlight the need to balance interpretability with complexity. They discuss the benefits of
simple models in achieving this.

Data and its interpretation is also a challenge. Research within social science does not tend to
produce quantitative models of reactions, as needed by simulation modellers. Funk et al. (2010)
suggest that more observational studies are needed to enable parameterisation of human behaviour
in models, but are also positive that improved technology makes it easier to carry these out. The
study of COVID-19 behaviours described above (Collis et al. 2022), which surveyed participants in
67 countries and included over 2 million responses, is a good example of how technology can help
with developing useful datasets for modellers. As recommended in Bedson et al. (2021), in order to
achieve the gains in understanding associated with incorporating human behaviour in models, there
is a need to improve inter-disciplinary working between social scientists and modellers. This could
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include the co-design of data-collection protocols, and education specific to those working on the
borderline between these two areas.

7.4 Challenges for Including Human Behaviour

Challenge HB.1 Develop a set of processes for incorporating ML modelling of human behaviour
into hybrid simulation models of healthcare systems.
Challenge HB.2 Produce frameworks that capture the appropriate level of detail when modelling
systems where human behaviour is important; particularly in ABS for public health, including
modelling of infectious diseases.
Challenge HB.3 Integrate qualitative and quantitative studies of human behaviour into simulation
models.

8 Equity and Health Inequality

Access to healthcare is a fundamental human right. Yet, health inequality is persistent in society
and often tied to socio-economic marginalization. Healthcare systems are under increasing pressure
to balance increasing demand with resource constraints in an equitable manner. Simulation can
help providers and operations managers visualise the equity implications of operations and policy
decisions from different perspectives. Making equitable decisions often requires understanding trade-
offs between competing objectives. Multi-objective simulation optimisation allows us to quantify
these trade-offs.

8.1 What is Equity?

Equity is a notion of fairness or justice that has no standard definition (Dhahan et al. 2023). Some
of the more common concepts include: utilitarianism, horizontal equity, vertical equity, proportional
equity, and min-max equity. It depends on context which definition of equity is most appropriate
and it is important to understand the equity implication of any modelling assumptions that we
might make.

Utilitarianism is a notion of equity in which resources are allocated to obtain maximum utility
or benefit (Bertsimas et al. 2011). Horizontal equity (Epstein et al. 2007) is the notion that groups
in the same circumstances should have similar access to resources. Vertical equity (Breugem &
Van Wassenhove 2022) is the notion that groups in different circumstances should have different
access to resources. Proportional equity (Bertsimas et al. 2011) involves the distribution of resources
to a group in proportion to some definition of the worth of each member in the group. Max-min
(Min-max) equity (Bertsimas et al. 2011) corresponds to finding an allocation of resources to a
group such that trying to increase (decrease) the utility of any group member results in a decrease
(increase) in the utility among group members with equal or lesser (greater) utility.

8.2 Equity in Healthcare Simulation

The nature of healthcare requires that we pay close attention to equity in using simulation models to
inform decisions. Frequently, there are constraints in the availability of resources due to budget or
other limitations (Guindo et al. 2012, Lane et al. 2017, Wang & Demeulemeester 2023), geographical
challenges in some jurisdictions (Wu et al. 2007), and the need for timely access to care (Kuo et al.
2023). During public health crises (Brandeau et al. 2003, Yin et al. 2023) or natural disasters (Cao
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& Huang 2012) these considerations come to the fore; however, they are ever present within the
healthcare system.

The COVID-19 Pandemic put considerable stress on the healthcare system worldwide (Currie
et al. 2020). Simulation played an important role in the planning of case projections, access to
mechanical ventilators (Day et al. 2020, Yin et al. 2023, Zimmerman et al. 2023), distribution of
personal protective equipment, allocation of beds, and distribution of vaccines (Enayati & Özaltın
2020, Breugem & Van Wassenhove 2022). The extensive use of simulation modelling to inform
the public response to the COVID-19 pandemic highlighted the need for a better understanding
of how we capture equity in simulation models and the risk of implicit inequity in our modelling
assumptions.

The combination of limited supply, perishability, and the life-saving nature of blood products and
organs creates particular challenges for equitable distribution of these products (Yuan et al. 1994,
Zenios et al. 2000, Kenan & Diabat 2022, Bertsimas et al. 2013). Simulation studies have been used to
evaluate inventory practices and distribution networks, but decision-making often requires balancing
cost-effectiveness, robustness, and fairness considerations. This can present unique challenges for
simulation models, especially in the context of simulation optimisation (Fariman et al. 2024).

Equitable access to care is an important consideration in reducing health inequalities. People
who are socio-economically marginalised, including people who are homeless, indigenous populations
in many countries, racial minorities, and people with mental health or substance use issues are often
marginalised from the healthcare system. Simulation has been used to study equitable access to
HIV treatment (Earnshaw et al. 2007, Cleary et al. 2010). Demir et al. (2024) developed the
SimulEQUITY framework to model health inequality in hospital access. Equity considerations also
arise in using simulation to model the location of healthcare services or facilities (Bak 2022). A
more equitable healthcare system should balance access to care for patients with fair staffing models
for providers. Healthcare providers are often overworked and there are shortages in some areas
(Cunningham & Gonzalez-Guarda 2023, Santric Milicevic et al. 2024).

Incorporating equity in simulation models naturally leads to balancing competing objectives
through multi-objective simulation optimisation. Different notions of equity and fairness correspond
to different objective functions. Exploring the implications of these different modelling assumptions
is important to understand how equity is being represented—or failing to be represented—in our
simulation models (Xinying Chen & Hooker 2023, Dieckmann & Nirula 2024).

8.3 Challenges for Equity in Healthcare Simulation

Challenge E.1 Use simulation to gain a better understanding of the nuances of different notions
of equity and how this affects the use of simulation in healthcare resources planning and policy
development.
Challenge E.2 Improve the efficiency of multi-objective simulation optimisation solvers and refine
methods for presenting results so that the trade-offs can be easily understood by decision-makers.
Addressing equity typically results in multi-objective optimisation problems and these have associ-
ated computational challenges but also difficulties in communicating ideas such as Pareto fronts to
decision-makers.
Challenge E.3 Assessment of how the application of ML and AI within simulation models affects
equity. (Not introducing bias from training on inequitable data).
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Figure 1: Summary of challenges

9 Conclusion

Several common ideas emerge from the challenges identified in each of the seven themes. Most
prevalent is the need to publish high-impact case studies of simulation models. We do not include
this as a grand challenge but instead highlight the fact that in healthcare M&S, case studies are the
best means of getting work widely used as they demonstrate how new methodology can be applied in
a healthcare setting. The delivery of healthcare is also changing, with a move to more personalised
medicine, the increased use of robotics, a greater focus on prevention, and a desire to move more
care back into communities or even patients’ homes (Department of Health and Social Care 2025).
These changes, combined with the opportunities of greater access to real-time data feeds and the
challenges of increased demand due to ageing populations and climate change, mean that there will
be demand for simulation modelling of systems that look very different from the traditional hospital
simulations in use today. Again, we do not include this as a grand challenge but more as business as
usual for healthcare M&S researchers, who are accustomed to modelling new systems as they arise.

Figure 1 summarises the challenges from each of the seven themes, linking them to the five
grand challenges listed below and categorising them based on whether they are challenges solely for
the simulation community or in collaboration with healthcare professionals. While the majority are
methodological challenges for the simulation community, the challenges from the theme on improving
the integration of the health system are more around application and dissemination. Challenges for
healthcare organisations collaborating with the simulation community include validation and data
but also some work around application and dissemination of results and models.

20



We conclude the article by listing our five grand challenges for healthcare simulation.

1. Develop methods, tools and training to reduce the barriers to both creating and implementing
reusable simulation models within healthcare.

2. Improve the efficiency of simulation optimisation algorithms so that they can produce good-
enough solutions fast enough to be used for operational decision-making.

3. Develop validation methods for digital twin simulations that are robust to errors in input data
and highlight where more data are needed.

4. Determine best practice for decision support tools that enable equitable decision-making under
constrained resources via a simulation model.

5. Produce frameworks that capture the bigger picture with the appropriate level of detail where
either one or both of human behaviour and interactions with the wider health system and
environment are important.

While important for healthcare simulation, these grand challenges are not exclusive to modelling
healthcare. What is perhaps specific to healthcare is the need to sell the modelling to multiple
different system users: administrative staff, clinical staff, patients and politicians. This means that
healthcare simulation needs to be clearly documented, easy to explain, and to be proven to work.
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