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Abstract Over the past two decades, simulation and Digital Twin (DT) technolo-
gies have become increasingly prevalent in health care. These technologies have 
significant potential to advance modern medicine, enhance clinical decision-making 
and team performance, improve healthcare delivery, reduce cost, and improve 
patient outcomes. This chapter provides an overview of these technologies and 
their emerging applications in the field of health care, including opportunities to 
accelerate discovery in basic science, delivery of more realistic training opportu-
nities that advance clinician competence and interprofessional teamwork, and an 
efficient and cost-effective approach to analyze, improve, and monitor clinical work-
flows, healthcare delivery systems, and their performance. This emerging field fosters 
multidisciplinary research among healthcare professionals, information technology 
experts, engineers, and data scientists, all working together to better serve our society. 
Widespread adoption of these technologies will require solutions to address several 
technical, ethical, and regulatory challenges. These solutions will require a close 
collaboration between industry, academic centers, and government to develop a 
thoughtful approach that aligns implementation and integration of simulation and 
DT technologies into the healthcare workplace with measurement of meaningful 
outcomes to ensure broad-based access benefit from these important tools.
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1 Introduction 

Modern health care is a complex adaptive system that requires highly skilled inter-
professional team members to work together using advanced equipment and standard 
processes to care for patients with a wide variety of diseases with steadily increasing 
acuity over time. While the rapid pace of advancement in medical science offers 
exciting possibilities and new hope to patients and their family within our global 
community, it also demands constant changes in an already complicated and strained 
healthcare delivery system. The practice of medicine and current healthcare outcomes 
fall far below the level of quality and safety achieved by high-reliability industries, 
such as aerospace and manufacturing. As a result, institutions have become increas-
ingly focused on the “value equation” of the care they deliver, generally defined as 
the quality of care divided by the total cost of patient care over time [1]. 

Over the past two decades, simulation and Digital Twin (DT) technology and 
their applications have become increasingly prevalent in health care. These tools 
can provide increasingly accurate representations of the pathobiology behind patient 
conditions, opportunities to monitor patient health and optimize disease diagnosis and 
management, enhance and evaluate the performance of clinicians and their healthcare 
teams, and analyze and improve healthcare delivery and systems. Using a systematic 
implementation strategy that includes key stakeholder collaboration, these technolo-
gies offer the opportunity to accelerate medical research discovery and improve 
healthcare system performance and patient outcomes with greater efficiency and at 
a reduced cost. This chapter provides an overview of these technologies and their 
emerging applications in health care. 

1.1 Healthcare Evolution from Individual Treatment 
to Health Delivery Integration: A Systems Perspective 

The twentieth century witnessed a wide range of groundbreaking scientific discov-
eries in medicine, including antibiotics, anesthesia, blood transfusions, vaccines, 
Computed Tomography (CT) scans, magnetic resonance imaging (MRI), and extra-
corporeal therapies, including dialysis and extracorporeal Membrane Oxygenation 
(ECMO), and more [2]. The twenty-first century promises an even faster pace 
of discovery, with rapid advances in genomics offering a customized approach to 
common and complex diseases using precision medicine, and the digital revolution 
challenging our traditional approach to care delivery. 

These advancements have had a profound impact on human health and have 
significantly shaped both the current practice of modern medicine and the bene-
fits it provides to society. Healthcare delivery systems have evolved into complex 
ecosystems of clinical practice environments that offer a wide variety of services
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to scale. However, these healthcare improvements come with their own set of chal-
lenges. Population aging and growth, the increasing prevalence of chronic condi-
tions, and advanced diagnostic and treatment modalities are both driving cost and 
reducing access to and equity of care. As the complexity of disease management 
has increased, there is a growing demand for a collaborative, multidisciplinary, and 
team-based approach that includes physicians, nurses, pharmacists, and respiratory 
therapists and technicians. These teams require a clear understanding of each other’s 
roles and responsibilities and a high level of communication and teamwork to ensure 
timely and coordinated care delivery. 

Given its complexity, health care today has evolved into a “system of systems” of 
healthcare delivery focusing on not only just safe and timely medical care, but also 
better management of resources to meet demand at scale across geographic locations 
and time. The Systems Engineering Initiative for Patient Safety (SEIPS) 3.0 frame-
work could serve as a guiding model in this complex landscape [3]. It offers a holistic 
approach to integrating various components such as people, tasks, tools, and orga-
nization, thereby providing a comprehensive view of healthcare delivery systems. 
These “systems” are also often stratified using different levels, including biology and 
disease, patients and clinicians, and care delivery processes at the bedside, within 
the hospital, and throughout healthcare systems as a whole [4]. A System of Systems 
(SoS) in health care refers to integrating and interacting various independent systems 
within the healthcare sector to achieve a more comprehensive, efficient, and effective 
healthcare delivery. 

In complex healthcare systems, the overall system performance is directly linked 
to the functionality of each subsystem and the interconnections between them. Indi-
vidual components, such as patient care, administrative processes, and healthcare 
technology, must not only function effectively in isolation but also integrate seam-
lessly. The synergy between these subsystems is crucial for the overall system perfor-
mance. Medical errors and gaps in care quality have been well documented. However, 
fixing them is not easy due to the complex and unpredictable work environment 
common in medical practice [5, 6]. The recent global COVID-19 pandemic and its 
impact further exposed these persistent vulnerabilities in healthcare systems world-
wide [7–9]. The pandemic has served as a catalyst for change, underscoring the 
importance of improving current healthcare delivery mechanisms. It is imperative to 
enhance the efficiency of healthcare delivery while maintaining the highest standards 
of quality care and use innovative solutions and technologies to improve healthcare 
access and distribution on a global scale. This systems view of healthcare delivery 
also provides a framework that we can use to better understand how simulation and 
DTs can be used to offer important solutions to these complex problems. 

1.2 Technology Advancement in Health Care 

Over the past 30 years, we have witnessed a technological revolution that has signif-
icantly impacted all aspects of our lives, including health care. Personal computers,
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mobile devices, the internet, cloud computing, and artificial intelligence/machine 
learning (AI/ML) have led to an explosion of data related to biology discovery, disease 
diagnosis, management, and healthcare delivery systems optimization. These data-
driven decision support tools can amplify and augment human capacity to improve 
the efficiency, quality, and safety of health care during the whole journey of patient 
experience (prevention, management, recovery, and wellness). 

Simulation is the imitation or representation of one act or system by another. The 
Society for Simulation in Healthcare describes four main purposes of simulation— 
education, assessment, research, and health system integration to facilitate patient 
safety [10]. Simulation-based training started in the discipline of anesthesiology and 
has grown rapidly in other areas of medical education, with the development of 
a growing variety of computer-controlled manikins and task trainers. These simu-
lators can be programmed to recreate a variety of standardized clinical scenarios, 
allowing students to practice their clinical reasoning, technical (intubation, central 
line insertion, etc.), and teamwork skills (communication) in a safe and controlled 
environment. Simulation-based education has been shown to be an effective way to 
improve student knowledge and skills and translate to better patient outcomes [11]. 

Computer simulation involves creating a computer-based model or virtual 
representation of a system or process to study and analyze its behavior. 

As an extension to traditional computer simulation, DT is a virtual representa-
tion of real-world entities and processes synchronized at a specified frequency and 
fidelity. DTs’ systems transform business by accelerating holistic understanding, 
optimal decision-making, and effective action. DTs use real-time and historical data 
to represent the past and present and simulate predicted futures [12]. It is a digital 
replica of a physical system that can be used to monitor, predict, and optimize the 
system’s behavior. DT is a virtual representation of a physical asset replicated virtu-
ally through a data connection, making it possible to link the system with its virtual 
counterparts in a bi-directional way. The “bi-directional” exchange of information, 
which synchronizes the virtual system response to match the physical system, distin-
guishes DT from traditional digital simulation, which is often considered indepen-
dently operated. Specifically, a digital model has no interaction with the physical 
system. A digital shadow is updated with data from the physical system but does 
not inform its control. A DT arises when the physical system data is used to update 
the digital model, and the resulting simulation is used to control the physical system 
[13]. Very few works in literature have realized the control loop and are considered 
as true DTs in use, and thus, our review also includes simulations that are digital 
models or digital shadows [14]. 

1.3 Healthcare Applications 

DTs have various applications in health care, such as training, diagnosis, manage-
ment, and care delivery for patients, providers, and healthcare organizations. One
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way to categorize DTs is based on Siemens’ framework, which has three levels of 
twinning [15]. 

First, product twining provides a virtual-physical connection to analyze how a 
product performs under various conditions and adjust in the virtual world to ensure 
that the physical product will perform exactly as planned in the field. For product twin-
ning, one example is the DTs of medical devices (e.g., digital radiological devices) 
[16, 17]. These efforts focus on the physical device/product twinning (similar to the 
concept of DTs for management in manufacturing) and are mostly used to monitor its 
status, diagnose issues, and test solutions remotely, ultimately optimizing its perfor-
mance and reducing the risk of malfunctions. From digital devices to digital/virtual 
patients, precision medicine is one area that exemplifies the application of both 
product twinning and process twinning. Digitally replicating the human body (from 
cell to organ biological/physiological systems) allows for in silico clinical trials to 
examine the prevention, early detection, and targeted treatments of many diseases. 
These DT human body/organ systems have been used for drug development and 
treatment recommendations [18]. Another example of virtual patients is optimizing 
health care at the individual level, i.e., “personalized health monitoring,” with the 
goal of healthcare management and promoting healthy behavior. It can be used to 
create personalized models of patients that can be used to monitor their health status, 
predict the course of disease, and optimize treatment plans [19]. This application 
is still focused on modeling a virtual patient instead of the healthcare system at 
large and is mainly focused on healthy people’s daily life and their living environ-
ment instead of a specific healthcare facility. The third level is system twinning, 
which includes using DTs to improve hospital operation processes and workflows 
by allowing managers to tweak inputs and see how outputs are affected without the 
risk of upending existing workflow [20]. The system performance can be captured, 
analyzed, and acted on operational data, providing insights for informed decisions 
to maintain effective interactions among the components of the system at the system 
level. 

1.4 Outline of the Chapter 

DTs have risen at the intersection of Industry 4.0 and the Internet of Things (IoT), 
relying on converging technologies in big data analytics, pervasive sensing, and cloud 
computing infrastructure. In this new era, simulation and DTs promise to enhance 
healthcare delivery by improving efficiency, flexibility, and patient-centered care, all 
of which are crucial in a post-pandemic world. This book chapter highlights how 
technological advancements have enriched health care with valuable data and digital 
assets, making it imperative to utilize these resources to optimize the entire spectrum 
of healthcare services. We will delve into the applications, benefits, challenges, and 
future prospects of DTs and simulation technologies in health care, particularly in 
the context of a post-COVID-19 world acute care setting. We will explore how these 
technologies can serve as invaluable tools for healthcare professionals, clinicians,
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researchers, IT professionals, engineers, and data scientists, all working together to 
serve society. In Sect. 2, we will explore simulation and DT applications in biology 
and disease management. In Sect. 3, we will discuss the latest professional training 
applications using simulation and DTs’ technology. In Sect. 4, we will present appli-
cations that support decision-making for hospital operations and management. Then, 
in Sects. 5 and 6, we will provide a vision of simulation and DTs in health care and 
discuss the challenges and opportunities. 

2 Simulation and Digital Twin Applications at the Biology 
and Disease Management 

Modeling and simulation have emerged as a powerful tool for understanding complex 
biological systems and processes in addition to the traditional theory and experiment 
[21]. Utilizing mathematical models, simulation allows researchers and clinicians 
to predict disease outcomes, test treatment interventions, and optimize healthcare 
delivery. There are two common approaches for physiology and disease modeling: 
rule-based and data-driven modeling. Each of these approaches offers distinct advan-
tages and challenges [22]. The rule-based approach relies on predefined rules and 
knowledge about biological systems to model disease processes. These rules are 
typically derived from clinical guidelines, expert opinions, or well-established phys-
iological pathways and experienced-based learning in clinical settings. It has the 
benefits of transparency (by incorporation of directed acyclic graphs in the creation 
and execution of rules), easy control of model behavior, and stability for output, 
which make it easy to accept for clinicians [23, 24]. At the same time, it also has 
stability and flexibility limitations because it requires expert knowledge and comes 
with a possibility of bias. The mechanistic model is designed to represent the under-
lying mechanisms of a system—the processes and interactions that lead to observed 
phenomena. They are often contrasted with empirical models, which are purely based 
on observed data without assumptions about the underlying physiology processes. 
The data-driven model uses large datasets to investigate inter-relationships using 
different statistical and data mining methods. It is based on systems’ biology and 
systems’ immunology and has expanded rapidly in the last decade because of more 
accessible data from EMR and more computer power [25, 26]. 

2.1 Understanding Physiology and Treatment 

The simulation technologies have revolutionized medical science by understanding 
physiology. Various virtual training platforms now offer immersive experiences that
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closely mimic real-world clinical scenarios based on physiology [11]. These plat-
forms are designed to be interactive, allowing medical students and healthcare profes-
sionals to engage in problem-solving, diagnosis, and treatment planning in a risk-free 
environment. The virtual training modules often include a wide range of case studies 
covering various diseases, conditions, and patient demographics, providing a compre-
hensive learning experience. The lab and vital signs will change based on the inter-
vention by user input. The virtual patient offers a practical understanding of disease 
mechanisms and treatment protocols, thereby bridging the gap between academic 
learning and clinical practice. This hands-on approach enhances the learner’s ability 
to make informed clinical decisions in a safe environment that will not harm patients, 
ultimately leading to better patient outcomes. 

Archimedes Diabetes Model was designed to simulate individual patients and 
how they would respond to various treatments for diabetes. It incorporated a wide 
range of variables, from glucose metabolism to treatment protocols, to generate 
realistic patient outcomes [27, 28]. This model serves as one of the early successes 
in utilizing computer-based physiology to understand and manage diabetes. This was 
also an early implementation of using directed acyclic graphs to explain the complex 
pathophysiology and rules based on the clinical environment. The model underwent 
rigorous validation, and its predictions were found to be highly consistent with the 
results of randomized controlled trials. This level of accuracy made the Archimedes 
Diabetes Model a valuable tool for clinicians, researchers, and policymakers alike. It 
not only helped in understanding the complex physiology of diabetes but also played 
a crucial role in optimizing treatment plans and healthcare policies related to diabetes 
management. 

Agent-based models can simulate the interactions between various biological 
agents, such as cells and molecules, in each biological system [29, 30]. These agent-
based models are particularly useful for understanding complex, multiscale biolog-
ical systems where traditional modeling approaches may fall short. By providing a 
more nuanced understanding of biological systems, agent-based models have paved 
the way for more targeted and effective treatments, bridging the gap between basic 
biological research and clinical applications. This approach is offering insights that 
are directly applicable to patient care and treatment optimization. The research group 
led by Vodovotz explores the use of omics data and mathematical modeling to under-
stand and explore various critical illness management strategies by integrating data-
driven and knowledge-based modeling approaches [22]. This approach aims to inte-
grate large-scale data with computational modeling to improve research and clinical 
applications in diseases involving severe inflammation and immune responses. 

BioGears is an open-source, comprehensive human physiology engine that has 
been instrumental in driving medical education, research, and training technolo-
gies [31]. BioGears aims to provide accurate and consistent physiology simulation 
across the medical community. It can be used as a standalone application or inte-
grated with other simulators and sensor interfaces making it a valuable asset in the 
healthcare simulation community. Similar to BioGears, the Pulse Physiology Engine 
offers robust physics-based circuit and transport solvers [32]. It includes a common 
data model for standard models and data definitions, a software interface for engine
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control, and a verification and validation suite. Pulse’s architecture is designed to 
reduce model development time and increase usability, making it a go-to solution 
for many in the healthcare simulation community. 

Emerging roles of virtual patients in the age of AI have been explored, and rule-
based systems have shown promise in healthcare modeling. These systems can simu-
late patient responses based on a set of predefined expert rules, making them useful for 
training and diagnostic purposes. Dr. Lal and team have developed and verified a DTs 
model of critically ill patients using the causal AI approach to predict the response to 
specific treatment during the first 24 h of sepsis [23]. This expert rule-based DTs focus 
on creating individualized patient models for better medical education and clinical 
decision support [33]. This work was previously developed specifically for sepsis 
in critically ill patients but has now evolved into multiple commonly seen clinical 
scenarios in the intensive care setting. The primary goal is to provide a safe testing 
bed for the learners and the clinicians to evaluate a proposed intervention (useful or 
otherwise) in an in silico environment, before actually performing those interven-
tions on the patient at the bedside. The envisioned result is to avoid any preventable 
harm to the patient by pre-testing the interventions that carry any uncertain risks. The 
utility of such DTs in health care can serve multiple purposes, including advances in 
medical education delivery, in silico research, and adjunct clinical decision support 
at the bedside. 

2.2 In Silico Clinical Trials 

In silico clinical trials have emerged as a groundbreaking approach in medical 
research, offering many opportunities and advantages over traditional clinical trials. 
Utilizing computational models and simulations, in silico trials allow for the testing 
of medical interventions or devices in a virtual environment, thereby revolutionizing 
the way clinical research is conducted [34, 35]. 

One of the most compelling advantages of in silico trials is the significant reduction 
in costs. Traditional clinical trials often require extensive resources, including patient 
recruitment, site management, and long-term follow-ups, all of which contribute to 
high operational costs. In contrast, in silico trials can be conducted with minimal 
overhead, as they rely on computational power rather than physical infrastructure 
and human resources. This cost-effectiveness makes it feasible to explore a broader 
range of research questions and to conduct multiple trials simultaneously, thereby 
accelerating the pace of medical innovation. Time is another critical factor that holds 
a distinct advantage for in silico trials. Traditional trials can take several years to 
complete, from initial planning to final data analysis. In silico trials, however, can be 
executed in a fraction of the time. The ability to quickly simulate different scenarios 
and interventions enables researchers to arrive at conclusions more rapidly, thereby 
speeding up the “time to market” for new treatments and medical devices. Perhaps, 
the most significant benefit of in silico trials is the elimination of risks to human 
subjects. Despite rigorous ethical standards, traditional clinical trials always carry
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some risk to the participants. In silico trials remove this concern entirely, as they 
are conducted in a virtual environment. This not only ensures the safety of poten-
tial patients but also allows for the testing of treatments that might be considered 
too risky for traditional trials. By offering a safer, faster, and more cost-effective 
alternative to traditional methods, in silico clinical trials are poised to become a 
cornerstone in the future of medical research. They offer a promising pathway for 
the development of new treatments and medical technologies, with the potential to 
significantly improve patient outcomes and healthcare systems globally. Important 
components of biomedical ethics, such as informed consent, algorithm fairness and 
biases, intellectual property law, data privacy, safety, and transparency, should be 
considered alongside the regulatory issues of DTs [36]. Computer modeling and 
simulation can be adopted from other industries to aid in various stages of medical 
device development, testing, clinical evaluations, and failure analysis, leading to cost 
reduction [37]. 

Recently, the FDA has published reports to showcase how modeling and simula-
tion can be used for scientific research and regulatory decision-making [38]. FDA also 
published guidance providing recommendations to assess the Credibility of Compu-
tational Modeling and Simulation in Medical Device Submissions [39]. Virtual clin-
ical trials represent a significant shift in how clinical research is conducted. By 
leveraging DT platforms, researchers can gather large data more quickly and from a 
broader population base. Simulations and virtual environments offer a unique oppor-
tunity for policymakers to test the implications of healthcare policies in a controlled, 
risk-free setting [40]. By modeling the outcomes of proposed policies, stakeholders 
can anticipate their effects and refine them before implementation, ensuring that new 
regulations are both effective and efficient. 

3 Health Professional Training Through Simulation 
and Digital Twin Technology 

Over the past two decades, there has been a significant expansion in clinical training 
for healthcare professionals through various simulation technologies. These tech-
nologies range from task trainers, mannequins to more advanced Virtual Reality 
(VR) and Augmented Reality (AR) systems. The learners include the multidisci-
plinary clinical team (physicians, nurses, pharmacists, and respiratory therapists). 
While traditional task trainers have been around for many years, modern technology 
has allowed for the expansion and sophistication of simulation training programs. 
These programs now cover a wide array of skills, from procedural skills to non-
technical skills like communication, compassion, and empathy. Numerous studies 
have shown that simulation-based training is associated with improved care processes 
and better patient outcomes [41].
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3.1 Computer-Driven Mannequins and Task Trainers 
in Medical Training and Assessment 

Modern mannequins used in medical training have evolved to become highly sophis-
ticated, computer-driven devices. These mannequins can be controlled remotely or 
in-room, offering a range of clinical scenarios for trainees to practice clinical skills 
and teamwork [42, 43]. Those mannequins provide invaluable hands-on experience 
for clinicians in a controlled, risk-free environment for various specialties and disci-
plines [41, 44, 45]. The COVID-19 pandemic has forced the healthcare industry to 
adopt distance simulation using various technologies to find alternative approaches 
for traditional onsite clinical training [46, 47]. Simulation has been used for skill 
assessment and evaluation in many disciplines [48–50]. The use of VR and AR 
in healthcare training is growing rapidly to offer immersive learning experiences 
for learners that traditional methods cannot match [51–53]. Game-based training 
modules have also gained popularity, providing an engaging way for healthcare 
providers to hone their skills [54]. Although the cost of hardware can be a limiting 
factor, the benefits, such as improved skill retention and real-world applicability, 
often outweigh the initial investment. 

3.2 Research Potential: Investigating System Vulnerabilities 

Simulation technologies not only provide clinical skill training but also serve as 
research tools for human factor analysis. They offer a reproducible clinical environ-
ment where the interaction of system factors (clinician, technology, and workflow) 
can be investigated independently of patient factors [55, 56]. Researchers can use 
these technologies to investigate system vulnerabilities, test new workflows, new 
technology innovations, and even simulate the impact of potential policy changes 
before clinical implementation [57–60]. This simulation-based research extends the 
utility of simulation technologies as integral tools for overall healthcare system 
improvement [61]. 

4 Hospital Operations and Management 

4.1 Leverage Data Insights from EMR, IoT, AI 

The past 15 years have seen a data revolution in health care fueled by electronic 
medical records’ (EMRs) implementation and adoption. This shift from paper 
to digital documentation has unlocked a wealth of patient data, improving team 
communication and clinical decision support, informing disease treatment plans, 
and tracking outcomes. Further, the integration of EMRs with the IoT and Radio
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Frequency Identification (RFID) technologies creates a connected ecosystem for 
real-time patient flow monitoring and streamlined inventory management benefits 
from this data influx [62–64]. 

By collecting and analyzing this data, healthcare professionals can leverage 
predictive modeling to anticipate patient needs and prescriptive analytics to design 
personalize treatment plans, ultimately resulting in more informed decisions, 
improved patient care, and efficient healthcare operations [65]. Recent advancements 
in AI, computer vision, and Large Language Model (LLM) are opening up a new era 
in the healthcare innovation using simulation and DT [66, 67]. These technologies 
extend the capabilities of traditional data collection and analysis, offering a more 
holistic view of healthcare delivery from outpatient settings to inpatient care, and 
even post-discharge home care. 

4.2 Operation Management and Resource Allocation 

Healthcare operations’ management aims to improve the efficiency of business 
processes within healthcare facilities to reduce overcrowding, waiting times, and 
delays. One of the main challenges in healthcare operations is managing the unpre-
dictability caused by variations in patient demand, staffing capacity, and resource 
availability. For instance, changes in the number of patients or types of cases can 
affect staff schedules, patient flow, and patient room utilization. According to a rapid 
literature review of papers published in 2002–2022, the use of DTs for healthcare 
systems management is an emerging topic [68]. With availability of real-time patient 
and hospital operation data, healthcare managers can make informed decisions about 
staff deployment based on patient needs and workflow efficiencies. Similarly, data 
analytics can be used to optimize inventory levels, ensuring that medical supplies 
are ordered and utilized most effectively, thereby reducing waste and costs. The key 
advantage of DTs in health care is the ability to leverage real-time data to model 
complex systems and processes that involve many interdependent variables [69]. 
This allows for dynamic, evidence-based decision-making by integrating a large 
amount of heterogeneous data and real-time data queries to achieve better resource 
allocation at the hospital level [70]. 

Trauma centers, emergency departments, and ICUs are systems whose processes 
are subject to large variability and are very time-sensitive, and thus, have attracted 
substantial attention for process improvement and patient safety assurance using 
DTs. For instance, a trauma DT is used to digitize and support the process of severe 
trauma management, considering it as a physical asset that is mirrored by two DTs 
[71]. In Augusto et al. 2018, a DT of an emergency unit was developed to optimize the 
pathway of patient care in the unit. The system accounts for various arrival processes 
to account for massive arrivals in case of a crisis and determine the best avail-
able leverages to optimize the operations of the system [72]. DTs of ICU processes 
are used to identify inefficiencies in patient flows, optimize patient care by clinical 
staff at the enterprise level, and use remote monitoring to detect process faults and
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anomalies [68, 73]. Healthcare leaders can shift from reactive decisions to proactive 
optimization based on data-driven insights from DTs. Hospital-level model by using 
predictive decision support model that employs real-time service data is drawn from 
the systems and devices [74]. Their model enables assessing the efficiency of existing 
healthcare delivery systems and evaluating the impact of changes in services without 
disrupting the daily activities of the hospital. Along the same line, Karakra et al. 2020 
developed discrete event simulation and DTs through a system called HospiT’Win 
that allows for tracking the pathways of patients inside the healthcare organization to 
manage growing demand and decrease waiting times [69]. Rodriguez-Aguilar et al. 
2020 proposed a digital healthcare system initiative through multi-paradigm simu-
lation [75]. Computer modeling has also been used to simulate infectious disease 
transmission dynamics, optimize the vaccination strategy, and test public policies 
before clinical implementation [76–78]. 

5 Challenges and Opportunities: Ushering a New Era 
in Healthcare Simulation and Digital Twins 

The adoption of simulation and DT technologies in health care is not without its chal-
lenges [79, 80]. One of the most pressing issues is the need for accurate and complete 
data. Incomplete or erroneous data can significantly impact the effectiveness of these 
technologies in both training and real-world applications. Also, modeling complex 
biological systems involves numerous variables and nonlinear interactions, making 
it challenging. Regulatory hurdles, such as compliance with healthcare standards 
and data protection laws, further complicate the adoption process. Ethical consider-
ations are paramount when using patient data in the DTs, especially when it comes 
to patient and clinician data privacy and confidentiality. The collection and use of 
patient data must adhere to strict ethical guidelines to ensure that individual privacy 
is respected. Moreover, there is a risk of bias in data collection and analysis, which 
could inadvertently lead to unequal healthcare delivery. Addressing these ethical 
and bias concerns is crucial for the responsible deployment of these technologies. 
Data sharing and interoperability present another set of challenges. Different health-
care systems often use different data formats and standards, making integration a 
complex task. The lack of interoperability can hinder the seamless exchange of 
information, thereby limiting the effectiveness of simulation and DTs technologies 
in a multi-system environment [81]. 

For simulation and DT tools to be effectively integrated into health care, there 
needs to be a set of clearly defined performance metrics for systems evaluation. These 
metrics should measure impacts of simulation and DTs across various domains, 
including disease outcomes, patient outcomes, system outcomes, and return on 
investment. The development of such comprehensive evaluation metrics will enable 
stakeholders to assess the effectiveness of DT technologies objectively.
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Despite these challenges, there are numerous opportunities for innovation. For 
instance, multiscale simulation is a powerful tool for understanding complex biolog-
ical systems and healthcare processes. By simulating the behavior of individual 
molecules, cells, and tissues, multiscale simulations can provide insights into how 
diseases develop and how drugs work. Multiscale simulations are being used to 
understand the molecular basis of diseases, such as Alzheimer’s disease and drug 
development [82, 83]. Meanwhile, DTs can be used to track the progress of patients, 
monitor their vital signs, and predict when they may need medical attention. DTs have 
been used to monitor cardiac and cancer patients for personalized treatment planning 
[84, 85]. Additionally, AI algorithms can be used to analyze the data generated by 
simulations and DTs. This data can be used to train AI models to make predictions 
and identify patterns. AI models can be used to improve the accuracy of diagnoses, 
recommend treatments, and develop new drugs. The synergistic relationship between 
multiscale simulation, DTs, and AI offers unprecedented capabilities in health care, 
from real-time analytics to predictive and prescriptive modeling for disease preven-
tion, diagnosis, and management. The integration of multiscale simulation, DTs, and 
AI is creating a new era of precision medicine and personalized health care. Data-
driven decision-making is revolutionizing disease management and patient care. By 
leveraging predictive analytics, healthcare providers can anticipate disease progres-
sion and intervene earlier. This proactive approach improves patient outcomes and 
reduces the burden on healthcare systems. Simulation and DTs will empower clin-
icians and operational managers to use real-time data to streamline workflows and 
enhance the quality of care. By analyzing patterns in healthcare delivery, they can 
identify bottlenecks and inefficiencies, leading to policies that align with the goals 
of all stakeholders and provide safe, effective, efficient, and equitable patient care. 

The multidisciplinary nature of this field allows for the convergence of health-
care professionals, engineers, data scientists, IT experts, AI specialists, etc. Such 
collaboration can lead to innovative solutions that address the existing challenges. 
Moreover, as these technologies become more integrated into health care, there will 
be a growing need for workforce training and upskilling to ensure that healthcare 
professionals can effectively leverage these advanced tools. 

While technological advances in health care are promising, their successful adop-
tion hinges on robust change management, implementation science strategies, and 
workforce upskilling. Crucially, comprehensive training is needed to equip health-
care professionals with the skills to leverage new digital capabilities effectively. This 
includes technical competencies, data literacy, human–AI collaboration, cyberse-
curity, and ethics. Investing in change management, implementation science, and 
strategic workforce development will be critical for healthcare organizations to 
capitalize on transformative technological advances. Several major societies and 
groups are active in related fields. The Society for Simulation in Healthcare (SSH) 
is a global community of medical educators who use various technologies, such as 
manikins and task trainers, to deliver educational interventions for skills and team-
work training [86]. The Winter Simulation Conference includes many engineers 
working on modeling and simulation in various industries [87]. The Interagency
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Modeling and Analysis Group (IMAG) is a government group of program offi-
cials from multiple federal government agencies supporting research funding for 
modeling and analysis of biomedical, biological, and behavioral systems. IMAG is 
focused on research across the biological continuum across different scales or levels 
of resolution with modelers from multidisciplinary research communities [88]. The 
Medical Device Innovation Consortium (MDIC) primarily focuses on device inno-
vation, using Computational Modeling and Simulation (CM&S) to reduce product 
development costs, speed up time to market, and better serve patients with safe and 
effective medical devices [37]. The Virtual Physiological Human Institute for Inte-
grative Biomedical Research, commonly known as the VPH Institute, is another 
significant player in this field. Its mission is to ensure that the Virtual Physiological 
Human is fully realized, universally adopted, and effectively used in research and 
clinical settings [89]. The Europe Digital Twin in Healthcare (EDITH) project aims 
to capitalize on the growing trend of interest in Digital Twins [90]. EDITH creates 
a roadmap for future development, allowing stakeholders to exchange best prac-
tices, analyze ecosystems and data flows, and identify vulnerabilities. In addition, 
groups are working to prepare data for modeling. Mobilizing Computable Biomed-
ical Knowledge is an international community focused on ensuring that biomedical 
knowledge in computable form is findable, accessible, interoperable, and reusable. A 
recent report from the National Academies of Sciences, Engineering, and Medicine 
presented an intergraded research agenda to advance the field. DTs can be a critical 
tool for decision-making base on the synergistic combination of models and data 
[91]. 

6 Conclusion 

The emergence of simulation and DT technologies marks the beginning of a new era in 
health care. These technologies are practical tools that can improve disease manage-
ment, care planning, and resource allocation. While there are undoubtedly chal-
lenges, such as technical complexities, ethical and regulatory hurdles, overcoming 
these obstacles will enable us to fully integrate simulation and DT technologies to 
support healthcare system digital transformation that serves all patients with safety, 
effectiveness, patient-centeredness, timeliness, efficiency, and equity. 
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