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Abstract

The notion of medical digital twins is gaining popularity both within the scientific community and 

among the general public; however, much of the recent enthusiasm has occurred in the absence of 

a consensus on their fundamental make-up. Digital twins originate in the field of engineering, 

in which a constantly updating virtual copy enables analysis, simulation, and prediction of 

a real-world object or process. In this Health Policy paper, we evaluate this concept in the 

context of medicine and outline five key components of the medical digital twin: the patient, 

data connection, patient-in-silico, interface, and twin synchronisation. We consider how various 

enabling technologies in multimodal data, artificial intelligence, and mechanistic modelling will 

pave the way for clinical adoption and provide examples pertaining to oncology and diabetes. We 

highlight the role of data fusion and the potential of merging artificial intelligence and mechanistic 

modelling to address the limitations of either the AI or the mechanistic modelling approach 

used independently. In particular, we highlight how the digital twin concept can support the 

performance of large language models applied in medicine and its potential to address health-care 

challenges. We believe that this Health Policy paper will help to guide scientists, clinicians, and 

policy makers in creating medical digital twins in the future and translating this promising new 

paradigm from theory into clinical practice.
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Introduction

The development of personalised medicine—treatment planning based on data specific to an 

individual patient—has been a challenge in the medical community for decades. At present, 

treatment decisions rely largely on best practice guidelines and a physician’s interpretation 

of the available data. With unprecedented clinical volumes and the ever-increasing number 

and complexity of data sources, this practice has become a difficult endeavour that results 

in a generalised treatment approach instead of personalised care. As summarised by the 

US National Academy of Medicine, “The accumulation of data has created a situation 

where health-care providers are responsible for interpreting, aggregating, and synthesising 

data far beyond human capacity”.1 This issue is further exacerbated in low-income and 

middle-income countries where patient-to-doctor ratios far exceed levels recommended by 

WHO.2 A particular application in engineering, the digital twin, translated to medicine, has 

been proposed as a potential solution—namely, the medical digital twin.3–6

Medical digital twins combine diverse health data streams and disease modelling to produce 

a dynamic copy of a patient that guides the clinical team towards personalised treatment 

while alleviating workload. This process allows active sharing and interpretation of data 

to augment clinical decision making. Medical digital twins offer clear advantages over 

conventional care by generating a highly detailed and personalised disease model, the 

patient-in-silico, which can be used to visualise patient disease metrics, predict progression, 

and simulate different treatment outcomes. The highly personalised nature of this approach 

offers the potential to improve health care in which otherwise generalised treatment 

approaches are applied to allcomers. Critically, in contrast to conventional models, the 

patient-in-silico evolves alongside the patient, a paradigm shift for treatment in the future.7

As a result of such promising features, an emerging body of literature recommends a 

digital twin approach for a widening array of diseases. However, no formal consensus exists 

regarding the characteristics that distinguish digital twins from conventional models because 

of the novelty of this approach in the medicine field. Standalone artificial intelligence (AI) 

and mechanistic disease models, already abundant in the literature, are often being rebranded 

as medical digital twins to increase their impact.8 This practice risks diluting the concept 

and creating a negative long-term perception as the technology falls short of its goals and 

suggested benefits.

To realise the potential of medical digital twins in providing personalised medicine and 

improving the health outcomes for all, the fundamental features of the medical digital twin 

and the nature of the technologies available and processes required to enable the use of 

digital twins in clinical practice need to be delineated. Therefore, in this Health Policy paper, 

we address the following question: what defines a medical digital twin and how can we build 

one? We outline the main components that define a digital twin and identify their medical 

equivalent. We consider key enabling technologies, proposing the symbiotic application 

of large language models and medical digital twins, and discuss strategies for testing and 

implementation.
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From digital twin to medical digital twin

The term digital twin has sometimes been narrowed to a standalone model that replicates 

a physical object. However, while a detailed model is a central facet of a digital twin, 

the original concept incorporates additional components and properties. In engineering, the 

digital twin is defined as a virtual representation connected to a physical object, implying 

that changes to the original are dynamically reflected in the copy. A digital twin can be 

broken down into the following five essential components: physical object, data connection, 

model, interface, and twin synchronisation.3,4,9,10 We outline each component and its 

respective medical equivalent of patient, data connection, patient-in-silico, interface, and 

twin synchronisation (figure 1, table).

The physical object is the focus of the digital twin. Within engineering, this physical 

object ranges from individual devices (such as engines) to entire processes including 

assembly lines and complex supply chains.11–13 The physical object is characterised by 

a stream of sensory data measuring its distinct properties. A medical digital twin focuses 

on the patient’s health and environment, as described by multimodal data—including, but 

not limited to, laboratory tests, imaging, sequencing, and digital health assessments.14–16 

The data are selected on the basis of medical necessity, which might result in initial 

sparse data acquisition that might later become extensive. The digital twin might rely on 

selective data; however, it should recommend the acquisition of additional data in cases of 

uncertainty. Although the patient as a whole receives treatment, not every localised medical 

issue necessitates a comprehensive whole-body digital twin; in such instances, the patient 

becomes the specific organ or system of interest until a broader context is needed.

The data connection processes the collected data from the physical object and forwards it to 

the model. This process poses a substantial challenge for medical applications because the 

data are largely unstructured and multimodal, warranting substantial harmonisation and data 

fusion capabilities for data collection. For example, deriving a diagnosis from the electronic 

health record often requires chart review by an individual with medical expertise. These 

challenges are exacerbated in instances such as searching for laboratory values with different 

names across various medical systems and deriving measurements from medical imaging. 

The data connection requires data fusion and harmonisation to combine data modalities in 

a meaningful way and obtain disease metrics for integration into a model. In recent years, 

a plethora of AI-based techniques have shown great capacity in diagnosing, identifying, and 

extracting this information.17–20

The model generates an in-silico copy of the physical object based on the information 

supplied through the data connection. In terms of medical digital twins, this copy is 

termed the patient-in-silico, a detailed patient model that aims to accurately reproduce 

biological processes to predict their change over time and with treatment. One can use 

digital twins not just to model disease but also to consider wellness, working to maintain 

an individual’s health and realigning it towards an ideal baseline. Mechanistic models have 

been the go-to tool to establish realistic models for a wide variety of purposes, from insulin 

receptors in diabetes and tumour growth in cancer, to the function of entire organs.21–24 

While mechanistic models can closely resemble the patient, it is often difficult to derive 
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and accurately solve these models, requiring simplification and assumptions that lead to 

inaccuracies. Novel technologies that merge both mechanistic models and AI approaches 

offer enormous promise in generating a realistic and high-fidelity patient-in-silico model, 

while mitigating their respective shortcomings.25–27

The engineering interface allows an operator to interpret the model, capture its uncertainty, 

and adjust the physical object or process accordingly. Translated directly to medical practice, 

direct application of the model would require the clinical team to face the challenge of 

interpreting a complex model instead of interpreting complex data. In this Health Policy 

paper, we propose uncertainty quantification alongside an AI-based interface, such as a 

ChatGPT-like large language model, to effectively act as an intermediary between the 

patient-in-silico model and the clinical team.28 For example, such an interface might receive 

a request from the clinical team to establish the effect of different cancer therapies, query 

the patient-in-silico, and subsequently integrate its findings into the electronic health record. 

The findings are evaluated by uncertainty quantification, which tracks the accumulation 

of different errors from data acquisition to modelling and provides a measure of the 

deviation between the patient and the patient-in-silico model.29 Furthermore, techniques 

such as parameter sensitivity analysis for mechanistic models can provide insights into the 

importance of specific data modalities for model prediction, with explainable AI techniques 

providing similar insights for machine learning approaches.30,31 This type of interface 

would allow flexibility in the diversity of tasks carried out by the clinical team, while basing 

its findings on the complex and rigorous models behind the patient-in-silico model.

The cycle is repeated when new data are collected, justifying a re-evaluation and a 

corresponding, near real-time update of the model, termed twin synchronisation.9 A major 

difference between a standalone model and a digital twin is the continuous updating of the 

digital twin when new data are available, synchronising the model within the digital twin to 

the object. For medical digital twins, synchronisation might occur less frequently than in real 

time. Instead, synchronisation takes place when recording a substantial deviation from the 

baseline or measuring the effects of treatment for a disease. For treatments of diseases such 

as cancer, twin synchronisation might involve updating the medical digital twin after each 

chemotherapy cycle. The choice of update frequency for a medical digital twin generally 

depends on the clinical context and the relevance of new data to ensure that it remains up to 

date.

Key enabling technologies

Medical digital twins rely on various technologies to enable incorporation of diverse 

multimodal data, accurate disease modelling, and interpretation. We describe key enabling 

technologies, as summarised in figure 2, that we foresee will facilitate medical digital twins.

Advances in continuous data acquisition

The fidelity of the patient-in-silico ultimately relies on the quality of the input. Repeated 

sampling or continuous measurements are essential for capturing dynamic interactions 

contributing to both wellness and disease. Ongoing advances in two fields in particular—

sequencing and wearable technologies—are likely to have a substantial impact.
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With advances in sequencing technologies, diseases are increasingly being characterised on 

a molecular basis with different subtypes revealed by specific genetic mutations. These same 

mutations have become targets for various therapies.32 This advance is perhaps most notable 

in the field of oncology. The development of liquid biopsies to detect genetic material 

released by solid tumours in blood enables early and iterative detection and characterisation 

of heterogeneous tumours with a simple blood draw.33 Moreover, further advances in 

sequencing technologies, including fourth-generation sequencing, will reduce time and cost 

constraints, offering the potential for swift and straightforward integration into the clinical 

workflow.34 These newer technologies also offer the promise of direct RNA sequencing and 

sequencing of nucleic acid modifications that capture epigenetic changes and quantifiably 

reflect a patient’s environmental exposures. However, these sequencing technologies only 

capture a snapshot at a time. Techniques have been developed that continuously record 

molecular events, although they have been performed only in mice so far.35,36 Using these 

technologies, it might be possible to continuously measure changes within an individual’s 

genetic make-up for medical digital twin applications.

Wearable technologies offer a means to continuously measure a patient’s vital signs and 

environment. Unlike clinical tests that are designed and optimised to denote the onset of 

disease, wearables can enable detection of more subtle changes, providing insights into an 

individual’s wellness and early signs of an off-well state.37,38 Furthermore, wearables offer a 

means of direct communication with the patient, serving as an interface to relay information 

from the patient-in-silico model and clinical team to the patient—a powerful feature given 

the feedback loop of medical digital twins.

Artificial intelligence

AI has numerous applications within the digital twin framework, including within the data 

connection (feature extraction and data fusion), patient-in-silico (modelling), and interface 

between the clinical team and the patient-in-silico model.

Within the data connection framework, disparate and unstructured data formats must be 

harmonised. AI promises to achieve this harmonisation through feature extraction and 

data fusion. Feature extraction is the extraction of either physical or abstract features 

from unstructured data. Pertaining to physical features, AI algorithms can measure 

tumour volume using tumour segmentation from CT scans or identify laboratory values 

from the electronic health record among other applications.17,39 These metrics can then 

be directly integrated into the patient-in-silico model as structured data. Alternatively 

or supplementarily, each AI model can extract abstract feature vectors that distil key 

information from unstructured data. These feature vectors, while not directly mapped to 

physical features, can be used to predict a wide array of medically relevant metrics.19,40 

These abstract feature vectors are then concatenated in a data fusion approach and passed to 

the patient-in-silico.16

Data fusion is an essential component of the medical digital twin paradigm that relies 

on multimodal data to make predictions or derive disease metrics that are otherwise 

unattainable with a single-data modality. The field of radiogenomics is a success story 

that shows how combining imaging and genomic data via AI can yield valuable insights 
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not achievable by either discipline alone.20,41,42 For example, a 2019 study merging 

transcriptomic and imaging data of medulloblastoma identified unique imaging features 

that predict molecular subgroups of the disease correlated with different outcomes.43 A 

broader approach involves the fusion of the proteome, metabolome, microbiome, genome, 

and clinical laboratory values to predict transition from a state of wellness to that of early 

disease.44,45 Fusion of different data types will ultimately enable us to derive a more holistic 

overview of a patient.

In creating the patient-in-silico, AI can generate predictive models even if the underlying 

disease mechanisms are unknown, providing an important alternative and adjunct to 

mechanistic models. Recurrent neural networks are particularly well suited for the 

generation of predictions.46 For example, recurrent neural networks have been used to 

predict changes in lung tumour shape throughout a radiation treatment cycle and mitigate 

exposure to healthy tissue.47 Recurrent neural networks have also been used to predict the 

accumulation of somatic mutations in cancer cells, with implications for treatment strategy 

and prognosis.46 While further testing is required, successful applications of AI allow for the 

diagnosis and prognosis of complex diseases. Importantly, AI can be used without a-priori 

knowledge of disease mechanisms, making it a powerful tool for medical digital twins.

True clinical application of a medical digital twin will require an interface that enables 

physicians and patients to interact with the model, interrogate its reasoning, and place it in 

the context of clinical guidelines. The rapidly advancing field of foundation models shows 

increasing potential.48 Technologies such as ChatGPT by OpenAI have shown advanced 

reasoning skills, providing recommendations and outlines on everyday tasks. Steps are 

already underway to adapt this technology to the medical sector.28,49 However, ChatGPT, 

including its latest iteration GPTo4-mini-high, suffers from hallucinations—the making up 

of references and justifications for its reasoning.50 These inaccuracies are most apparent 

when it fails in simple mathematical computations and logic statements, while presenting the 

results in a convincing manner.51 While current efforts are focused on additional training to 

alleviate these errors, it might only shift these hallucinations to more complex scenarios 

in which they are more likely to pass unnoticed, resulting in potentially more severe 

consequences. We propose the patient-in-silico model as a plug-in for foundation models, 

such as the ChatGPT-like models, to distil actionable treatment options for clinicians and 

patients. This strategy, although futuristic, has already proved to be effective in other fields. 

Through plug-ins, ChatGPT has gained the ability to query platforms such as Wolfram 

Alpha, which can accurately compute solutions to complex mathematical problems.52 

Integrating large language models would enable the clinical team to query the verifiable 

and robust knowledge of the patient-in-silico model while providing an easy-to-use and 

dynamic interface.

Mechanistic modelling

While AI has shown great predictive power for highly complex diseases, it often fails to 

extract biological insight, extrapolate disease evolution, and maintain predictive accuracy 

across different cohorts. In contrast, mechanistic models rely on understanding of the 

underlying disease processes, using mathematical frameworks to define relationships 
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between disease parameters and clinical variables. With such a strong foundation in disease 

pathophysiology, these approaches excel in extrapolating disease evolution beyond direct 

observations and are robust across different cohorts. Mechanistic models can be used to 

model variables across a single dimension such as time (ordinary differential equations) or 

across multiple dimensions such as time and space (partial differential equations).23,53–55

Mechanistic modelling is used to inform clinical guidelines and treatment at a population 

level; however, within medical digital twins, these approaches become personalised to the 

individual for optimal care. For example, drug dosing guidelines are adjusted for age groups 

based on differences in renal function, receptor count, and other parameters as estimated by 

pharmacodynamics, described by an ordinary differential equation system.56 While effective 

within an age group, this approach does not account for variability within each group. 

Within medical digital twins, drug dosing is individualised to the patient by identifying 

parameters of the ordinary differential equation system based on multimodal data inputs 

of the patient. For example, in a small clinical trial, Zhang and colleagues showed that 

use of personalised mathematical models to determine dosing of abiraterone for individual 

patients undergoing treatment for prostate cancer increased both the time to progression 

and overall survival.57 Similar efforts are already being applied in the field of radiation 

oncology, in which radiation dose delivery can be individually estimated using partial 

differential equations and a patient’s anatomy as obtained from imaging.58,59 Although these 

approaches show remarkable promise, they begin to fall short when the underlying biology 

is poorly understood or when the complexity exceeds simple modelling capabilities.

Fusion of AI and mechanistic modelling

Medical digital twins require interpretable and robust patient models that can describe 

complex disease phenomena. Mechanistic models, while highly interpretable, rely on a 

detailed understanding of the disease mechanisms and precise measurements. In contrast, 

AI can make predictions for complex diseases at the cost of explainability and the 

requirement for large-scale data. Fusion of mechanistic and AI approaches could enable 

each to circumvent their respective limitations. Specifically, by augmenting existing datasets, 

mechanistic models could help to mitigate the need for large-scale data, while the use of AI 

approaches could simplify parameter identification needed for mechanistic models.

Mechanistic models can augment existing datasets to supplement training data for AI and 

improve generalisation. Once a disease mechanism is partially understood and described 

by a mechanistic model, AI data can be generated by varying disease parameters within 

realistic bounds. For example, tumour growth can be modelled using an ordinary differential 

equation, and tumour oxygenation can be varied within physiological limits to generate 

multiple artificial growth curves. Each artificially generated curve can then be added to 

existing training data to improve performance of a recurrent neural network in predicting 

tumour growth. Alternatively, the appearance of a lung tumour within the thorax can be 

augmented using a partial differential equation that simulates respiration, displacing the 

tumour within the lung and providing additional training data.17,60 Therefore, mechanistic 

models can be used to augment pre-existing data in accordance with disease mechanics and 

physiology to help with the generalisation of AI-based approaches beyond the given data.
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Recently developed physics-informed neural networks (PINNs) and similar approaches offer 

an additional strategy to integrate mechanistic understanding in AI.27,61 PINNs constrain 

AI approaches to uphold physically accurate and representative models by using a neural 

network to analyse data and approximate the solution to a mechanistic model. The errors 

of the mechanistic model and neural network are then combined to optimise the neural 

network. This approach benefits from embedding of information in the neural network 

that aligns with the disease mechanisms of the mechanistic model in the neural network. 

Concurrently, the mechanistic model is solved, and its disease parameters are learned. 

This approach has been successfully deployed to estimate parameters of a glucose–insulin 

mechanistic model based on repeated glycaemic measurements.62 In this case, a neural 

network receives a time series as input and aims to predict model parameters as output. 

These approaches can be used to derive difficult-to-measure parameters for mechanistic 

models or, alternatively, to encode mechanistic understanding into AI.

Beyond using the fusion of mechanistic modelling and AI approaches to address their 

inherent limitations, the fusion of these two approaches in medical digital twins can 

also mitigate the inconsistencies in medical outcomes across patient groups. Medical 

treatments are commonly based on population cohorts, which might not adequately 

reflect the physiological or demographic variability of the wider patient population. This 

phenomenon is well illustrated by the use of tamoxifen in breast cancer treatment. The 

drug’s effectiveness is influenced by specific genetic variants that affect the activity of the 

cytochrome P450 CYP2D6, which plays a crucial role in the activation of tamoxifen.63 

Different combinations of these variants result in varying levels of CYP2D6 activity, 

which can in turn result in dramatic changes in tamoxifen efficacy. The frequency of 

these genetic variants varies substantially across populations. For example, CY2DC*l7, 

associated with a 50% decrease in CYP2D6 function, has an allele frequency of nearly 

20% in those genetically similar to a sub-Saharan African reference population, whereas 

in those genetically similar to a European population, the allele frequency is 0⋅4%.64 

The fusion of mechanistic models, which focus on understanding of biological processes, 

and AI to facilitate complex treatment predictions could provide a more comprehensive 

and individualised approach. Specifically, mechanistic modelling of tamoxifen levels using 

CYP2DC genotypes to derive CYP2D6 activity can enable predictions of drug toxicity and 

efficacy, in the absence of population-scale data coverage for AI training and, importantly, 

without using race as a proxy covariate. The predictions regarding drug pharmacokinetics, 

which are derived from such mechanistic modelling approaches, can then be integrated 

into AI models that predict treatment outcomes. We believe that these approaches have the 

potential to overcome data-driven distortions and improve treatment effectiveness across 

different populations. However, further research is required to understand and eliminate the 

gaps in health care.

Medical digital twin implementation in research

A core tenet of medical digital twins and digital twins in general is the connection between 

the object and the model, such that both update alongside one another. This approach poses 

a particular challenge in medicine. Medical digital twins will require rigorous and in-depth 

testing before deployment; however, they also need continuous patient integration, creating 
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a dilemma in which testing is required before deployment and deployment is needed for 

testing.

We highlight retrospective data staging as a potential research-and-test strategy to 

circumvent immediate testing in a patient-care setting while maintaining the core principles 

of a digital twin. For this purpose, retrospective patient data are staged at multiple timepoints 

(figure 3). Although comprehensive patient history is important for the formation of an 

accurate medical digital twin, its absence does not preclude formation of the twin. Instead, 

the absence of a comprehensive patient history would be reflected in model certainty. 

Instead of using the full scope of data from patient follow-ups, the digital twin model 

would be updated piecewise, making predictions for the next timepoint alone. A similar 

approach for validation showed success in a study on the spread of COVID-19 in which 

model updates occurred in weekly increments based on all pre-existing data.65 The staging 

of incremental updates underscores the dynamic component of a digital twin, which evolves 

in parallel with the patient being analysed retrospectively and approaches the concept of 

twin synchronisation. Importantly, for retrospective studies, the clinical decisions made can 

be compared against the medical digital twin to quantify the level of both uncertainty and 

accuracy. This approach will allow thorough testing of medical digital twins before their 

implementation in clinical practice.

Medical digital twins in oncology

Management of cancer depends on both patient characteristics and understanding of tumour 

dynamics. Medical digital twins that can integrate both have been proposed as the next step 

towards personalised medicine.7 In oncology, medical digital twins are undergoing rigorous 

research, with their clinical integration still in the early stages.66 Novel treatment approaches 

such as adaptive therapy are showing early successes while reflecting simplified medical 

digital twin principles.

Adaptive therapy continuously integrates patient data into a cancer model to predict tumour 

resistance build-up and adapt therapy to forestall resistance. In a clinical trial by Zhang and 

colleagues,57 in which such an approach improved outcomes related to time to progression 

and overall survival in patients receiving treatment for prostate cancer, the tumour was 

modelled as two cell populations, one sensitive to abiraterone treatment and the other 

resistant. In accordance with evolutionary theory, resistant cells are thought to experience 

a cost due to maintenance of the resistance mechanism.67 During the clinical trial, instead 

of removing all sensitive cells with extended abiraterone treatment, treatment was halted 

once prostate-specific antigen levels fell below 50%; treatment was later restarted when 

this threshold was exceeded. The early cessation and reinitiation of treatment facilitate 

competition between resistant and sensitive populations and prevent the development of 

treatment resistance. In an additional retrospective patient-specific analysis by Silva and 

colleagues,67 tumour growth patterns were simulated based on mechanistic modelling of 

the evolutionary dynamics of each patient. Notably, in this retrospective approach, similar 

to that outlined in the previous section, simulated growth patterns matched the observed 

prostate-specific antigen levels. Furthermore, the mechanistic model predicts an extended 

progression-free survival for even earlier cessation of abiraterone.
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In the context of this application of a medical digital twin, the patient is the prostate 

cancer as described by blood tests and genetic markers. The data connection is simplified 

to the prostate-specific antigen biomarker indicating cancer levels. The patient-in-silico 

is built in more detail in the retrospective component of the study and uses the 

Lotka–Volterra equations, a type of competition mechanistic growth model, to visualise 

tumour growth, prognose future growth, and simulate growth based on different dosing 

intervals. Owing to the retrospective approach, no interface is implemented. The twin 

synchronisation is simplified to administration of abiraterone based on the changing and 

patient-specific prostate-specific antigen concentration. Overall, the study by Zhang and 

colleagues57 highlights the potential of a medical digital twin, while also outlining required 

improvements such as personalising the model for the patient and creating an interface 

for final delivery. Similar approaches are underway in adaptive radiation therapy, in which 

treatments are tailored to adapt to the anatomical and physiological changes in a patient’s 

body during treatment.68,69

These examples of digital twin approximations in the field of oncology are indeed 

promising, allowing one to extrapolate and conceptualise medical digital twins that could 

be created at the time of cancer diagnosis. These models could simulate not only cells 

within a tumour, but also the patient’s overall health trajectory. Loaded with the patient’s 

medical history (such as demographics, comorbidities, allergies, and lifestyle), cancer 

symptomatology (performance status and symptoms), and tumour features (radiology, 

pathology, genetic profiling, transcriptomics, and metabolomics), this virtual representation 

could assist patients and providers in evaluating the risks and benefits of various treatment 

options more effectively. Moreover, the patient-in-silico might even predict potential 

complications of each treatment, thereby helping to facilitate expedited and optimised care. 

It is incumbent on physicians, scientists, and physician-scientists to translate these promising 

technologies into clinical practice.

Medical digital twins in diabetes

In addition to facilitating personalised medicine, digital twin technology has the potential 

to mitigate uneven health-care outcomes owing to a lack of access, a notable challenge 

both within and outside the USA. It is well documented in the literature, in reports of 

both the landmark Diabetes Control and Complications Trial and smaller studies, that 

regular, reliable medical care with frequent follow-ups improves glycaemic control and 

outcomes.70,71 Rising shortages of physicians make providing this level of care difficult 

if not impossible, a challenge that is not evenly distributed across world regions. The 

ADVICE4U clinical trial deployed a similar medical digital twin framework, demonstrating 

non-inferiority of an AI-based decision support system (AI-DSS) continuously guiding 

insulin therapy adjustments.72,73 Here, the patient is represented by blood glucose levels. 

In the data connection, multiple parameters are measured such as previous blood glucose 

levels, insulin dose, and carbohydrate intake. The proprietary AI-DSS software, akin to the 

patient-in-silico, provides personalised recommendations on insulin dosing. A simplified 

interface delivers physician-reviewed recommendations via a mobile app; for a detailed 

example of what an interface entails, see extended data figure 7 (data management system 

population tracker with AI-DSS report) in the 2020 report by Nimri and colleagues.72 
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This process is then repeated on a 3-week basis, in line with twin synchronisation. To 

reach the full potential of a medical digital twin, future iterations will need to consider 

the mechanisms and effects of nutrition and exercise in addition to generating daily 

recommendations.74,75 A survey of physicians using the AI-DSS software revealed that 

the recommendations were reliable, helped to save time, and aided in communicating dosing 

decisions to patients, a factor of particular importance in communities with limited access to 

care.

Conclusion

Many existing computational models are being rebranded as digital twins. In this Health 

Policy paper, we sought to define the general concept of digital twins and to make 

the case for the five pillars of medical digital twins: patient, data connection, patient-in-

silico, interface, and twin synchronisation. The real-time evolution across all components 

differentiates digital twins from conventional modelling approaches. Accordingly, we 

provide strategies on designing a medical digital twin, considering the recent advances 

in AI, and their potential role in addressing health-care challenges. To illustrate their use, 

we highlight examples of the use of medical digital twin frameworks for the treatment 

of cancer and diabetes. Our findings are also relevant for funders, health care institutions, 

and policy makers who will play a critical role in realising the potential of medical digital 

twins to improve outcomes while addressing long-term economic sustainability in health 

care. We believe that our Health Policy paper will guide researchers and users in creating 

medical digital twins for wellness and other disease applications in the future, and inspire 

discussions across disciplines that will help to translate this promising new paradigm into 

clinical practice.
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Search strategy and selection criteria

The topics in this Health Policy paper have been researched using the PubMed database 

and Google Scholar search engine. Articles published from Jan 1, 2015 to Dec 31, 

2023 in the English language were considered, along with foundational articles such 

as the original study on digital twins by Grieves in 2014. An initial understanding of 

digital twins was established through review articles. Papers were then selected based 

on a combination of search terms such as “digital twin”, “mechanistic modeling”, 

“artificial intelligence”, and “deep learning”, and “health care”, “medicine”, “cancer”, 

“diabetes”, and “molecular”. Articles were excluded after an initial review if they did not 

highlight the core concepts of a digital twin. Key technologies required for the individual 

components of the digital twin, as highlighted in the selected papers, were individually 

searched for and reviewed. The final list of references was selected on the basis of 

relevance to the goal of translating the concept of the digital twin to medicine to reduce 

gaps in health care and improve health outcomes.
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Figure 1: Outline of a medical digital twin
The physical object is described by a plethora of different data modalities (eg, electronic 

health records, imaging studies, and genetic data), which are processed and combined using 

data fusion approaches forming the data connection. The combined information is forwarded 

to the patient-in-silico model to visualise the disease, assess disease prognosis, and simulate 

treatments. The interface, with the aid of artificial intelligence (AI), allows the clinical 

team and patient to select an optimal treatment plan based on the patient-in-silico. The 

cycle is repeated as new patient data become available, synchronising the patient and the 

patient-in-silico (twin synchronisation). Figure created with BioRender.com.
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Figure 2: Enabling technologies
The process of creating a medical digital twin begins with multimodal data. Artificial 

intelligence (AI) approaches are uniquely positioned to predict and extract parameters 

from complex data sources, such as tumour size and descriptors from test or genetic 

risk scores. In addition, AI can incorporate the different parameters to predict disease 

prognosis and treatment response, requiring only limited understanding of the disease. In 

contrast, mechanistic modelling can incorporate disease mechanisms and patient-specific 

parameters to predict disease prognosis and treatment response but is limited to simpler, 

well understood systems because mechanistic modelling relies on well defined mathematical 

relationships. The merging of AI and mechanistic modelling allows high-fidelity models, 

such as the patient-in-silico, that incorporate complex data types with a-priori knowledge 

about disease mechanics. ODE=ordinary differential equation. PDE=partial differential 

equation. Figure created with BioRender.com.
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Figure 3: Retrospective data staging
Retrospective data staging allows the construction of medical digital twins using existing 

data. Data are separated into segments based on treatment regimens, which are then 

incrementally provided to the medical digital twin for updating and formulation of 

predictions. Retrospective studies are valuable for patient-in-silico validation and uncertainty 

quantification. Here, we illustrate a medical digital twin for the prediction of changes in 

tumour size and mutational load after every treatment step based on retrospective data. 

Figure created with BioRender.com.
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