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Abstract

Thrombosis drives substantial global mortality across atrial fibrillation, venous thromboembolism, and
atherosclerosis. However, clinical scores treat risk as a static variable and omit evolving comorbidities,
functional biomarkers, anatomy, and treatment exposure, leading to misclassification and preventable
events. This statement advances a unified scientific agenda for patient-specific digital twins that
dynamically integrate multimodal longitudinal data with mechanistic insight to predict thrombogenesis
risks. We position these digital twins as hybrid models anchored in physics and data-driven algorithms
that can simulate disease progression and therapy. The goal of this approach is to refine stroke and
bleeding estimation beyond current clinical rules. Continuous updating from imaging data, laboratory
test results, wearables, and electronic health records supports dynamic risk trajectories and adaptive
care pathways, facilitating continuous risk reassessment. This statement analyzes gaps in data quality,
calibration, validation, and uncertainty quantification that presently limit the clinical translation of this
technology. Research priorities are then proposed for multiscale thrombosis modelling, physics-informed
learning, probabilistic forecasting, and regulatory-compliant data stewardship. Finally, we outline



translation to in silico trials, regulatory alignment, and hospital workflows that link predictions to
decisions. By articulating shared challenges across thrombosis-driven diseases and reframing risk as a
time-varying measurable quantity, this statement lays a foundation for developing digital twin
approaches that support a shift from population heuristics towards precise, timely thrombosis care.
These advances are essential for translating digital twin technology from research to clinical practice,
enabling dynamic risk prediction and personalized anticoagulation therapy.
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1. Introduction

Thrombosis accounts for one-quarter of all death worldwide.[1] It underlies myocardial infarctions,
strokes, and venous thromboembolism (VTE), and is strongly associated with widespread pathologies
such as atrial fibrillation (AF), coronary artery disease and atherosclerosis, heart failure, and certain types
of cancer (e.g., pancreatic, brain, and haematologic malignancies). To assess the risk of thromboembolic
events, clinicians commonly utilize population-based risk scores. Examples include the CHA;DS;-
VASc/CHA,DS,-VA score, a clinical risk stratification tool designed to estimate the likelihood of stroke in
AF patients,[2] [3] and the Wells and Geneva scores used to predict risks of deep vein thrombosis (DVT)
or pulmonary embolism (PE).[4]

However, these scores rely on a pre-defined set of demographic characteristics and comorbidities (e.g.,
CHA2DS2-VASc score) or on the subjective clinical judgement of a range of signs and symptoms (e.g.,
Wells score), overlooking the individualized risk factors of each patient and functional biomarkers. Also,
most of these scores are determined at baseline while outcomes of interest occur many years later;
hence, the lack of ability to address the dynamic nature of stroke risk.[5] As a result, these simple clinical
risk scores have modest predictive value. Thus, they can exhibit suboptimal accuracy in stratifying
patients, meaning some patients with “low” scores still suffer thrombotic events, whereas others at truly
low risk may be overtreated with anticoagulants, exposing them to bleeding.[6]

Knowledge gaps in the pathophysiology of thrombosis, especially in the presence of different clusters of
comorbidities and/or modifiable environmental factors, have so far prevented the development of a
unified approach to individualized risk prediction despite the maturity of technology powered by
computational modelling and artificial intelligence (Al). This is due to the complexity of modelling clot
formation and its interplay with systemic health changes and the difficulty of integrating heterogeneous
data, such as laboratory parameters, imaging data, and real-time physiological signals, into a coherent
clinical framework. [Fig. 1] illustrates the main features underlying three of the major thrombosis-related
diseases—AF, VTE, and atherosclerosis—from the perspective of the disease pathophysiology, current
diagnostics, and emerging technologies. Physiologically, common factors such as inflammation,
endothelial dysfunction, and blood stasis underlie the risks of thrombogenesis and stroke in all
conditions. Medical diagnostics, therefore, also share common approaches, ranging from empirical risk
scores to patient imaging. Future technologies should target these common clinical problems, utilizing
digital twinning and data- and image-driven Al for patient-specific risk predictions.
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Fig. 1 Current strategies and emerging technologies for disease management. Venn diagrams illustrating
the shared and distinct features of atrial fibrillation (AF), atherosclerosis, and venous thromboembolism
(VTE) across three domains: clinical problems, diagnostic approaches, and emerging technologies.

Addressing these issues requires integrating mechanistic understanding with patient-specific data, a
capability uniquely offered by digital twin technology. Digital twins are virtual representations of physical
entities such as organs or systems of organs that integrate clinical, genomic, and imaging data to simulate
disease progression.[7] [8] These data-driven models are further constrained by imposing adherence to
physiological mechanisms, often via inclusion of conservation laws governing the behaviour of the
system. This enables these so-called ‘physics-based digital twins’ to avoid unrealistic predictions,
especially where training data are incomplete or sparse.



The core aim is to use patient-specific digital twins to achieve personalized predictions of disease
trajectories in patients and refine diagnostic algorithms with unprecedented granularity. Digital twins can
also be used to test different therapeutic interventions virtually to guide treatment.[9] Moreover, Al
models can be embedded into the digital twins to facilitate fast (effectively real-time), patient-specific
predictions. This approach has therefore strong potential to identify early risk indicators that
conventional clinical scores might overlook.

However, challenges remain—from acquiring and harmonizing multiscale data, to validating the digital
twins, to embedding real-time, explainable predictions into clinical workflows. Successful deployment of
this technology at scale inevitably relies on multi-disciplinary research, where cutting-edge technology is
developed to address the clinical needs and knowledge gaps that currently prevent early diagnosis and
personalized treatment. Fulfilling this vision has the potential to transform thrombosis care from
population-based heuristics to adaptive precision medicine.

2. Digital Twin Paradigm for Thrombus Prediction
2.1 Atrial Fibrillation and stroke risks

Atrial fibrillation (AF) is a common cardiac arrhythmia in which chaotic, rapid electrical impulses prevent
the atria from contracting effectively. The resulting blood stasis (particularly within the left atrial
appendage), as well as the dysfunction of the endothelium and an inflammation-driven hypercoagulable
state, promotes thrombus formation. AF is therefore responsible for a 5-fold increase in ischaemic stroke
incidence, with AF-related strokes typically more severe and disabling than other types.

2.1.1 Clinical challenges in thrombosis risk prediction and management in atrial fibrillation

Dynamic versus static risk. AF-related stroke risk is inherently dynamic, influenced by evolving
comorbidities, functional biomarkers, and rhythm patterns. In particular, AF patients frequently present
with comorbidities and blood property alterations whose interactions are not captured by static,
population-based scores.[10] Another significant knowledge gap that has hindered precision medicine in
this arena relates to understanding how risk changes with aging and incident comorbidities. In AF, the
rhythm itself is also dynamic in nature, continuously changing and transitioning from paroxysmal to
persistent or permanent AF. Hence, management strategies should also be responsive to the underlying
pathophysiology associated with thromboembolism[11] and its changes over time.[12] Additionally, they
should account for the risks associated with environmental factors that have been related to incident AF
and AF-related complications.[13] [14] [15] These factors may trigger AF or worsen its complications and
as such should be included in risk models. Finally, the genetic predisposition (and racial differences in AF-
related risks and complications[16] [17] [18]) would need to be integrated into a learning system model.

However, the definition of new biomarkers to account for these complex aspects of risk is hindered by
the lack of precise knowledge of the mechanisms linking AF to thrombus formation and subsequent
stroke. There is, therefore, a critical need for physics-informed digital twin models that are capable of
integrating these different streams of dynamic data to simulate how patients with complex phenotypes
would behave, which is clearly related to prognosis and their responsiveness to clinical management.

Feasibility of patient-specific anticoagulation. Although current anticoagulation treatments have
significantly reduced the risk of stroke in AF patients, the long-term risks of stroke recurrence and
treatment-associated bleeding remain substantial. Balancing stroke prevention with bleeding risk is a
perpetual clinical challenge in AF management. Although current guidelines emphasize that the benefit
of stroke prevention in most patients outweighs the bleeding risk, in practice fear of bleeding
complications frequently deters optimal therapy. Real-world data indicate that 25 to 30% of high-risk AF
patients remain undertreated (i.e., not adequately anticoagulated) due to bleeding concerns or
underestimation of risk. Like stroke risk, bleeding risk also depends on the interaction of modifiable and
non-modifiable factors and is dynamic in nature.[19] AF patients are often elderly at high risk of bleeding



because of multimorbidity, polypharmacy, and frailty.[20] [21] Hence, we need to assess the net clinical
benefit (NCB) of introducing oral anticoagulation (OAC) in these patients instead of pursuing other
treatment options, such as the occlusion of the left atrial appendage. Although the NCB of OAC appears
to be in favour of treatment in very elderly subjects at high bleeding risk,[22] [23] an important area
where digital twin models could provide a tangible benefit is the identification of the patients who can
(or cannot) benefit from OAC treatment given different and changing risk profiles.[6] Importantly, stroke
prevention in AF is more than just OAC alone, and there is recognition of a residual risk of stroke and
other cardiovascular events despite OAC use,[24] [25] with patient compliance to treatment also playing
an important role. Hence, approaches such as the evidence-based Atrial fibrillation Better Care (ABC)
pathway[26] have been developed to move towards an integrated care approach to AF management.
The ABC pathway's pillars—Avoid stroke with Anticoagulation; Better management with patient-
centered, symptom-directed rate or rhythm control; and Cardiovascular risk factor and comorbidity
optimization — are supported by randomized trials,[27] [28] [29] observational cohorts,[30] [31] [32] and
guidelines.[33] [34] Variants of the ABC acronym have been proposed, including the (untested) AF-CARE
and SOS pathways.[33] [34] [35] [36] These frameworks provide an excellent opportunity to develop,
test, and deploy digital twin models that are fully aligned with clinical needs.

2.1.2 The paradigm shift towards Digital Twins for stroke risk prediction

Mechanistic Digital Twins. The CHA2DS2-VASc is a simple clinical score widely used for assessing thrombus
risk in AF,[36] but only focuses on comorbidities and demographic factors, while neglecting cardiac
morphology, electrophysiology, and haemodynamics.[37] Digital twins could shift this paradigm towards
precision medicine by integrating multimodal data with governing laws of physics.[7] [38] Stroke digital
twins can aid medical decisions involving different disciplines (e.g., neurology, cardiology).[39] [40] [41]
[42] While multi-organ mechanistic digital twins would be overwhelmingly complex, models representing
single organs can provide valuable insight in specific contexts. An example of this approach are the left
atrial digital twins (LADTs) developed to address the risks of ischaemic strokes originating in the fibrillating
atrium.[43] [44] LADTs are computational models that simulate how AF disrupts normal electrical activity,
mechanical contraction, and blood flow, creating conditions that promote clot formation. They can have
varying levels of fidelity depending on their dimensionality (e.g., 0D compartment models versus 3D
anatomical models), biophysical representation, personalization (e.g., via imaging data, blood tests), and
spatiotemporal resolution. [Fig. 2] illustrates general strategies of digital twin personalization using AF
patient imaging data, with different modalities utilized to obtain information about patient-specific LA
size, wall movement, and thrombus locations. High-fidelity twins then use computational fluid dynamics
(CFD) models to solve the partial differential equations (PDEs) governing blood flow in a 3D domain
representing the LA chamber.[44] [45] [46] [47] [48] [49] [50] [51] [52] [53] These models focus on the
left atrial appendage (LAA), the most common site of thrombosis, and can provide metrics related to
blood stasis or coagulation protein species concentration[11] (see [Video 1], available in the online version
only). Some models also include PDEs for simulating electrical and mechanical activity of the myocardium
to mimic wall motion.[54] [55] [56] [57]
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Fig. 2 From clinical data to personalised models: atrial fibrillation. Patient-specific digital twins integrate
multiple imaging modalities to predict thrombosis risk: late gadolinium enhancement (LGE) MRI to
identify fibrotic tissue,[202] echocardiography to capture wall motion abnormalities,[203] and CT scans
to reveal anatomical variations.[204] These modalities are used to create predictive models of left atrial
remodelling,[77] blood flow, and viscosity within the left atrial appendage,[69] aiding risk stratification
and treatment planning. AF, atrial fibrillation; LA, left atrium; LAA, left atrial appendage; SR, sinus rhythm.
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Video 1 Video of CFD simulations illustrating the thrombogenesis in the left atrium (LA). The simulations
employ a non-Newtonian blood model to capture viscosity changes associated with red blood cell
aggregation under conditions of blood stasis. The left panel depicts a patient with AF, while the right panel
shows a patient in sinus rhythm. LA geometries and the mitral flows are provided by patient Cine MRI
images and Doppler ultrasound, respectively. In AF, the absence of effective atrial contraction and the lack
of an A wave in the mitral inflow led to blood stasis and increased viscosity, promoting the thrombus
formation.

Current technological challenges. As the biophysical complexity of LADTs increases, so does their
mechanistic level of detail, but their computational demands and parameterization become more
challenging; the latter is particularly hindered by the LA's complex anatomy. Notably, the pulmonary veins
and LAA exhibit frequent variants with disparate morphologies associated with LAA blood stasis and



stroke risk.[58] [59] [60] [61] [62] [63] [64] The diverse pathophysiology of AF and thrombosis further
complicates the creation of comprehensive LADTs. Factors like epicardial fat, myocardial fibrosis, blood
haematocrit, endothelial dysfunction, blood stasis, and hyper-coagulable state can all contribute to stroke
risk, in the so-called Virchow's triad.[65] Caused by excess buildup of collagen fibres, myocardial fibrosis
modifies electrical conduction, contractility, and stiffness.[66] [67] The secretome of epicardial adipose
tissue promotes fibrosis and thrombosis.[68] Haematocrit affects blood viscosity, especially inside the
LAA.[69] [70] [71] [72] Epicardial fat and myocardial fibrosis can be mapped with medical imaging, while
haematocrit and coagulation factors can be measured from blood draws, as can inflammatory markers
related to endothelial dysfunction. Although these data can deeply personalize LADTs, many associated
model parameters are not directly measurable, and their inference requires solving ill-posed inverse
problems. Novel machine learning methods have the potential to close this gap.[73] [74] [75] [76]

Next-generation mechanistic twins. The growing availability of anticoagulant drugs targeting diverse
clotting factors presents new opportunities for LADTs in stroke prediction. LADT of thrombosis are
however less developed than electromechanics, haemodynamics, or device implantation models due to
their computational cost and labour-intensive personalization.[77] [78] [79] Recent advances have
addressed these limitations. New 4D image segmentation workflows based on neural networks[80]
leverage the increase in capacity of GPUs to bypass human labour almost completely. Neural networks
trained on massive datasets from high-fidelity simulations can predict flow fields and haemodynamic
metrics associated with thrombosis.[75] [81] GPU implementations of 3D PDE solvers achieve
unprecedented speed for high-fidelity LADTs.[42] [82] [83] Reduced-order and multi-fidelity models of
the coagulation cascade accelerate thrombosis simulations by orders of magnitude.[42] [84] In parallel,
medical device and pharmaceutical companies already use digital twins of varying fidelities to accelerate
product development.

All these advances are bringing us close to near-real-time execution in research settings. However, real-
world impact can only happen when this technology is developed in hospital settings. Meeting these
requirements will demand unprecedented resource investment, infrastructure and specialized personnel,
interoperability between clinical and computation systems, protocol robustness, and close collaboration
between technical, clinical, and regulatory stakeholders. In addition to model development, validation,
verification, and uncertainty quantification following recognized standards (e.g., V&V40[85]) are essential
to assess the adequacy of these twins. These tasks are performed at different levels, starting with model
convergence, comparison with synthetic data or in vitro phantoms, and ultimately, validation versus
clinical data.[86] [87]

Al-driven digital twins. Although mechanistic digital twins[53] [69] [78] [88] [89] [90] [91] can provide
invaluable patient-specific simulations of thrombus formation, in many circumstances this approach is
challenging due to limited knowledge of the system and the lack of data for a rigorous personalization.
On the other hand, data-driven digital twins powered by Al can learn more complex, non-linear systems
that cannot be easily/effectively modelled using differential equations alone. These Al-driven twins are
therefore particularly valuable for incorporating comorbidities, genetic factors, lifestyle influences, and
other variables that are difficult to model using mechanistic approaches.[8] [92] [93]

In this context, a hybrid modelling framework that anchors machine learning—based predictions in physics
principles could detect complex interactions and subtle patterns that might be missed by traditional
clinical assessments without the computational burden of mechanistic twins. These hybrid twins can
enhance the personalization of the CHA2DS2-VASc score by incorporating patient-specific, real-time data
beyond the standard binary risk factors, reflecting the unique risk profile of each individual. For example,
the inclusion of dynamic parameters like disease progression rates and wearable-derived markers could
allow for a dynamic stroke risk stratification and AF patient management, improving outcomes in a highly
individualized manner.

Moreover, these twins can simulate the effects of adjustments in anticoagulation therapy or lifestyle
modifications, enabling clinicians to identify optimal treatment pathways or refine current ones such as
the ABC pathway. This vision is precisely the focus of extensive research programmes such as the EU
project TARGET,[9] [94] which aims to harness Al-driven digital twins to transform the management of



stroke patients, from diagnosis to poststroke rehabilitation. One example from TARGET involves the
development of personalized algorithms to assess the optimal point to initiate anticoagulation treatment
after an acute ischaemic stroke against risks of early haemorrhagic transformation.[95] [96] Other
important digital twin applications include the prediction of the haemodynamic impact of LAA occluder
devices and their potential for device-induced thrombosis,[41] [43] or of LAA excision.[97]

Take-home message. AF twins should prioritize stroke prevention and individualized stroke versus
bleeding trade-offs over the years, adjusting predictions dynamically based on incident comorbidities and
changes in atrial function and coagulability. Another interesting area of impact for the digital twins is the
prediction of time-varying risk under rhythm/rate control and simulation of anticoagulation treatment
with net clinical benefit clearly quantified against current clinical risk scores.

2.2 Deep Vein Thrombosis and Pulmonary Embolism

Venous thromboembolism (VTE), including deep vein thrombosis (DVT) and pulmonary embolism (PE), is
a vascular disease of considerable public health importance given that about 1 in 12 adults will be affected
in their lifetime.[98] It remains the leading cause of in-hospital mortality[99] and can lead to long-term
impact on health including a poorer quality of life.[100] Thus, DVT and PE are serious medical conditions
that require prompt diagnosis and treatment to prevent complications. Awareness of the symptoms, risk
factors, and preventive measures is crucial for managing and reducing the risk of these conditions.

2.2.1 Clinical challenges and knowledge gaps

Current clinical challenges in VTE. Symptoms and signs of a VTE event are not specific. For example, DVT
can often be mistaken for trauma-related injury or cellulitis, leading to false negatives, while elevated D-
dimer levels, which can be seen in various other conditions, may result in false positives. This can lead to
delays in presentation, diagnosis, and initiation of potentially lifesaving treatment.[101] Although
radiological imaging for VTE is the cornerstone to confirm diagnosis, these modalities are also subject to
challenges related to motion artifacts or contrast timing (e.g., subsegmental emboli), operator
dependency (e.g., differentiating chronic thrombi from acute DVT[102]), or safety and availability in
patients who are otherwise high risk (e.g., during pregnancy or patients with renal insufficiency).[103]

After the first episode of VTE, there remains a persistent, elevated risk of recurrent events that is
estimated to be over 50 times higher than in an individual without prior VTE.[104] However, the diagnosis
of recurrent events can be challenging as symptoms and signs of chronic complications, such as post-
thrombotic syndrome or valvular insufficiency, overlap with episodes of acute VTE making clinical
differentiation difficult.[102] The use of clinical decision tools and laboratory tests that help predict pre-
test probabilities, integrated with radiological tools, could overcome some of these challenges, but there
remains a need for more advanced multimodal data analysis, protocol optimization, and decision support
for the diagnosis of initial and recurrent VTE events to radically improve risk prediction.

Knowledge gaps. VTE risk depends on the interaction of multiple factors across different timescales,
including:

Baseline factors: Demographics (age, sex), inherited thrombophilias (factor V Leiden, prothrombin
mutations), acquired conditions (JAK2-mutated myeloproliferative neoplasms).

Dynamic factors: Medications (anticoagulants, hormonal contraception), laboratory parameters (platelet
counts, coagulation profiles), disease progression (metastatic cancer).

Predicting VTE thus requires integrating these chronic and acute factors to estimate time-specific
risk,[105] which is far from straightforward as clinicians need to account for several inputs to estimate the
risk at any time point. Key examples of basal risk factors for DVT include demographics (e.g., age or
biological sex), as well as underlying inherited genotypes such as hereditary thrombophilia (including
factor V Leiden, prothrombin gene mutation, protein C, S and antithrombin deficiency) or acquired
conditions like JAK2-mutated myeloproliferative neoplasms. This baseline risk is further compounded by



dynamic factors including medications (such as antiplatelets, anticoagulation, hormonal contraception),
laboratory features (such as platelet counts or coagulation parameters), and progression of an underlying
disease (such as metastatic cancer). Thus, risk calculators must integrate chronic and acute risk factors to
predict an individual's risk for VTE at specific time points.[106] [107]

As in AF, anticoagulation remains the mainstay of VTE prevention but carries an inherent risk of bleeding
that can itself be life threatening.[108] Current guidelines recommend that the choice of agent, dose, and
duration of anticoagulation is tailored based on a patient's propensity to bleed, the severity of the
thrombosis, as well as likely triggers for the index thrombosis that can predict the risk for recurrence.[109]
[110] [111] Thus, these complex therapeutic decisions in VTE are high stakes and rely heavily on individual
clinician expertise and experience, which are inherently highly variable.

2.2.2 Engineering Perspective: Tailoring risk assessment

Digital Twins to enhance patient management. Digital twins can provide significant enhancements for
managing DVT and PE in several ways. First, digital twins can be designed to learn the patient-specific
balance of chronic and acute risk factors to adjust dynamic risk prediction from a patient-specific baseline
calibrated on population-based data. Lifestyle factors can also be integrated to create a detailed risk
profile of the patient that can adjust as new data become available (e.g., changes in mobility, onset of
symptoms) to guide personalized rehabilitation plans and suggest preventive measures, such as the use
of compression stockings, changes in medication, or increased physical activity. Second, digital twins can
simulate the progression of DVT and PE under various scenarios using underlying mechanistic models or
machine learning—based correlations, helping clinicians predict the likely course of the disease and
identify potential complications early. Finally, digital twins can also be used to monitor patients for signs
of recurrence, assess ongoing risk thanks to continuous data sources such as wearable devices, and
recommend follow-up care as needed.

VENOUS THROMBOEMBOLISM

MEDICAL DATA

Venous Complete duplex

\ ultrasound? ultrasound* J

DIGITAL TWIN

o

2

Clot growth Velocity profile

Il
il

Clot formation and velocity

CFD of venous flow* i 3
k profile in venous flow:

Fig. 3 From clinical data to personalised models: venous thromboembolism: venous thromboembolism.
Venous[205] and complete duplex[206] ultrasound data support models that predict clot formation,
simulate blood flow velocity,[117] and capture haemodynamics within the venous system via simulations
to assist in clinical decision-making.[112] These models can be augmented by including simulation of
biochemical reactions in the patient-specific blood flow using data from blood tests and clotting profiles.



Patient-specific predictions with Al. In VTE, mechanistic digital twinning involves the development of a 3D
model of the patient's venous system using imaging data, to replicate the patient-specific anatomy and
physiological conditions using CFD models. Patient-specific factors like blood viscosity, vessel elasticity,
and flow rates can be incorporated in the model.[112] [113] [114] Physiological simulations of the blood
flow dynamics,[115] clot formation, and dissolution processes[116] can then be applied to predict
patient-specific responses to anticoagulant therapy under venous flow conditions. [Fig. 3] illustrates
digital twin personalization strategies using VTE patient imaging data, with different ultrasound modalities
utilized to obtain information about the vein structure and thrombus locations, and CFD models then
applied to simulate haemodynamics underlying the clot formation.

However, digital twin simulations of the blood clotting and anticoagulation dynamics are computationally
expensive, warranting the use of Al. The Al integration implies the development of machine learning
algorithms using large datasets that include various patient responses to anticoagulant therapies.[117]
[118] [119] These Al models can learn patterns and predict outcomes based on newly available patient
data. This integration, however, relies on the ability to achieve fusion of information and comprehensive
data curation and integration. Where real-world datasets are too messy or incomplete to be used, Al can
be trained on the outcomes validated mechanistic simulations calibrated on in silico cohorts generated
from image and clinical datasets. Such Al training can include additional factors such as different
anticoagulant dosage, drug interactions, and individual patient risk factors. However, as for the LADT, the
incorporation of in silico training is promising but inevitably relies on a rigorous validation of the
mechanistic models it uses. Successful implementation therefore requires addressing challenges related
to model validation and verification and data quality before clinical adoption is possible.

Take-home message. VTE digital twins should emphasize fast diagnostic and short- to medium-term
management decisions. Because VTE symptoms are non-specific and recurrence is common, an area
where this approach could provide clinical benefit is a tailored and accurate analysis of the recurrence
risk that governs the duration of anticoagulation after thrombotic events, and a rapid diagnosis support
under high uncertainty.

2.3 Stroke and Atherosclerosis

Atherosclerosis is characterized by the accumulation of lipid material within the arterial wall, with
consequent progressive luminal stenosis by growth of plaques. Disturbed flow, characterized by low and
oscillating shear stresses, predisposes to a cascade of events that lead to plaque formation.[120] In this
context, branch points and bifurcations are especially prone to developing atherosclerotic lesions.[121]
Additionally, in recent years, the role of inflammation in the initiation and progression of atherosclerosis
has become increasingly recognized.[122]

2.3.1 Clinical challenges and knowledge gaps

Plaque growth mechanisms. The presence of atherosclerotic plaques has been documented in autopsy
studies of young children dying from unrelated conditions. It is therefore evident that the disease process
may start at a young age and progress throughout a person's life course; however, the rate at which it
progresses is accelerated by risk factors, in particular smoking, hypercholesterolaemia, hypertension,
diabetes mellitus, and overweight/obesity. All these conditions are characterized by endothelial
dysfunction, which in turn is largely attributable to the proinflammatory state typical of these diseases.
Endothelial dysfunction is associated with increased lipid uptake into the subintima, predominantly
through the binding of blood-borne cholesterol in the form of low-density lipoprotein (LDL) and very low-
density lipoprotein (VLDL). In regions where the wall shear stress (WSS) exerted by the flow on the arterial
wall is low and oscillating, the permeability of the intima to LDL increases, leading to pathological
inflammation, monocyte recruitment, and growth of sub-endothelial plaque.[123] Platelets also play a
crucial role in promoting inflammation through binding of leukocytes (so-called heterotypic aggregation)
and in monocyte recruitment and infiltration into the arterial wall.[124] [125] When the lipid-rich core of
the plaque is relatively small and the collagen-rich cap relatively thick, the plaque is stable. However, in



the reverse situation, it is unstable and prone to fissure or rupture, especially when the inflammatory cell
burden is high, exposing the blood circulation to the lipid-rich material within, which is highly
thrombogenic.[126] [127] Despite the mechanisms of plaque growth being well understood, plaque-level
biology remains invisible to classical scores and risk calculators integrate systemic exposures (e.g., age,
LDL) but cannot tell which artery harbours a vulnerable cap. There is also an inadequate ability to capture
biomechanical triggers of rupture as most clinical datasets do not include CFD-derived stress fields.
Further, sparse longitudinal cohorts and limited spatial omics impede an informed prediction of lesion
initiation and progression velocities.

Patient data. Technological advances now allow much relevant patient data to be gathered and stored
digitally. Different imaging modalities are used in different context, such as carotid or coronary plaques.
These include:

1. Data from blood samples on monocyte and neutrophil counts, as well as on circulating levels of
monocyte—platelet aggregates and monocyte phenotype;

2. Non-invasive carotid ultrasonography, to detect the presence of atherosclerotic plaque in large
extracranial arteries, and evaluate the degree of stenosis and, to a limited degree, plaque
composition. In the absence of overt plaque disease, it will also allow assessment of carotid
intima—media thickness, which has been shown to predict future cardiovascular risk;

3. Invasive angiography (usually reserved for candidates to carotid surgery), to outline the
distribution and severity of atherosclerotic disease in more detail than non-invasive
ultrasonography;

4. Intravascular ultrasound scanning, to provide greater detail on the degree of stenosis and the
internal anatomy of atherosclerotic plaques (e.g., volume of necrotic core versus fibrous cap);

5. Intravascular optical coherence tomography, to offer better resolution and visualization of the
vessel lumen, degree of atherosclerosis, and internal plaque structure than intravascular
ultrasound.

2.3.2 Engineering Perspective: mechanobiological models of atherosclerotic plaque

Blood dynamics plays a crucial role in creating the conditions that promote atherosclerosis. However,
atherosclerosis is a process that develops within the vessel wall. Thus, in principle, an accurate prediction
of plaque development should include the interaction between blood and vessel wall and the strong
interplay between macroscopic and microscopic scales that characterizes plaque formation.[128]
Specifically, a computational model for atherosclerosis should be able to accurately capture: (1) low and
oscillating WSS, which provokes a cascade of events at the cellular level whose final consequence is
plague formation; and (2) blood vessel geometry, which determines both the precise location of regions
of bifurcation and the nature of their interaction with low and oscillating WSS. This means that different
patients, characterized by different vascular anatomy and molecular processes, may develop
atherosclerosis differently. [Fig. 4] illustrates how patient-specific information, highlighted above under
(1) and (2), can be obtained from various medical imaging modalities, with patient-specific simulations
then applied to analyze the dynamics of plague growth and possible therapy response.
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Fig. 4 From clinical data to personalised models: atherosclerosis. Carotid ultrasound,[207] MRI[208] and
CT[209] angiography inform models that simulate plaque growth,[128] blood shear stress,[133] and LDL
concentration,[132] providing insights into disease progression and therapeutic response.

Furthermore, WSS, being the result of blood fluid dynamics, is dominated by the short time scale of the
cardiac cycle. However, the consequences on plague formation occur over a time scale of many years,
meaning mathematical models must also incorporate multiple temporal and spatial scales, as well as
patient-specific morphology. Although image-based CFD simulations are widely used to model blood flow
in the context of atherosclerosis,[129] [130] [131] [132] more recently models based on the solution of a
fluid-structure interaction problem (FSI) for blood and vessel wall have been proposed to couple the
macroscopic and microscopic models of plague formation and growth.[128] [133] Coupled differential
models have also been proposed to describe the inflammatory processes in the arterial wall.[134] [135]
However, most studies introduce a macro-to-micro scales feedback by adopting a relationship linking
WSS and the permeability of the endothelium[131] [135] or linking WSS and growth itself.[136] The
micro-to-macro scales feedback has been described by means of phenomenological growth laws[130]
[135] relating cellular concentrations to plaque thickness, or by including a growth tensor in the vessel
wall dynamics.

None of these models however addresses thrombus progression specifically. One of the first models to
include the effects of pro-thrombotic agents in blood, platelet adhesion, and thrombus growth was
proposed in the study by Anand et al.[137] More recently a deposition potential driven by
haemodynamics was successfully applied to patient-specific geometries,[138] and multiscale models that
include platelet adhesion were proposed.[139] As with many other disease processes, digital twin
technology is now at the point where it can model the progression of atherosclerosis with ever-increasing
precision thanks to technological advances and a better understanding of underlying pathogenetic
mechanisms. The goal for the next few years will be to demonstrate its capability to reliably predict
outcomes, as well as the utility of specific treatments, in individual patients. The most important and
challenging issue that now needs to be addressed by the digital twin community lies in the calibration of
such models. Here, we underscore three new challenges in which we should invest. The first one is the
collection of follow-up data for the same patients to incorporate information about the plague and/or
thrombus development over years, to assess the predictive capacity of the method. The second one is



the development of efficient and easily implementable numerical methods to solve the minimization
problem arising during calibration, to provide patient-specific (or at least reasonable) values of the model
parameters. Nowadays, this is often performed heuristically, by a trial-and-error strategy, since the most
efficient strategies (for example, gradient-like methods) are today hardly applicable to very noisy data.
Finally, the development and curation of standardized datasets at multiple scales is crucial to allow for
model benchmarking and validation, and ultimately for the clinical translation of the digital twin concept.

Take-home message. Atherosclerotic stroke twins should focus on the characterization of lesion
phenotype and growth to predict system-wide risk evolution. Multiscale coupling of patient-specific
haemodynamics and wall/plaque biology can inform lipid lowering and antiplatelet strategies, and
revascularization choices (e.g., carotid stenosis) within a multi-year trajectory.

3 Current Barriers and New Frontiers of Digital Twin Technologies
3.1 Calibration and validation: data and computational requirements for Al

Data limitations. Training data for the coagulation dynamics are often limited, sparse, or heterogeneous.
Large, comprehensive datasets of spatio-temporal clot formation encompassing both the macro and the
micro scale are rare and confined to research settings. Similarly, experimental data often consist of only
a few summary metrics (e.g., clotting times) at sparse time points, rather than full continuous
observations of all species, and present various degrees of experimental noise. These factors significantly
limit the quality of training data, which can be further compromised by variations in measurement
protocols and batch effects. A lack of a unified approach to data collection also makes it difficult to align
datasets derived from different sources or using different technologies.

Technological solutions. To address these data limitations, computational modelling must employ
advanced strategies. These include data imputation techniques, uncertainty quantification frameworks,
and robust training procedures capable of handling imperfect real-world datasets. Techniques like
transfer learning, physics-informed neural networks (PINNs), and Bayesian calibration methods can
alleviate some of these issues by embedding biophysical domain knowledge into the training process: for
example, PINNs encode conservation of mass and momentum in the blood flow and biochemical
advection—reaction—diffusion equations into their loss function, while Bayesian calibration incorporates
biophysically plausible priors into the model.

Validation strategies. Validation of model-based thrombosis models must involve rigorous comparison
with empirical evidence at multiple scales. Although summary metrics like clotting time and peak
thrombin levels provide a coarse reference point, more granular data are needed to evaluate model
performance. Recent microfluidic, chip-based vascular devices for mimicking thrombosis provide
invaluable resources to calibrate and validate multiscale computational models.[140] [141] [142] These
experimental phantoms enable reproducible strategies for both model calibration and validation,
addressing these limitations. Co-developing digital twins with organ-on-chip or other in-vitro vascular
platforms will thus enable a much-needed bidirectional workflow, where models guide hypothesis-driven
experiments, and experimental results serve as benchmark for model accuracy. These initial steps are
key before progressing to in-vivo validation of model predictions against clinical outcomes.

Take-home message. Digital twins for thrombosis face a common bottleneck: real-world clinical data are
sparse, noisy, and heterogeneous across scales. Credible twin models therefore need physics-aware
learning, Bayesian calibration with explicit uncertainty, and robust verification and validation.
Microfluidic/organ-on-chip platforms provide an excellent benchmark for calibration that is currently
under-utilized by the modelling community.

3.2 Integration of machine learning and multi-scale modelling

A common issue across all types of thrombosis modelling and prediction is the need to account for
multiscale processes. However, multiscale modelling alone often struggles with efficiently leveraging



large, diverse datasets, and its computational costs can be prohibitively high. Combining ML techniques
with physics-based multiscale models can yield more efficient workflows for patient-specific predictions.
While ML identifies correlations in large multimodal data, multiscale modelling can determine the
causality in these relationships and uncover underlying mechanisms in a deterministic fashion. Instead of
using either in isolation (which can lead to non-physiological predictions or inability to use large datasets),
new approaches should integrate both. This complementary interaction opens up new challenges and
opportunities in the development of predictive digital tools.[143]

Physics-based models (often in the form of PDEs with patient-specific boundary conditions)[11] [77] can
be used to regularize ML approaches, enabling them to learn from limited and noisy data that vary across
time and space. In Gaussian process regression, the PDEs can be used to generate physiologically
acceptable prior distributions, while in PINNs they are incorporated in the cost function of the network
to enforce known physical constraints while learning from data. The result is a “best of both worlds”
model that can predict an individual's thrombus formation dynamics under various conditions, grounded
in physiological knowledge and informed by patient data. Moreover, such models can be continuously
updated. These approaches have been used to tackle a range of applications in fluid dynamics, cardiac
electromechanics, and drug development.[69] [144] [145] [146] [147]

Although this integration holds great promise, significant open challenges remain. Biological systems are
governed by complex spatio-temporal interactions that are only partially understood. Traditional
multiscale modelling requires well-defined boundary conditions that are difficult to derive from real-
world biological data, leading to ill-posed problems or incorrect simplifications. Although physics-
informed ML models can approximate the behaviour of high-fidelity simulations at a fraction of the
computational cost, they are still informed by physical constraints in the underlying multiscale model,
and thus rely on its accuracy. These models also have inherent limitations due to their mathematical
formulations, such as the difficulty of capturing sharp gradients or the lack of generalizability in complex
spatial domains.

A critical question moving forward is how to ensure these Al-driven digital twins can be generalized across
different biological contexts. Answering this question requires a better understanding of the underlying
multiscale mechanisms and the establishment of validation workflows to span vastly different scales. For
example, in multiscale cardiac modelling, it is often unclear whether observed inaccuracies in simulations
arise from missing cellular-level mechanisms, organ-level anatomical features, or using inaccurate
constitutive equations. ML models, e.g., variational autoencoders and generative adversarial networks,
could help fill these gaps by learning latent representations of biological systems and suggesting missing
parameters or interactions that are not adequately captured by existing data.[148] Future studies should
therefore explore how generative Al modelling techniques can be used in conjunction with multiscale
modelling to infer unknowns systematically.

Take-home message. ML approaches coupled to multiscale biophysics models allow exploiting data
rapidly, while keeping physiology and causality notions. However, tackling sharp gradients, boundary
uncertainty, and complex domains demands hybrid approaches. A key challenge is to ensure that these
sophisticated twins can generalize both across anatomical domains and patient populations.

3.3 Risk as a dynamic variable that evolves in time

Modelling risk involves not only capturing high-dimensional phenomena across different spatial scales,
but also approximating their temporal evolution. Most current digital twins provide an individualized risk
assessment at the specific time point when the dataset was acquired. However, it is now increasingly
recognized that the concept of risk is not static, as the interactions between comorbidities, anatomical
and functional factors, and blood biomarkers are constantly evolving. Capturing the time-varying aspect
of risk is therefore essential for effective patient monitoring and classification.



This can be achieved by updating the digital twins using continuous or near-continuous data streams, for
example, from wearables or home-testing devices. The latter are well established for monitoring patients
on anticoagulation therapy using warfarin, e.g., Roche CoaguChek Systems to measure PT/INR from a
finger-stick blood sample or Abbott i-STAT 1 to perform rapid point-of-care coagulation tests. While these
portable monitors are widely used for medical purposes, wearable devices that detect changes in clotting
status are still largely in the research space. Next-generation biosensors will include flexible patches or
skin-adhesive sensors that track biomarkers (e.g., fibrinogen levels, platelet function) continuously.

Data-driven technologies have been developed to assess the risk “snapshots” at fixed time frames and
then extrapolate risk profiles in time. These approaches include probabilistic approaches (e.g., dynamic
Bayesian networks[149]) and deep learning (DL) networks. Notably amongst the latter, architectures that
treat time as an additional input parameter were proposed to allow for precise predictions over time
periods, comparable to those in the training data (e.g., Deep Operator Networks[150]). However, these
DL approaches assume the system's dynamics remain consistent—yet processes like fibrin formation,
platelet deposition, and fibrinolysis can introduce longer timescales not seen in training data. Other
recent developments include DL networks that can extract a compact set of latent variables encoding the
system state and learn a differential equation governing how these variables evolve in time to predict
dynamic states (e.g., latent dynamics networks[151]).

Thrombus formation spans across vastly different timescales: milliseconds for individual heartbeats,
seconds to minutes for platelet activation and thrombin generation, hours to days for clot development,
and months to years for disease progression. Capturing this range within a single predictive model
presents significant algorithmic challenges. Future research will thus need to address the integration of
multiple temporal scales, potentially through hybrid ML/DL—-mechanistic approaches (see “Integration of
machine learning and multi-scale modelling”) that capture these disparate timescales within a single
dynamic digital twin.

Take-home message. Twins of thrombosis risk must learn thrombus formation dynamics across disparate
timescales. More sophisticated mechanistic-ML approaches are needed to bridge milliseconds-to-
months behaviour. Continuous or near-continuous streams (home testing, emerging wearables) provide
a unique source of data to enable these new developments.

3.4 Bayesian inference models

For digital twin technology to be translated into clinically applicable tools, quantifying uncertainty in risk
estimates is essential. Given thrombosis can have life-threatening outcomes, every decision-support tool
must provide an estimation of the confidence in the prediction. To address this issue, Bayesian inference
has emerged as a foundational approach in risk models. By treating model parameters and outputs as
probability distributions rather than fixed values, Bayesian methods naturally incorporate uncertainty
arising from noisy data, patient variability, and model limitations. A formal Bayesian framework provides
a principled way to account for both measurement errors and model inaccuracies in complex biomedical
models. This is especially relevant for thrombosis, where certain risk factors might be unknown or not
measurable: Bayesian models can incorporate prior knowledge (e.g., from population studies or
mechanistic models) and update beliefs about a patient's risk as new patient data become available.

Recent studies have applied Bayesian techniques for model calibration and selection in medical contexts
and for propagating uncertainties through simulations using Gaussian process emulators.[152] [153] The
outcome is not a single risk score, but a probabilistic forecast: for example, a model might predict a 20%
probability of a clot forming within 6 months with a 95% credible interval of 15 to 25%. Such probabilistic
risk predictions are extremely important for clinical decision-making, as they convey confidence levels
and enable risk—benefit analysis for interventions. Moreover, Bayesian approaches can guide adaptive
data collection: if a model exhibits high uncertainty about a particular patient, it can suggest what new
test or information should be performed to reduce that uncertainty.

Take-home message. Embedding principles of Bayesian inference in the digital twins thus adds a layer of
rigour and transparency to individualized risk modelling. This approach addresses a current limitation of



many Al models—the lack of insight into their confidence—and moves the field towards more
trustworthy and clinically useful predictions.

3.5 Inferring causal pathways with Al: state of the art

Inferring causal pathways related to thrombosis and stroke risks using Al involves utilizing advanced ML
algorithms to decode the complex mechanisms underlying these conditions. Al models, particularly those
using causal discovery methods like Bayesian networks, can process large, multi-dimensional datasets to
reveal how factors such as blood clotting, vascular health, and patient-specific genetic or lifestyle factors
interact to influence the likelihood of thrombosis or stroke. These models move beyond simple
correlation, identifying not just associated risk factors, but also the specific causal pathways that
contribute to disease development.[154] This is crucial in understanding how the blood dynamics and
conditions like AF and hypertension converge to increase the risk of stroke and thrombosis, enabling
more targeted interventions.

The state of the art in Al-driven causal inference for thrombosis and stroke risk is rapidly advancing.[155]
For example, Chahine et al[156] discuss how causal discovery methods are being applied to large-scale
health data to identify pathways that predict stroke events, while Paul and Masood[157] illustrate the
shift from correlation to causation in Al models applied to cardiovascular disease (CVD). Richens et al[158]
have also demonstrated how causal Al can improve the interpretability and reliability of risk prediction
models, which could help clinicians better understand the specific factors driving CVD in individual
patients.

However, several barriers to inferring causal pathways for thrombosis and stroke remain. A key challenge
is the interpretability of complex Al models, particularly DL, which often functions as a “black box,”
obscuring how conclusions about causal pathways are reached. This lack of transparency makes it difficult
for clinicians to fully trust Al-generated insights.[159] Another challenge is the need for large, high-quality
datasets, as many causal inference models require rich temporal and physiological data that are not
always available in clinical settings. To overcome these challenges, future research should focus on
integrating explainable Al techniques, which aim to make Al decisions more transparent, and hybrid
models that combine Al's data-driven capabilities with mechanistic insights into CVD.[160] [161] These
advances could enhance the clinical utility of Al in predicting and managing stroke and thrombosis risks.

Take-home message. Causal Al can capture pathological mechanisms without the need for time-intensive
mechanistic models. However, lack of transparency poses a significant barrier to clinical trust and
adoption; explainability techniques leveraging causal Al should thus be incorporated in the twins.

3.6 Enabling in-silico trials to enhance trial design and save costs

How do digital twins fit into the in silico trial (IST) paradigm? They are effectively two sides of the same
coin. Where digital twins are focusing on developing patient-specific models that can inform treatment
of an individual, ISTs develop virtual populations (digital twins of a group of individuals). These virtual
populations do not have to mirror individuals but instead are statistically representative of a population
of individuals, hence making them easier to develop and deploy.

Modern clinical trials are expensive, take many years to run, and regularly fail due to the inability to recruit
enough subjects to power the trial. They are also often not ecologically valid due to the controlled
inclusion and exclusion criteria to prove the efficacy of the drug or device. ISTs can overcome these
problems. At each stage of clinical trials (from preclinical to phase Il onwards), ISTs can be used for early
proof-of-concept in drug development through to running multiple ISTs with different treatment
paradigms to improve the chance of real-world trial success.[162] ISTs can also improve the diversity of
the patient population, as virtual patients with different demographics can be recruited with relative ease.



Recent work has demonstrated the use of ISTs in ischaemic stroke, simulating thromboembolisms, tissue
death, and treatment via thrombectomy and thrombolysis.[39] [163] [164] [165] Populations of brain
geometries were developed along with simulations of cerebral oedema post-stroke.[166] [167] These ISTs
also went beyond what is clinically measurable by simulating the impact of clot fragmentation and micro-
emboli occluding distal vessels post stroke treatment.[168] [169] [170] Eventually, once fully validated in
a real-world clinical trial, these ISTs of stroke can be used for the development of new thrombolytic drugs
and novel stent designs. Another area where ISTs can provide benefit is in retinal diseases.[162]
Numerous conditions ranging from thromboembolic events, like retinal vein occlusion, diabetic
retinopathy, and age-related macular degeneration, along with the advancement of micro-resolution
imaging, make retinal conditions ideal for the development of ISTs. Although still lagging behind organs
like the heart and brain, retinal ISTs and digital twins are rapidly developing, with thromboembolic
conditions likely to be the first to be tackled.

ISTs will likely become a part of the regulator's evidence requirements, with the FDA leading the way in
developing guidelines for submission of digital evidence from ISTs.[171] A recent publication from the
FDA details a workflow for assessing the credibility of a medical device IST, and is a first step to standardize
IST submissions.[172] In the short term, ISTs will primarily be used for repurposing of already approved
devices in new environments, as well as testing minor modifications to approved devices. In the medium
term, there is an industry-driven push for the use of data-driven longitudinal virtual populations to replace
control arms in real-world clinical trials.[173] This augmentation of a real-world trial with virtual subjects
aims to reduce the number of subjects required for recruitment, hence reducing cost and risk of failure.

The long-term vision of ISTs is one where computational and Al models are used at every step of the
regulatory process, speeding up the time-to-market and reducing the cost of discovery and development.
Academically, there is a huge push in developing robust models of human physiology and treatment,
ranging from AF in the heart[174] to treatment of stroke and aneurysms[175] to virtual populations for
retinal diseases.[176] These models, once validated, can become the testing grounds for the next
generation of ISTs in tandem with industry and regulators.

Take-home message. In silico trials enable virtual cohort studies to de-risk design and costs of clinical
trials. Initial applications include augmentation of control arms and testing of device modifications, with
emerging regulatory workflows highlighting the need for probabilistic and transparent evidence.

3  Breaking the barriers to clinical adoption: confidence in the Twins’ predictions, uncertainty
guantification in models

Currently, treatment decisions rely on general population data from clinical trials, which is inadequate
given the wealth of real-time patient data available and advancements in computational power. Although
personalized digital twins hold great promise for enhancing clinical practices, fully realizing their potential
remains challenging.[177] [178] Effective deployment of digital twins warrants a robust representation of
individual health, which requires rigorous validation and uncertainty quantification (UQ).[179] [180]
Physicians often face uncertainty in clinical decision-making due to incomplete data, patient variability,
and evolving medical knowledge. Predictive modelling and digital twins do not eliminate uncertainty, and
it is crucial that these tools enhance physicians' decision-making capabilities rather than hinder them.
Therefore, UQ is essential for building trust in digital twins. Uncertainties should be tracked throughout
the entire modelling process, facilitating real-time interaction between digital and physical systems.

Unlike traditional models based on static, well-curated datasets, digital twins require continuous data
availability to adapt to dynamic personal changes and ensure long-term model integrity. These dynamic
updates cannot be limited to routine clinical check-ups, as such an approach could fail to capture the
complex and evolving nature of human physiology. Historically, healthcare has focused on computational
models that simulate typical physiological processes, with advancements over time only in modelling
complexity. However, advanced digital twins must be continuously recalibrated, receive regular updates,
and facilitate interactive feedback from users. Recent developments in cardiac electrophysiological
modelling and AI[181] [182] [183] [184] [185] have illustrated this by integrating medical imaging data for



personalized predictions that can help diagnose and treat conditions such as AF, a major precursor of
stroke. As these virtual representations adapt to new extensive information, practices for validation and
UQ must also evolve. Same as the digital twins themselves, the UQ processes must be tailored to
incorporate data from physical counterparts to effectively calibrate their virtual representations.

The quality, consistency, and availability of patient data directly influence the suitability of the digital
twin's design. Calibration processes can range from simple statistical techniques to sophisticated Al
training, depending on the model and data quality.[186] Additionally, data processing is crucial as errors
or uncertainties can also emerge during this stage. Bayesian inference methods, Kalman filters, and Monte
Carlo simulations have been employed to quantify these uncertainties in a range of medical applications,
such as inferring clinical haemodynamic parameters[69] [187] and identifying targets for AF treatment by
catheter ablation[161] [185] from the underlying patient imaging data.

The final crucial component of clinical adoption of digital twins involves the transfer of information from
the digital realm back to the physical environment, resulting in actionable predictions relevant to clinical
decision-making, health trajectory forecasting, and optimized treatment strategies.[188] [189]
Generating these predictions may appear straightforward, but complexities can arise in communicating
them effectively, necessitating a focus on building trust. Uncertainty at various stages, from model to
physical data, must be carefully conveyed alongside predictions. The assumptions behind digital twin
predictions should also be clearly communicated to earn the confidence of both clinicians and patients.
Engaging a diverse group of stakeholders, including the patients, medical professionals, and legal and
regulatory bodies within the digital twin ecosystem will be crucial in facilitating their efficient clinical
adoption.

Take-home message. Personalized digital twins can move care beyond population averages. However,
they must be designed as living, transparent models and rigorously validated. Future developments
should focus on achieving continuous updates and rigorous uncertainty quantification and propagation.
Clinician and patient dialogue is crucial in the design process to guide the translation of the twins'
predictions into clinical actions.

5. Privacy, security and route to regulatory approvals: responsible and safe Al in the ethical landscape
of highly personalised health data use

Digital twins are subject to varying regulatory frameworks depending on their architectural design.
Systems relying exclusively on physics-based models are governed by existing legacy software and medical
device regulations. In contrast, digital twin systems that incorporate Al, such as image segmentation
during data preprocessing, must adhere to region-specific Al regulations. The regulation of Al remains
fragmented across countries and regions. Although many governments prioritize rapid Al adoption as a
source of economic growth, there are still concerns from both governmental bodies and the public about
the detrimental consequences of limited oversight of this new technology, especially in high-risk areas
like healthcare.[190] In the United States (US) and the United Kingdom (UK), neither has enacted
comprehensive national or federal regulation specifically targeting Al, to aid acceleration of Al adoption—
hence, digital twin software (with or without Al) will adhere to the same regulation.

This fragmentation is reflected in the differing regulatory approaches to Al-based digital twin software
across jurisdictions ([Table 1]). In the UK, regulation is based on the Medical Devices Regulations 2002
and the UK General Data Protection Regulation (UK GDPR) 2018. The UK GDPR includes protections
against fully automated decision-making (Article 22; Recital 71).[191] [192] Proposed reforms under the
Data Protection and Digital Information Bill may relax some of these restrictions.[193] In parallel, the
Medicines and Healthcare products Regulatory Agency is leading initiatives to modernize oversight of Al-
assisted medical software.[194] In the US, no comprehensive federal framework governs Al in healthcare.
Regulation instead combines oversight by the US Food and Drug Administration with state-level
legislation. For example, California requires disclosure when generative Al communicates clinical
information to patients.[195] It also mandates physician-led decision-making in certain health insurance
contexts.[196] As a result, regulatory requirements vary across states. By contrast, the EU has adopted a
harmonized, risk-based approach through the EU Al Act (2024), building on the EU GDPR (2018). Under



this framework, Al-enabled medical devices and clinical decision support systems are typically classified
as high risk. These systems are subject to stringent conformity assessments and post-market surveillance.
Al systems employing “social scoring” to determine access to health benefits are explicitly prohibited as
an unacceptable risk.[197]

Table 1. Comparative overview of regulatory frameworks governing Al-based digital twin software in
healthcare across the UK, US, and European Union, including current legislation, Al-specific rules, and key
medical device software requirements

Jurisdiction |Current framework |Al-specific rules Key requirements (incl. medical device software policy)
United Medical Devices Medicines and Healthcare Medical device software policy: Software (including Al
Kingdom Regulations 2002 products and digital twins) that performs diagnostic, monitoring, or
(UK) UK General Data Regulatory Agency (MHRA)  |[therapeutic functions is treated as a medical device and

Protection Regulation |Software as a Medical Device |requires UK Conformity Assessed marking and MHRA

(2018), incl. Article 22 |(SaMD)/Al as Medical Device |conformity assessment.

and Recital 71 Regulatory Reform Program |Additional requirements: Human oversight for automated

Data Protection and Digital decisions; transparency and data minimization; algorithm

Information Bill (proposed) change management under forthcoming MHRA reforms.
United Food and Drug State-level rules (e.g., Medical device software policy: FDA classifies many Al-
States (US) [Administration California AB 3030 and SB enabled digital twins as SaMD; requires

regulation (FDA) of 1120 requiring disclosure and |safety/effectiveness evidence, real-world performance

SaMD human clinical authority) monitoring, and may require Predetermined Change

Health Insurance Control Plans for adaptive Al.

Portability and Additional requirements: State-driven variations in

Accountability Act oversight; disclosures when Al communicates clinical

(HIPAA) information; HIPAA-compliant data practices.

European Medical Device EU Al Act (2024): risk-based  |Medical device software policy: Under Medical Device
Union (EU) |Regulation (MDR classification (unacceptable, |Regulation, software for diagnosis or therapeutic decision

2017/745) high, limited, minimal risk) support is classified as a medical device; requires

EU General Data Conformité Européenne marking, clinical evaluation, and

Protection Regulation post-market surveillance.

(2018) Additional requirements: High-risk (medical) Al must
undergo conformity assessment; transparency and human
oversight obligations; robust risk management and data
governance.

Data privacy and security in digital twin systems are also governed by regional legislation, such as the
UK/EU GDPR. This presents a significant challenge for Al-based digital systems in particular, due to the
inherent difficulties in collecting and managing data across different sources. Federated learning (FL) has
emerged in recent years as a technique to address this challenge. It enables the implementation of Al
models across distributed data environments, allowing model training to occur locally at multiple data
sources without the need for centralized collection or direct access to raw training data.[198] In FL, local
nodes train a shared Al model while keeping data and computation on-site. Only model updates (e.g.,
model parameters or gradients) are exchanged, enhancing privacy by ensuring raw data remains local and
reducing the risk of sensitive data exposure.[199] Due to these benefits, FL has been proposed as a
solution for implementing Al in healthcare.[200] However, FL is not inherently compliant with the UK and
EU GDPR requirements.[201] Hence, when applying FL to Al-based digital twin systems for the purpose
of ensuring data privacy and security, careful attention must be paid to regulatory compliance.

Take-home message. Digital twins face patchwork regulation shaped by computational/Al models'
architecture and geography. To ensure compliance, twins should be built from the outset using a
“regulatory-by-design,” accounting for transparency, human oversight, and privacy.

6. Digital Twins in a hospital of the future

As healthcare needs and systems around the world evolve, the role and design of hospitals are also
changing. Some of the most common challenges faced by healthcare systems are overcoming workforce
shortages, improving remote access to healthcare, and reducing variability in the standard of healthcare
delivery. Digital twins can address these issues by efficiently storing and updating patient data and making
fast, technology-driven predictions that accelerate and democratize clinical decision-making. Such



predictions will be explainable, mechanistically transparent, and compliant with the current legal and
ethical regulations. The integration of digital twins in standard clinical care will inevitably rely on our
ability to build models that are generalizable beyond a single site and able to ingest real-world multimodal
data, as shown in the conceptual flowchart in [Fig. 5]. In our case, they will include assessing risk of
thrombogenesis and stroke from multimodal patient data (e.g., electronic health records, medical
imaging, genetics and population data) and selecting personalized treatments specific to the evolving
patient profile and disease state (AF- or VTE-related thrombogenesis, atherosclerosis). With the digital
twin and Al technologies used for monitoring, prediction, and care delivery both in real and “virtual”
hospitals, healthcare will become more accessible. Moreover, early predictions will enhance the focus on
patients' well-being and disease prevention, facilitating the shift from sick-care to true personalized
healthcare. In this context digital twin implementation could deliver tangible clinical benefits:

e Reduce stroke rates through earlier identification of high-risk patients

e Decrease bleeding complications via personalized anticoagulation dosing

e Shorter hospital stays by optimizing treatment timing

e Lower healthcare costs through prevention rather than emergency intervention

e Improve equity by providing expert-level risk assessment in resource-limited settings
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Fig. 5 The hospital of the future. Conceptual flowchart of the hospital of the future, illustrating the
integration of digital twins and Al. Data from multiple healthcare centres, including medical imaging and
electronic health records, is used to create predictive simulations and outcome forecasts. These insights
are delivered to clinicians via a clinical platform, supporting more accurate diagnosis, personalised
treatment, and improved risk assessment. Patient outcomes are fed back to continuously refine the
models.

Policy makers and executives worldwide should consider how they can build upon the acceleration of
digital twin and Al innovations today and plan for a better future.

Conclusion

Digital twin technologies for thrombosis measure risk as a dynamic quantity that can be monitored and
acted upon across AF, VTE, and atherosclerotic disease. These models must be multiscale and have the
ability to capture vastly different timescale via a single predictive engine. Delivering this vision hinges on
robust, reproducible, and regulated workflow. Immediate priorities (0—-2 years) are therefore validation
studies, shared regulatory standards, and efficient integration with electronic health records and imaging
data. Medium-term goals (2—5 years) should focus on multi-centre clinical trials, real-time model
updating, and the development of causal Al frameworks that link mechanisms to outcomes. The long-
term vision (5—10 years) is routine deployment of digital twins in hospital workflows and extension to
other thrombo-inflammatory diseases. Achieving these goals will enable transparent, continuously
learning systems that support equitable and preventive thrombosis care.
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