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Abstract: Emerging molecular and computational techniques may allow construction and 

computational treatment of dynamic digital twins on the scale of populations to individuals. This 

approach may pave the way for predictive, preventive, and personalized treatment. Because digital 

twins are independent of geographical location, this may also contribute to global equitable health.  
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Introduction 

Ineffective medication is one of the most important healthcare problems. Many patients with 

complex diseases do not respond to treatment, or experience serious side-effects. This problem causes 

enormous suffering and costs for health care, drug development, and production loss. An important 

reason for ineffective medication is the daunting complexity of diseases. Multi-omics analyses down 

to the single cell level show that each disease can involve altered interactions among thousands of 

genes across billions of cells in multiple organs [1].  

Most diseases, including inflammatory, cardiovascular, malignant, and metabolic, can evolve 

for many years, or even decades, before symptoms manifest themselves and a diagnosis is given. 

Ineffective treatment increases the risk of comorbidities, and, thereby, a vicious circle of increasing 

treatment inefficiency ensues.  

Moreover, disease progression can differ between different patients with the same diagnosis or 

within a given patient at different time points. Indeed, health and disease can be seen as variable 

entities on continuous scales. Such variations depend on genetic or environmental factors, such as 

pollution, lifestyle, and inequitable health care. The 2030 agenda for sustainable development 

identified effective and equitable health as priorities. To address this priority adequately, would 

require identification of factors that predispose to, or protect against, a complex disease in the life of 

a given patient.  

Digital twins (DTs) can contribute to these goals. The DT concept is derived from engineering 

with the aims of modeling computationally and developing complex systems more effectively and 

inexpensively in silico than in real life.  

Early examples of DTs have already been tested in the clinic, such as the artificial lung and the 

artificial pancreas [2–4]. Ideally, analyses and computational treatment of DTs will radically improve 

health care by paving the way for predictive, preventive, and personalized treatments [5].  
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The medical potential of DTs has been recognized by scientific organizations in the US, Europe, 

and Asia, and led to international collaborative efforts to implement this computational strategy in 

health care and clinical trials [2,6–13].  

However, clinical implementation of DTs involves multiple challenges, including: 1) dynamic 

characterization of health and disease-associated molecular changes on population-, organome-, 

cellulome- and genome-wide scales, as well as environmental factors; 2) computational methods that 

integrate and organize all changes into DT; 3) prioritization of mechanisms, from which 4) diagnostic 

biomarkers, and preventive measures or therapeutic targets can be inferred; 5) solutions to connect 

1-4 so that DTs can learn from each other; 6) user-friendly interfaces adapted to individuals and care 

givers; 7) solutions to disseminate DTs on a global scale for equitable and effective health; and 8) 

solutions to address social, psychological, organizational, ethical, regulatory, and financial challenges 

and opportunities. As recently highlighted by manifestos about DTs from the European Commission 

and US National Academy of Sciences, Engineering and Medicine there is a lack of concrete clinical 

implementations that address these challenges [12,13].  

Here, we will discuss these challenges and potential solutions and give concrete examples of 

such solutions.  

1. Dynamic and Multi-Scale Characterization of Health and Risk Factors  

Predictive, preventive, and personalized medicine will require analyses of potential disease 

causes on multiple scales ranging from populations to individuals, to their tissues, cells, and 

molecular species. Since multimorbidity is common, population-wide analyses are important to 

characterize disease constellations. This goal is increasingly feasible because of the availability of 

longitudinal electronic medical records of populations and large biobanks. As an example, see our 

analyses of a temporal disease trajectories of over 200 million Americans revealing ten constellations 

of comorbid diseases (Figure 1A). 

Such analyses can be correlated with genetic variants and environmental factors so that 

mechanisms for health and diseases can be inferred and ideally used for predictive and preventive 

medicine on population-wide scales [14]. 
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Figure 1. Disease complexity and heterogeneity in populations and individuals. A) Disease 

constellations in a population identified by analyses of a longitudinal diagnostic registry of 200 

million Americans [14]; B) Different cellular and molecular constellations in two patients with the 

same diagnosis, Crohn’s Disease (CD). a-b) scRNA-seq of intestinal biopsies showed that cell type 

proportions differed greatly between two patients with CD; c-d) Differences in the composition and 

molecular interactions of their multicellular disease models; and e-f) computational ranking of drugs 

that targeted the MCDMs showed that precision for approved CD drugs among top ranking drug 

candidates was high for patient 10 but not for patient 1. This prediction agreed with patient 10 

responding to approved drugs, but not patient 1. 

On the scale of individuals, detailed characterization of health and disease mechanisms can be 

achieved using different types of genome-wide analyses (“multi-omics”) down to the level of single 

cells. The latter is important because analyses of the transcriptomes of thousands of cells give 

sufficient statistical power to characterize disease-associated changes in an individual patient by 

comparing sick and healthy tissues. Such changes can vary greatly between two patients with the 

same diagnosis who require completely different treatments (Figure 1B) [15]. Treatment of disease-

associated changes is further complicated by involvement of multiple organs with variable 

mechanisms in the same patients [1,16]. A recent scRNA-seq study of a mouse model of arthritis 

showed involvement of multiple interconnected organs, although only joints showed signs of disease 

(Figure 2). 

 

Figure 2. Multi-organ scRNA-seq analyses of a mouse model of arthritis showed involvement of 

multiple interconnected organs, not simply joints [1]. The outer circle denotes analyzed organ, while 

the inner circle denotes cell types. Lines within the inner circle denote predicted molecular 

interactions between cell types in each organ. 

2. Systems-Level Principles That Organize Health and Disease Mechanisms into an Overarching 

DT Structure for Populations and Individuals 

The complexity and heterogeneity of diseases calls for systems levels to organize disease-

associated changes into DTs on scales ranging from populations to individuals (henceforth referred 
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to as pop-DTs and indi-DTs, respectively). Pop-DTs should ideally describe combinations of 

environmental and genetic causes of health or disease. The underlying data are increasingly available 

in longitudinal electronic medical records, quality registries, and genome-wide databases. Pop-DTs 

should be continuously updated based on information from the literature and the evolution of 

different databases. Indi-DTs translate the same principles to individual patients, but at a greater 

resolution. For example, as shown in Figures 1B and 2, disease-associated changes can be described 

on multi-organ, -cellulome, and genome-wide scales in individual patients. The figures also illustrate 

how different types of variables can be organized into networks on different scales. For example, in 

Figure 1B disease-associated cell types from individual patients were connected into networks using 

predicted molecular interactions between those cell types. Importantly, networks may provide a 

systems-level solution that organize multiple types of variables in a complex system, and show how 

they interact within that system as well as with variables in other complex systems. For example, 

symptoms and signs of human diseases can be connected into a network. In such a network 

symptoms and signs of the same disease are interconnected into modules (like pain in the chest and 

left arm in myocardial infarction). Such modules can, in turn, be connected to underlying cellular and 

molecular networks. Similarly, networks of environmental factors can be constructed and connected 

into multi-layer networks that describe diseases in scales ranging from populations to individuals, as 

well as how they change over time (Figure 3A and B).  

 

Figure 3. Multi-layer networks to integrate diverse disease-associated variables for personalized 

treatment (a) All factors that influence a disease can potentially be described by networks. For 

example, symptoms and signs that tend to co-occur can be linked and form a module that corresponds 

to a disease (pink oval). That module may be linked to underlying modular protein changes (blue 

oval). Similarly, the disease module may be linked to co-occurring environmental factors (green oval). 

(b) Each of the modules in (a) can be further divided to represent different sublayers, from which (c) 

predictive markers from the different sublayers can be identified and used for (d) personalized 

treatment. MLDM, multilayer disease module; nc-RNA, noncoding RNA; PPI, protein-protein 

interaction; SNPs, single-nucleotide polymorphisms. 

Such multi-layer networks may be used to analyze the multiple relationships each node within 

the network has to every other node. For example, environmental effects can be depicted by 

recognizing the post-translational modifications of proteins in the protein-protein interaction 

network and their functional consequences. Ideally, tracing such relationships could lead to 

identification of subnetworks or modules in which the major determinants of every specific disease 

exist. If so, this could lead to the identification of potential drug targets that can be used to guide 

therapeutic strategies and drug development, including drug repurposing [17,18]. Moreover, multi-

layer networks can provide a framework from which highly predictive combinations of variables for 

different purposes, like personalized treatment, can be inferred with deep learning/Artificial 

Intelligence (AI) techniques (Figure 3C and D). These principles will be applied in a recent initiative, 

The Virtual Child, which aims to construct computational models of individual children’s cancer 
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development to predict, prevent or treat such developments, based on multi-layer networks [19]. This 

initiative is based on multidisciplinary team consisting of patient advocates, industry partners, basic 

and clinical researchers from three continents. Thus, application of network tools to construct multi-

layer networks may provide a solution to the challenge of constructing and analyzing pop- and indi-

DTs. In the next section, we will discuss how networks can be systematically analyzed to prioritize 

mechanisms for predictive, preventive, and personalized medicine.  

3,4. Prioritization of Mechanisms, from Which Diagnostic Biomarkers, Preventive Measures, or 

Therapeutic Targets can Be Inferred 

Prioritization of disease-relevant environmental, phenotypic, and molecular changes on 

dynamic population-, organome-, cellulome-, and genome-wide scales are unresolved challenges.  

However, recent studies point to potential solutions:  

1) On the scale of pop-DTs, analyses of longitudinal data from electronic medical records or 

biobanks can identify evolution of disease constellations such that the initiating mechanisms of 

(preclinical) diseases can be identified (Figure 1A). Combined analyses of molecular data can be 

used to infer early mechanisms, as well as biomarkers and drug targets for prediction and 

prevention.  

2) On the scale of indi-DTs‚ single-cell-based dynamic multicellular disease models (MCDMs) can 

be analyzed to find early upstream regulators (URs), which may be both diagnostic and 

therapeutic targets that predict and prevent disease .  

3) Network analyses, such as centrality measures, can be used to prioritize the most central cell 

types in MCDMs and their modules. Those modules may be computationally matched with 

thousands of drugs to find the optimal ones for individual patients (Figure 1B e-f). This approach 

has been validated by extensive in vitro and in vivo studies [15], and is ready for clinical trials. 

4) Machine and transfer learning can be used to project data about genome-wide drug responses 

from public databases to individual patients [20,21]. 

5. Solutions to Connect 1-4 so That Medical DTs Can Learn from each Other and Emerging DTs 

from Other Fields over Time 

Pop- and indi-DTs are envisioned to learn and adapt continuously, providing predictive, 

preventive, and personalized treatment based on diverse data, as described above. The potential of 

linking medical DTs to emerging DTs in related fields, such as climatology, environmental pollution, 

and socioeconomics, was recently discussed at a series of seminars organized by the US National 

Academies of Sciences, Engineering, and Medicine  [13,22]. Key algorithmic innovations in artificial 

intelligence and machine learning that may contribute to improving and integrating DTs include self-

supervised learning, geometric deep learning, and generative pre-training, followed by fine-tuning 

[23]. 

Self-supervised learning is a form of machine learning in which the system learns to predict part 

of its input from other parts of its input using a large amount of unlabeled data. In the context of 

healthcare DTs, the model can learn from vast amounts of medical data without the need for extensive 

manual labeling. For example, a DT could learn patterns from medical images, electronic health 

records, or genetic data, identifying relevant features without explicit human annotation. This 

approach is particularly beneficial in healthcare, where acquiring labeled data can be costly and time-

consuming. Geometric deep learning is a recent paradigm in machine learning that generalizes deep 

neural network models to non-Euclidean domains such as graphs and manifolds [24]. Since much of 

the scientific data, especially in biology and healthcare, naturally resides on graph-structured data 

(like molecular structures, protein-protein interaction networks, or patient similarity networks), 

geometric deep learning can significantly enhance model accuracy and efficiency. This approach 

allows the DTs to understand and process the complex relationships and interdependencies in 

multimodal data more effectively than traditional machine learning models. 

Finally, foundation models [25,26], especially large language models, such as GPT-4, are 

profoundly transforming the paradigm of deep learning. Instead of training many task-specific 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 June 2024                   doi:10.20944/preprints202406.0357.v1

https://doi.org/10.20944/preprints202406.0357.v1


 7 

 

models, we can now adapt a single, generative, pretrained model to many tasks via few-shot 

prompting or fine-tuning. Generative pre-training involves training a model on a large dataset to 

learn a general representation of the data, which can then be fine-tuned for specific tasks. In the realm 

of virtual cell simulators, this approach can be transformative. This methodology is particularly 

powerful for hypothesis testing in virtual environments, enabling scientists to explore scenarios and 

conditions that are difficult to replicate in a physical laboratory. 

6. Solutions to Make DTs Explainable to Individuals and Care Givers 

The integration of DTs and AI models into clinical settings presents an important challenge in 

ensuring these technologies are interpretable and transparent to both individuals and caregivers. This 

is essential for participatory medicine, where joint decision-making between patients and health 

professionals is based on clear and informed understanding of health and disease management [6]. 

Machine learning models can often seem like black boxes to end-users. Making the models more 

explainable without compromising the accuracy of information is key. Advances in machine learning 

research, including model auditing and explainability, produce techniques for making machine 

learning-based DT models trained on networked datasets more explainable. These techniques 

include visualization tools that map out how data points are connected and influence each other 

within the model or algorithms that can break down complex networked predictions into simpler, 

more understandable components. Attribution maps are one of the techniques used to explain 

predictions made by machine learning models in DTs. These maps visualize which parts of the graph 

(which nodes or edges) are most influential in the model’s decision-making process. In a medical DT, 

this could mean identifying which symptoms, genetic factors, or other clinical parameters are most 

significant in diagnosing a disease or predicting a treatment outcome. Attribution maps provide a 

visual representation, making it easier for non-experts to understand the model’s reasoning.  

Another important class of explainability techniques is local explainers, which are tools that 

focus on explaining individual predictions of a model as opposed to providing a global explanation 

of the model’s overall behavior. This strategy is particularly useful in healthcare, where 

understanding the specific reasoning behind a diagnosis or treatment recommendation for a 

particular patient is often more relevant than understanding the model’s general behavior. Another 

important aspect is to design interfaces of DT that are tailored to patients’ individual preferences, 

emotions and educational levels. This will likely require interdisciplinary efforts in which patients, 

clinicians and researchers may need to form new collaborations with for example psychologists, 

computer game designers and artists.  

7. Solutions to Disseminate DTs on a Global Scale for Equitable and Effective Health in 

Accordance with the 2030 Agenda for Sustainable Development  

As evidenced by the Virtual Child Project, which spans three continents, many of the 

computational solutions underlying DTs are independent of geographical location. This supports 

that DTs may contribute to improved and equitable health on a global scale based on collaborative 

efforts between developing and developed countries. There are several successful examples of such 

collaborations, aiming at global health digitalization, including concrete examples such as an 

automated pipeline for virtual drug discovery and clinical applications such as digital or AI-

supported diagnostic protocols in low-resource settings [27–29]. 

8. Solutions to Address Social, Psychological, Organizational, Ethical, Regulatory and Financial 

Challenges and Opportunities 

Clinical implementation of DTs will involve a wide range of challenges. As recently discussed, 

many of these challenges are generic for implementation of computational science in different fields 

[13]. One important example is gender differences in how digital technologies and health care are 

perceived, used, and led in different countries [30,31]. Such differences can be disadvantageous for 

women - especially women of racial or ethnic minority backgrounds. Another question can be data 
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ownership: can a patient be asked to donate increasingly detailed information from her DT as a 

resource for clinicians treating patients with similar characteristics, or for clinical or industrial 

research, such as drug discovery? Answers to this question will involve intertwined solutions for 

challenges in ethics, data security, and regulatory issues [32]. However, despite national 

differences in evaluation and approval processes, there are already products in the market that use 

computational modelling for clinical purposes. The FDA has introduced pre-qualifying tools to 

speed up the regulatory processes of digital tools. Another important need is to protect the privacy 

and rights of an individual’s DT, especially if it integrates sensitive, multiscale data with evolving 

computational approaches that protect privacy even in population-based studies (federated data 

analysis). 

Concluding Remarks 

While implementation of DTs for predictive, preventive, and personalized medicine will involve 

huge and diverse challenges, these must be balanced against the suffering and costs resulting from 

the many patients for whom today’s diagnostics and therapeutics are ineffective.  

Addressing those challenges as proposed by the 2030 agenda will require global collaborations 

between developed and developing countries, as well as patient organizations, health care 

professionals, academic and industrial researchers, politicians, and regulatory bodies.  
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