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The 'Digital Twin' to enable the vision of precision cardiology
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Providing therapies tailored to each patient is the vision of precision medicine, enabled by the increasing ability to capture extensive data about individual patients. In this position paper, we argue that the second enabling pillar towards this vision is the increasing power of computers and algorithms to learn, reason, and build the 'digital twin' of a patient. Computational models are boosting the capacity to draw diagnosis and prognosis, and future treatments will be tailored not only to current health status and data, but also to an accurate projection of the pathways to restore health by model predictions. The early steps of the digital twin in the area of cardiovascular medicine are reviewed in this article, together with a discussion of the challenges and opportunities ahead. We emphasize the synergies between mechanistic and statistical models in accelerating cardiovascular research and enabling the vision of precision medicine.

....

Introduction

Providing therapies that are tailored to each patient, and that maximize the efficacy and efficiency of our healthcare system, is the broad goal of precision medicine. The main shift from current clinical practice is to take inter-individual variability into greater account. This exciting vision has been championed by the -omics revolution, i.e., the increasing ability to capture extensive data about the pathophysiology of the patient. [START_REF] Antman | Precision medicine in cardiology[END_REF][START_REF] Trayanova | From genetics to smart watches: developments in precision cardiology[END_REF] This -omics approach has already delivered great achievements, especially in the management of specific cancer conditions. [START_REF] Collins | A new initiative on precision medicine[END_REF] Nevertheless, the initial conception of precision medicine has already been criticized for being too centred in genomics and failing to address challenges of clinical management. [START_REF] Joyner | Promises, promises, and precision medicine[END_REF] The concept is thus gradually widening, shifting from the original gene-centric perspective to the wide spectrum of lifestyle, environment, and biology data. [START_REF] Khoury | Precision medicine vs preventive medicine[END_REF][START_REF] Noble | Evolution beyond neo-Darwinism: a new conceptual framework[END_REF] In this context, we argue that the definition of optimal therapy options requires a mechanistic understanding that links all levels from genetic and molecular traces to the pathophysiology, lifestyle and environment of the patient, and back. Precision medicine requires, not only better and more detailed data, but also the increasing ability of computers to analyse, integrate, and exploit these data, and to construct the 'digital twin' of a patient. In health care, the 'digital twin' denotes the vision of a comprehensive, virtual tool that integrates coherently and dynamically the clinical data acquired over time for an individual using mechanistic and statistical models. [START_REF] Alber | Integrating machine learning and multiscale modeling-perspectives, challenges, and opportunities in the biological, biomedical, and behavioral sciences[END_REF] This borrows but expands the concept of 'digital twin' used in engineering industries, where in silico representations of a physical system, such as an engine or a wind farm, are used to optimize design or control processes, with a real-time connection between the physical system and the model. [START_REF] Tao | Digital twin-driven product design, manufacturing and service with big data[END_REF] This position paper claims that precision cardiology will be delivered in a synergetic fashion that combines induction, by using statistical models learnt from data, and deduction, through mechanistic modelling and simulation integrating multiscale knowledge and data. [START_REF] Lamata | Teaching cardiovascular medicine to machines[END_REF] These are the two pillars of the digital twin (Figure 1). We review the state of the art of the interplay between such models that supports this vision, considering that there are already excellent independent review papers in the fields of statistical [START_REF] Shameer | Machine learning in cardiovascular medicine: are we there yet?[END_REF][START_REF] Rumsfeld | Big data analytics to improve cardiovascular care: promise and challenges[END_REF][START_REF] Dey | Artificial intelligence in cardiovascular imaging: JACC state-of-the-art review[END_REF] and mechanistic [START_REF] Niederer | Computational models in cardiology[END_REF][START_REF] Johnson | Enabling precision cardiology through multiscale biology and systems medicine[END_REF] models for cardiovascular medicine.

Mechanistic models encapsulate our knowledge of physiology and the fundamental laws of physics and chemistry. They provide a framework to integrate and augment experimental and clinical data, enabling the identification of mechanisms and/or the prediction of outcomes, even under unseen scenarios without the need for retraining. [START_REF] Davies | Recent developments in using mechanistic cardiac modelling for drug safety evaluation[END_REF] Examples of such mechanistic models are the bidomain equations for cardiac electrophysiology [START_REF] Tung | A bi-domain model for describing ischemic myocardial D-C potentials[END_REF] or the Navier-Stokes equations for coronary blood flow. [START_REF] Sherwin | Computational modelling of 1D blood flow with variable mechanical properties and its application to the simulation of wave propagation in the human arterial system[END_REF] In a complementary manner, statistical models encapsulate the knowledge and relations induced from the data. They allow the extraction and optimal combination of individualized biomarkers with mathematical rules. Examples of statistical models applied to computational cardiology are random forests for assessment of heart failure severity [START_REF] Guidi | Random forest for automatic assessment of heart failure severity in a telemonitoring scenario[END_REF] or Gaussian processes to capture heart rate variability. [START_REF] Stegle | Gaussian process robust regression for noisy heart rate data[END_REF] There are clinical needs that can be solved with a single modelling approach. But both mechanistic and statistical models have limitations that can be addressed by combining them. Mechanistic models are constrained by their premises (assumptions and principles), while statistical models are constrained by the observations available (the amount and diversity of data). A mechanistic model may be a good choice when a good understanding of the system is available. A statistical model, on the other hand, can serve to find predictive relations even when the underlying mechanisms are poorly understood or are too complex to be modelled mechanistically. The rest of the article describes the synergies between mechanistic and statistic models (see Figure 2 for an overview), motivated by actual clinical problems and needs, with specific representative components of the digital twin. Supplementary material online reviews the model synergies for exploiting and integrating clinical data.

Mechanistic and statistical model synergy for improving clinical decisions

Technical, ethical, and financial constraints limit the data acquisition needed to assist clinical decision-making. [START_REF] Shameer | Machine learning in cardiovascular medicine: are we there yet?[END_REF][START_REF] Rumsfeld | Big data analytics to improve cardiovascular care: promise and challenges[END_REF] Synergy between mechanistic and statistical models has shown value in aiding diagnosis, treatment, and prognosis evaluation. A fully developed digital twin will combine population and individual representations to optimally inform clinical decisions (Figure 3).

Model synergy in aiding diagnosis

Models can pinpoint the most valuable piece of diagnostic data. An example is the simulation study that revealed that fibrosis and other pulmonary vein properties may better characterize susceptibility to atrial fibrillation. [START_REF] Roney | Variability in pulmonary vein electrophysiology and fibrosis determines arrhythmia susceptibility and dynamics[END_REF] Models can also reliably infer biomarkers that cannot be directly measured or that require invasive procedures. For instance, the combination of cardiovascular imaging and computational fluid dynamics enables non-invasive characterizations of flow fields and the calculation of diagnostic metrics in the domains of coronary artery disease, aortic aneurysm, aortic dissection, valve prostheses, and stent design. [START_REF] De Jaegere | Patient-specific computer modeling to predict aortic regurgitation after transcatheter aortic valve replacement[END_REF][START_REF] Gray | Patient-specific cardiovascular computational modeling: diversity of personalization and challenges[END_REF][START_REF] Morrison | The role of computational modeling and simulation in the total product life cycle of peripheral vascular devices[END_REF][START_REF] Dillon-Murphy | Multi-modality image-based computational analysis of haemodynamics in aortic dissection[END_REF][START_REF] Morris | Virtual" (computed) fractional flow reserve[END_REF] The key to guide diagnosis is the personalization of a mechanistic model to the actual health status of the patient as captured in available clinical data. In this personalization process, statistical models enable robust and reproducible analysis of clinical data and infer missing parameters. An example of this synergy is the assessment of left ventricular myocardial stiffness and decaying diastolic active tension by fitting mechanical models to pressure data and images during diastole. [START_REF] Xi | The estimation of patient-specific cardiac diastolic functions from clinical measurements[END_REF][START_REF] Wang | Left ventricular diastolic myocardial stiffness and end-diastolic myofibre stress in human heart failure using personalised biomechanical analysis[END_REF] Another example is the non-invasive computation of pressure drops in flow obstructions, [START_REF] Krittian | A finite-element approach to the direct computation of relative cardiovascular pressure from time-resolved MR velocity data[END_REF][START_REF] Donati | Non-invasive pressure difference estimation from PC-MRI using the work-energy equation[END_REF] such as aortic stenosis or aortic coarctation, which has been proven more accurate than methods recommended in clinical guidelines. [START_REF] Donati | Beyond Bernoulli: improving the accuracy and precision of non-invasive estimation of peak pressure drops[END_REF] Models have also been used to derive fractional flow reserve from computed tomography (CT) to non-invasively identify ischaemia in patients with suspected coronary artery disease, avoiding invasive catheterized procedures. [START_REF] Morris | Virtual" (computed) fractional flow reserve[END_REF][START_REF] Nørgaard | Diagnostic performance of noninvasive fractional flow reserve derived from coronary computed tomography angiography in suspected coronary artery disease[END_REF][START_REF] Min | Noninvasive fractional flow reserve derived from coronary CT angiography[END_REF][START_REF] Rajani | Non-invasive fractional flow reserve using computed tomographic angiography: where are we now and where are we going?[END_REF] Some diagnostic medical devices based on personalized mechanistic models have already reached their industrial translation and clinical adoption. HeartFlow FFR CT Analysis (HeartFlow, USA) and CardioInsight (Medtronic, USA) use patient-specific mechanistic models to non-invasively calculate clinically relevant diagnostic indexes and have received clearance from the USA Food and Drug Administration (FDA). [START_REF] Morrison | Advancing regulatory science with computational modeling for medical devices at the FDA's Office of Science and Engineering Laboratories[END_REF] HeartFlow predicts fractional flow reserve by means of a personalized 3D model of blood flow in the coronary arteries. [START_REF] Min | Noninvasive fractional flow reserve derived from coronary CT angiography[END_REF] In the CardioInsight mapping system, the electrical activity on the heart surface is recovered from body surface potentials using a personalized model of the patient's heart and torso. [START_REF] Haissaguerre | Noninvasive panoramic mapping of human atrial fibrillation mechanisms: a feasibility report noninvasive panoramic mapping of human atrial fibrillation mechanisms. Introduction[END_REF] 

Model synergy in guiding treatments

A digital twin may indicate whether a medical device or pharmaceutical treatment is appropriate for a patient by simulating device response or dosage effects before a specific therapy is selected.

The benefits of cardiac resynchronization therapy (CRT) have been demonstrated in patients with prolonged QRS duration. However, uncertainty remains in patients with more intermediate electrocardiogram (ECG) criteria. [START_REF] Daubert | Avoiding non-responders to cardiac resynchronization therapy: a practical guide[END_REF] To guide decision-making in this 'grey zone', approaches using mechanistic modelling have investigated the role of different aetiologies of mechanical discoordination in CRT response. [START_REF] Niederer | Length-dependent tension in the failing heart and the efficacy of cardiac resynchronization therapy[END_REF] For example, a novel radial strain-based metric was defined based on simulations of the human heart and circulation to differentiate patterns of mechanical discoordination, suggesting that the response to CRT could be predicted from the presence of nonelectrical substrates. [START_REF] Lumens | Differentiating electromechanical from non-electrical substrates of mechanical discoordination to identify responders to cardiac resynchronization therapy[END_REF] Statistical methods were used to verify these findings in a clinical cohort, and the novel index remained useful in predicting response in the clinical 'grey zone', creating the opportunity to improve patient selection in the group with intermediate ECG.

Another example is the improvements in ablation guidance of infarct-related ventricular tachycardia, where the accurate identification of patient-specific optimal targets is provided before the clinical procedure. [START_REF] Prakosa | Personalized virtual-heart technology for guiding the ablation of infarct-related ventricular tachycardia[END_REF] Mechanistic models can propose novel electroanatomical mapping indices to locate critical sites of re-entry formation in scar-related arrhythmias, aid acquisition and quantitative interpretation of electrophysiological data, and optimize future clinical use. [START_REF] Hill | Investigating a novel activation-repolarisation time metric to predict localised Vulnerability to reentry using computational modelling[END_REF] The industrial translation and clinical adoption of models for guiding treatment are exemplified by the optimal planning of valve prosthesis with the HEARTguide TM platform (FEops nv, Belgium), or by the platform to guide ventricular tachycardia ablations (inHeart, France). 

Model synergy in evaluating prognosis

While statistical modelling allows for categorizing patients based on the probability of various outcomes, mechanistic modelling provides more insights to support or reject the categorization.

For example, model synergies represent an exciting approach to interpret structure-function relationships and improve risk prediction in inherited disease conditions, such as hypertrophic cardiomyopathy (HCM). Relationships among specific ECG changes, ventricle morphologies, and sudden cardiac death have been inferred from observations. [START_REF] Alfonso | Clinical significance of giant negative T waves in hypertrophic cardiomyopathy[END_REF][START_REF] Pelliccia | Outcomes in athletes with marked ECG repolarization abnormalities[END_REF] However, the complex process of translating underlying heterogeneous substrates in HCM to ECG findings is still poorly understood, and there exists a 'grey zone' of clinical decisionmaking in the low-risk patient subgroups, specifically when deciding on restriction of involvement in professional sports. [START_REF] Pelliccia | Recommendations for participation in competitive sport and leisure-time physical activity in individuals with cardiomyopathies, myocarditis and pericarditis[END_REF] In this context, by using methods of statistical inference and mathematical modelling (see Figure 4), HCM patients were categorized into phenogroups based on ECG biomarkers extracted from 24-h ECG recordings, [START_REF] Lyon | Distinct ECG phenotypes identified in hypertrophic cardiomyopathy using machine learning associate with arrhythmic risk markers[END_REF] and the aetiology of each ECG phenogroup linked with different underlying substrates, suggesting ion-channel and conduction system abnormalities. [START_REF] Passini | Mechanisms of pro-arrhythmic abnormalities in ventricular repolarisation and anti-arrhythmic therapies in human hypertrophic cardiomyopathy[END_REF][START_REF] Lyon | Electrocardiogram phenotypes in hypertrophic cardiomyopathy caused by distinct mechanisms: apico-basal repolarization gradients vs. Purkinje-myocardial coupling abnormalities[END_REF] The results directly highlighted the potential of personalized anti-arrhythmic approaches in the treatment of HCM patients, and addressed the low-risk patients, showing that a normal ECG might indeed be the discriminatory factor signalling minimal ionic remodelling, fibrosis, disarray, and ischaemia in these 'grey zone' patients.

Models have also been used in the prediction of arrhythmic events in post-myocardial infarction, outperforming existing clinical metrics including ejection fraction. [START_REF] Arevalo | Arrhythmia risk stratification of patients after myocardial infarction using personalized heart models[END_REF] When the amount of data is not sufficient to inform state-of-the-art machine learning methods, statistical methods can still prove useful. An example is the use of principal component analysis to account for right ventricular motion in predicting survival in pulmonary hypertension, [START_REF] Dawes | Machine learning of three-dimensional right ventricular motion enables outcome prediction in pulmonary hypertension: a cardiac MR imaging study[END_REF] or to identify signatures of anatomical remodelling that predict a patient's prognosis following CRT implantation. [START_REF] Warriner | An asymmetric wall-thickening pattern predicts response to cardiac resynchronization therapy[END_REF] While statistical models allow predictions, mechanistic models provide the underlying explanations. Understanding the actual meaning of the selected features improves the plausibility of findings and increases their credibility. For both approaches, quantifying uncertainty of prediction can help identify cases that may require further review, while building trust in cases where models are shown to be robust. [START_REF] Mirams | Uncertainty and variability in computational and mathematical models of cardiac physiology[END_REF][START_REF] Pathmanathan | Ensuring reliability of safety-critical clinical applications of computational cardiac models[END_REF] Mechanistic and statistical model synergy to accelerate evidence generation While digital twin technologies in cardiology show promising research results, only a small number of models have reached clinical translation. The difficulties encountered include the need to increase validation, lack of clinical interpretability, and potentially obscure model failures. [START_REF] Winslow | Computational medicine: translating models to clinical care[END_REF] Therefore, solid evidence for the generalization of preliminary findings and efficient testing strategies are needed. Even when these barriers are overcome, rigid assessment of algorithmic performance and quality control from regulatory bodies can slow down the adoption. In this context, model synergy can be used to accelerate the integration of novel technologies into clinical practice by increasing clinical interpretability, validating generality of findings, and accelerating regulatory decision-making.

Model validation towards generality of findings

The goal after validating an initial concept is to extend it to a more general patient cohort, with less controlled characteristics. The problem of sampling bias, based on both intrinsic (physiological) and extrinsic (environmental) demographic heterogeneity of the population, becomes relevant when implementing solutions for broader patient cohorts. [START_REF] Kurokawa | Sex hormonal regulation of cardiac ion channels in drug-induced QT syndromes[END_REF][START_REF] Niemeijer | ABCB1 gene variants, digoxin and risk of sudden cardiac death in a general population[END_REF] Consequently, models (as clinical guidelines) may need recalibrations when used on populations from different countries or ethnicities, or even from different centres in the same country. In recent years, only 6% of artificial intelligence algorithms had external evaluation performed (note this is beyond the minimum requirement of using the learning, validation, and testing partitions of the data), and none adopted the three design criteria of a robust validation: diagnostic cohort design, the inclusion of multiple institutions, and prospective data collection. [START_REF] Kim | Design characteristics of studies reporting the performance of artificial intelligence algorithms for diagnostic analysis of medical images: results from recently published papers[END_REF] The quality of datasets also needs to be thoroughly validated to avoid possible biases before the models developed from them can be integrated in clinical decision-making. [START_REF] Chang | Uncertainty quantification reveals the importance of data variability and experimental design considerations for in silico proarrhythmia risk assessment[END_REF] To address this issue, an increasing number of institutions are creating initiatives for data-sharing platforms, aiming at reusing existing datasets and verifying published research works. [START_REF] Dey | Data sharing and cardiology[END_REF] Governments, regulatory agencies, and philanthropic funders are promoting the open science culture, enforcing publishing patient-level data by means of compliance to product launching, funding application, and journal publishing. [START_REF] Schiltz | Science without publication paywalls: cOAlition S for the realisation of full and immediate open access[END_REF] Another approach to improve the generality of data is the generation of synthetic cases of a representative wider population. The core idea is to expand the average mechanistic model to obtain populations of models, all of them parameterized within the range of physiological variability obtained by experimental protocols. [START_REF] Britton | Experimentally calibrated population of models predicts and explains intersubject variability in cardiac cellular electrophysiology[END_REF][START_REF] Sa ´nchez | Inter-subject variability in human atrial action potential in sinus rhythm versus chronic atrial fibrillation[END_REF] Such an approach, which allows investigating many more scenarios than possible experimental acquisitions, is not only able to evaluate the impact of physiological variability but to explain the mechanisms underpinning inter-individual variability in therapy response (e.g. adverse drug reactions), and to identify sub-populations at higher risk. [START_REF] Passini | Human in silico drug trials demonstrate higher accuracy than animal models in predicting clinical pro-arrhythmic cardiotoxicity[END_REF][START_REF] Sa ´nchez | Atrial fibrillation dynamics and ionic block effects in six heterogeneous human 3D virtual atria with distinct repolarization dynamics[END_REF] Statistical shape modelling techniques can represent interpatient anatomical variability for a cohort, and be used in combination of mechanistic models for clinical decision support systems. [START_REF] Liang | A machine learning approach to investigate the relationship between shape features and numerically predicted risk of ascending aortic aneurysm[END_REF] As in traditional scientific research, mechanistic and statistical models are complementary tools to verify the findings derived from one another. Finding a mechanistic explanation of an inductive inference from statistical models increases its plausibility, such as the redistribution of work in the left bundle branch block to explain the remodelling pattern that predicts response to CRT. [START_REF] Warriner | An asymmetric wall-thickening pattern predicts response to cardiac resynchronization therapy[END_REF] Equivalently, data computed from mechanistic models need to be scrutinized quantitatively as it was done in the comparison of clinical and simulation groups to validate a model for acute normovolaemic haemodilution. [START_REF] Sims | Validating the physiologic model HumMod as a substitute for clinical trials involving acute normovolemic hemodilution[END_REF] An important final remark is that randomized control trials will always be needed to establish evidence that can never be obtained from large observational databases. [START_REF] Herna ´n | Using big data to emulate a target trial when a randomized trial is not available: table 1[END_REF] 

Models as critical tools for accelerating regulatory decision-making

Clinical decisions are built on evidence from bench to bedside. Regulatory decisions, on the contrary, are often based on heterogeneous, limited, or completely absent human data, as in the case of approval for first-in-human clinical trials. In this regard, the results of computational models can now be accepted for some regulatory submissions. [START_REF] Colatsky | The Comprehensive in Vitro Proarrhythmia Assay (CiPA) initiative-update on progress[END_REF][START_REF] Cavero | CiPA: ongoing testing, future qualification procedures, and pending issues[END_REF] Digital evidence obtained using computer simulations can be used for safety of therapy prior to first-in-human use, or under scenarios not ethically possible in human. [START_REF] Morrison | Advancing regulatory science with computational modeling for medical devices at the FDA's Office of Science and Engineering Laboratories[END_REF] Computational models have an increasingly important role in the overall product life cycle management, proving useful in the processes of design optimization for development and testing, supplemental non-clinical testing, and post-market design changes and failure assessment. [START_REF] Morrison | The role of computational modeling and simulation in the total product life cycle of peripheral vascular devices[END_REF] The development process for medical devices involves manufacturing and testing samples under a wide range of scenarios, which is often time-consuming and financially overwhelming. Moreover, preclinical testing conditions are often very simplified with respect to the actual patient environment. Statistical and mechanistic models synergistically offer to streamline this process, where statistical models can be used to collect a representative virtual patient cohort, and mechanistic models can then be used to simulate the device behaviour under defined scenarios. In this way, new devices can be tested in a representative virtual patient population, thereby decreasing the risk before moving to an actual clinical trial. An example is HEARTguide TM (FEops nv, Belgium), where device-patient interactions after transcatheter aortic valve implantation can be predicted. [START_REF] De Jaegere | Patient-specific computer modeling to predict aortic regurgitation after transcatheter aortic valve replacement[END_REF] The augmentation of clinical trial design with virtual patients is also an evolving idea. [START_REF] Pappalardo | In silico clinical trials: concepts and early adoptions[END_REF][START_REF] Viceconti | In silico clinical trials: how computer simulation will transform the biomedical industry[END_REF][START_REF] Haddad | Incorporation of stochastic engineering models as prior information in Bayesian medical device trials[END_REF] This would overcome limitations of current empirical trials, where patients burdened with comorbidities or complex treatment regimens are often excluded from the trials, and enrolled individuals are handled under reductionist approaches, assuming they share a common phenotype. Such approaches often fail to capture differences in response to treatment. [START_REF] Pappalardo | In silico clinical trials: concepts and early adoptions[END_REF] Alternatively, computational evidence can inform collection of novel evidence from clinical trials, [START_REF] Cikes | Machine-learning integration of complex echocardiographic patterns and clinical parameters from cohorts and trials[END_REF][START_REF] Morrison | Advancing regulatory science with computational modeling for medical devices at the FDA's Office of Science and Engineering Laboratories[END_REF] where models can improve patient selection by derived biomarkers and predictions. This offers an opportunity to answer questions traditionally restricted by financial or ethical considerations, and to investigate therapy efficacy in more clinically relevant cases. Computational modelling can also facilitate safe methods to explore treatment effects in sub-populations clinically more complex to address, such as patients with rare diseases or paediatric cohorts, and therefore may allow for insights not possible in the current clinical trial practice.

One of the first examples in which digital evidence (i.e. an in silico trial) replaced any additional clinical evidence was in the approval of the Advisa MRI SureScan pacemaker (Medtronic, Inc.). [START_REF] Faris | An FDA viewpoint on unique considerations for medicaldevice clinical trials[END_REF] Another powerful example is a computer simulator of type 1 diabetes mellitus, [START_REF] Kovatchev | In silico preclinical trials: a proof of concept in closed-loop control of type 1 diabetes[END_REF] which was accepted by the FDA as a substitute to animal trials for the pre-clinical testing of control strategies in artificial pancreas studies. Later, an investigational device exemption (i.e. the approval needed to initiate a clinical study), issued solely on the basis of modelling testing, was granted by the FDA for a closed-loop control clinical trial of the safety and effectiveness of the proposed artificial pancreas algorithm.

In the context of drug safety and efficacy assessment, an unmet need is filling the gaps between animal translation or in vitro preparations and prediction of the human response. Mechanistic models may assist in scaling observations into humans. [START_REF] Zemzemi | Computational assessment of drug-induced effects on the electrocardiogram: from ion channel to body surface potentials[END_REF] This is, for example, the goal of the CIPA initiative, [START_REF] Cavero | CiPA: ongoing testing, future qualification procedures, and pending issues[END_REF] sponsored by the FDA among others, aiming at facilitating the adoption of a new paradigm for assessment of potential risk of clinical Torsades de Pointes, where mechanistic models of human electrophysiology will play a crucial role. This is reinforced by a recent study in which human in silico trials outperformed animal models in predicting clinical pro-arrhythmic cardiotoxicity, so they might be soon integrated into existing drug safety assessment pipelines. [START_REF] Passini | Human in silico drug trials demonstrate higher accuracy than animal models in predicting clinical pro-arrhythmic cardiotoxicity[END_REF] Finally, after a product is launched, mechanistic models can be still used for post-market re-evaluation and failure assessment in order to identify any potential underlying problems. This creates a valuable opportunity for simulations to evaluate any design changes planned for next-generation productions, ultimately closing the product life cycle loop, and demonstrating the ubiquitous presence and utility of statistical and mechanistic models in the future of medical product regulation.

Discussion

The digital twin, i.e., the dynamic integration and augmentation of patient data using mechanistic and statistical models, is the actual pathway towards the vision of precision medicine. Simple and fragmented components of the digital twin are already used in clinical practice: a decision tree in a clinical guideline encapsulates the bestdocumented evidence that is based in statistical and mechanistic insights. The digital twin will gradually include tailored computerenabled decision points, and create the transition from healthcare systems founded on describing disease to healthcare systems focused on predicting response, and thus shifting treatment selection from being based on the state of the patient today to optimizing the state of the patient tomorrow.

Envisioned impact and timeline

The digital twin provides a pathway to map current patient observations into a predictive framework, combining inductive and deductive reasoning. Early components of the digital twin are already making a clinical impact. In a generic clinical workflow divided in the stages of data acquisition, diagnosis, and therapy planning, computational models can provide value in the three stages, see Figure 5. To improve data acquisition techniques, there are already statistical models to automate the image analysis tasks. [START_REF] Dey | Artificial intelligence in cardiovascular imaging: JACC state-of-the-art review[END_REF] To provide better diagnosis, a virtual fractional flow reserve can replace an invasive catheter, [START_REF] Morris | Virtual" (computed) fractional flow reserve[END_REF][START_REF] Rajani | Non-invasive fractional flow reserve using computed tomographic angiography: where are we now and where are we going?[END_REF] or the body surface recordings can be mapped to the surface of the heart. [START_REF] Haissaguerre | Noninvasive panoramic mapping of human atrial fibrillation mechanisms: a feasibility report noninvasive panoramic mapping of human atrial fibrillation mechanisms. Introduction[END_REF] With regards to therapy planning, a virtual deployment of the valve replacement [START_REF] De Jaegere | Patient-specific computer modeling to predict aortic regurgitation after transcatheter aortic valve replacement[END_REF][START_REF] Rocatello | Patient-specific computer simulation to elucidate the role of contact pressure in the development of new conduction abnormalities after catheter-based implantation of a self-expanding aortic valve[END_REF] or a roadmap to guide ablation procedures [START_REF] Andreu | 3D delayed-enhanced magnetic resonance sequences improve conducting channel delineation prior to ventricular tachycardia ablation[END_REF][START_REF] Cedilnik | Fast personalized electrophysiological models from computed tomography images for ventricular tachycardia ablation planning[END_REF] represents existing techniques (statistical and mechanistic) that have been implemented into the clinical workflow. These solutions have thus met regulatory approval, where they are referred to as 'software as a medical device', and where guidelines from the International Medical Device Regulators Forum are accepted by the EU and the USA.

A digital twin will follow the life journey of each person and harness both data collected by wearable sensors and lifestyle information that patients may register, shifting the clinical approach towards preventive healthcare. A notable challenge is the integration of these data with healthcare organizations, where security and confidentiality of the sensitive information remain paramount.

The currently still fragmented and incipient concept of the digital twin will be gradually crystallized and adopted during the next 5-10 years. The holistic integration of a Digital Twin is the aspiration that will be reached through two complementary and synergetic pathways: the first is the refinement of key decision points in the management of cardiac disease, driven by personalized mechanistic models that are informed by key pieces of patient's data; and the second is the disease-centred optimization of the patient's lifetime journey through the healthcare system, driven by statistical models being informed by the electronic health record of a large population.

On the actual implementation of the digital twin, we envision that the evolution will be towards a gradually better inter-operability of current health information systems, leading to a distributed location of the information. Digital twin users will mainly be citizens and physicians, with different interfaces that retrieve the relevant data and trigger the analysis capabilities hosted in the local device or remote cloud resources. The analysis may also require specialized skills that may be delivered by industry, or even by computational cardiologists inside healthcare organizations.

Organizational and societal challenges ahead

Access to data is the main challenge in both the development and the clinical translation of the digital twin, caused by infrastructural, regulatory, and societal reasons. Information systems and electronic health records are fragmented, highly heterogeneous and difficult to interoperate. Information is often contained in unstructured format, and its extraction requires either manual work or further research efforts of automation through natural language processing technologies. [START_REF] Kreimeyer | Natural language processing systems for capturing and standardizing unstructured clinical information: a systematic review[END_REF] Simulations may also require specialized skills and supercomputers. Consent and confidentiality are key ingredients to address the societal concerns when handling the personal data needed to develop and validate digital twin technologies. The EU General Data Protection Regulation (GDPR) has imposed new legal requirements, such as the right to withdraw consent and the right to be forgotten, causing controversy about the cost and feasibility of its enforcement. [START_REF] Politou | Forgetting personal data and revoking consent under the GDPR: challenges and proposed solutions[END_REF] Any digital twin solution that holds enough information to identify a patient needs to carefully watch these requirements, that also apply to retrospective data and safety backups.

Potential professional, cultural, and ethical issues

As more clinical tasks are performed by models, the fear of replacement of physicians by machines may arise. In some scenarios, machines may match or even outperform physicians. [START_REF] Darcy | Machine learning and the profession of medicine[END_REF] In other scenarios, human experts, by not practising on the easy problems solved by the machine, may lose the skills that may still be needed when dealing with difficult cases.

The second professional barrier is the mistrust that originates from a 'black box', where predictions derived by algorithms are not matched with a plausible explanation. Generation of evidence is one clear way to generate trust. Another solution is to use methods to illustrate the logic inside the box, including clustering and association techniques, [START_REF] Esfandiari | Expert systems with applications knowledge discovery in medicine: current issue and future trend[END_REF] which may help to identify the causes and mechanisms.

From the patient's perspective, personalization creates the opportunity of more involvement in healthcare decisions. Patients will be empowered to better manage their disease using the digital twin to gain information about their current and predicted state, and potentially to adopt optimized lifestyle suggestions. A well-informed patient shall have more efficient discussions with physicians, and consent and decide faster on diagnostic or treatment procedures.

Finally, on the ethical side, there is a risk of models to create or exacerbate existing racial or societal biases in healthcare systems: if a group is misrepresented in the data used to train models, that group may receive a sub-optimal treatment. [START_REF] Nordling | A fairer way forward for AI in health care[END_REF] 

Recommendations

The pathway to accelerate the clinical impact with digital twin technologies is to generate trust among researchers, clinicians, and society.

Research communities shall avoid inflating expectations. Claims about generality and potential impact should be based on rigorous methodology, with external cohorts to demonstrate the validity of inferences, and with the quantification of the uncertainty of predictions. [START_REF] Pathmanathan | Comprehensive uncertainty quantification and sensitivity analysis for cardiac action potential models[END_REF] Any model is a simplified representation of the reality, with a limited scope and dependence on assumptions made. The opportunity is an adequate handling of these limitations, with models able to identify data inconsistencies, and with data used to constrain and verify the model assumptions. [START_REF] Miotto | Deep patient: an unsupervised representation to predict the future of patients from the electronic health records[END_REF] As an emerging field, the digital twin needs guidelines, gold-standards, and benchmark tests. [START_REF] Land | Verification of cardiac mechanics software: benchmark problems and solutions for testing active and passive material behaviour[END_REF][START_REF] Niederer | Verification of cardiac tissue electrophysiology simulators using an N-version benchmark[END_REF] Scientific organizations and regulatory bodies have released guidelines that can be used to establish the level of rigour needed for computational modelling. [START_REF] Morrison | The role of computational modeling and simulation in the total product life cycle of peripheral vascular devices[END_REF] Such guidelines and standards are useful tools as they allow regulators to judge computational evidence and industry to understand regulatory requirements for computational models, leveraging a substantial part of the risk and uncertainty associated to the development of these new technologies. They can even increase and facilitate their translational impact, as the quality and robustness of the models and their reporting will Take home figure The cardiovascular digital twin that will deliver the vision of precision medicine by the synergetic combination of computerenhanced induction (using statistical models learnt from data) and deduction (mechanistic modelling and simulation integrating multi-scale knowledge).

increase by adhering to such guidance during model development. Further effort is needed to widen the scope of these first multi-stakeholder consensuses involving industry, academia, and regulators. Current initiatives that develop visions, technologies, or infrastructure relevant to the 'digital twin' community are Elixir (https:// elixir-europe.org/), FAIRDOM (https://fair-dom.org/), and EOSC (https://ec.europa.eu/research/openscience/index.cfm? pg=open-sci ence-cloud).

The education of citizens, care providers, physicians, and researchers in the uses and possibilities of digital twin technologies is key for its adoption and acceptance. University education systems should also allow for the exchange of knowledge at the earliest stages of the career: medical students should have some computational training, just as engineers in biomedical industry should be trained in cardiology during their studies. [START_REF] Eden | Medical student preparedness for an era of personalized medicine: findings from one US medical school[END_REF] And postgraduate training programmes should bridge remaining cultural and language gaps between disciplines, such as our Personalised In-silico Cardiology EU funded Innovative Training Network (https://picnet.eu).

Conclusion

Precision cardiology will be delivered, not only by data, but also by the inductive and deductive reasoning built in the digital twin of each patient. Treatment and prevention of cardiovascular disease will be based on accurate predictions of both the underlying causes of disease and the pathways to sustain or restore health. These predictions will be provided and validated by the synergistic interplay between mechanistic and statistical models. The early steps towards this vision have been taken, and the next ones depend on the coordinated drive from scientific, clinical, industrial, and regulatory stakeholders in order to build the evidence and tackle the organizational and societal challenges ahead.
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Figure 1

 1 Figure 1The two pillars of the digital twin, mechanistic and statistical models, illustrating its construction and four examples of use: a1, 10 a2, 11 b1, 12 b2.[START_REF] Cikes | Machine-learning integration of complex echocardiographic patterns and clinical parameters from cohorts and trials[END_REF] 

Figure 2

 2 Figure 2 Conceptual summary of the main benefits of digital twin technologies.

Figure 3

 3 Figure3Envisioned clinical workflow using the fully developed digital twin concept. Population data, collected from preceding patients and study cohorts, are used to create and validate statistical and mechanistic models, as well as to create a population-based digital twin (green). Novel patient data are analysed with the help of the existing models and integrated to form the patient's digital twin (purple). The comparison and interaction between digital twins give valuable insight (phenotyping, risk assessment, prediction of disease development. . .) that is clinically interpreted and combined with traditional data to aid in the process of clinical decision-making. The digital twin develops in line with the patient's condition-adjusting and improving in accordance with the follow-up data. Resulting outcomes are supplemented to shape population data and refine the follow-up data.

Figure 4

 4 Figure 4 Synergy between mechanistic and statistical models in the definition of electrocardiogram (ECG) biomarkers for the management of hypertrophic cardiomyopathy.[START_REF] Lyon | Electrocardiogram phenotypes in hypertrophic cardiomyopathy caused by distinct mechanisms: apico-basal repolarization gradients vs. Purkinje-myocardial coupling abnormalities[END_REF][START_REF] Lyon | Distinct ECG phenotypes identified in hypertrophic cardiomyopathy using machine learning associate with arrhythmic risk markers[END_REF] 
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Figure 5

 5 Figure5The vision of a personalized in silico cardiology, where the digital twin informs all the stages through the clinical workflow. Models are used (i) to optimize data acquisition and the information extracted from it, (ii) to evaluate current health status and inform diagnosis and risk stratification, and (iii) to optimize clinical devices and drug selection to deliver a personalized therapy.
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