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Digital twins and Big Al: the future of truly
individualised healthcare
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®| Check for updates

The integration of physics-based digital twins with
data-driven artificial intelligence —termed “Big

AlI” —can advance truly personalised medicine.
While digital twins offer individual ‘healthcasts,’
accuracy and interpretability, and Al delivers speed
and flexibility, each has limitations. Big Al combines
their strengths, enabling faster, more reliable and
individualised predictions, with applications from
diagnostics to drug discovery. Above all, Big Al
restores mechanistic insights to Al and complies
with the scientific method.

The rise of digital twins in medicine

Imagine a future where your doctor can simulate your body in a computer
before deciding on a treatment or selecting a healthier lifestyle. These are the
goals of human digital twins (DTs).

A biophysical DT—from an individual’s DNA to cells, tissues, organs
or entire body—integrates real-time and longitudinal data to simulate,
predict, and optimise health outcomes'. These models allow rigorous esti-
mates of confidence—what scientists call uncertainty quantification (UQ), a
way of measuring the reliability of predictions.

There are many examples of DTs in medicine’, including in
immunology’, in cancer” and in cardiology, where for the first time organ-
based codes for the heart and circulatory system have recently been com-
bined as an important milestone en route to a full-scale human digital twin’.
Interest in the field is growing, as was evident in the first Virtual Human
Global Summit® and preparations for the second in Barcelona on 23-24
October are now well under way.

Physics-based models: accurate, quantifiable, but slow
Physics-based models are the foundation of DTs. They simulate biological
systems using equations derived from physical laws, such as fluid dynamics
and chemical kinetics. They are accurate when the underlying biology and
inputs are known, though most are to some degree approximations. While
they simplify biological complexity, their predictions can be scientifically
verified and subject to confidence limits. Their biggest strength is that they
use patient data. That means predictions are not based on averages, as in the
case of machine learning based on population data, but are both precise and
personalised.

Al models: flawed, flexible, but fast
Artificial intelligence refers to algorithms, especially machine learning (ML),
that learn patterns from large datasets to make predictions or classifications.

Al learns patterns from big data and can deliver fast, often impressive results
—even when we do not understand the underlying biology. This makes Al
powerful when information is missing or incomplete. But there are trade-
offs. Al is better at interpolating than extrapolating. Reliable UQ methods
for AT have yet to be developed. Unlike physics-based models, which explain
why something happens, AI models usually cannot provide reasons—only
results. This makes them ‘black boxes’ that are hard to trust in high-stakes
applications like medicine. Indeed, in this respect, they are unscientific,
shortcutting the rigour and sidestepping mechanistic insights employed in
the scientific process’.

An AT’s answers are also only as good as its training data. If that data is
biased, incomplete, or inconsistent—that often happens in global health
because of the dependence on data from the Western world—its predictions
may be unreliable. How can you trust an Al trained on white Caucasian
males to work reliably on the population of the Indian sub-continent?
Regardless of this shortcoming, AT is being used to support clinical decisions
worldwide’.

To be fully generalisable, population data are used to achieve a ‘one-
size-fits-all'’ AT model, where predictions are statistical interpolations
rather than based on an individual’s physiology. Yet even such inter-
polations are potentially unreliable, as AI models often rest on untested
assumptions and subjective choices. The nonlinearity of biology presents
another challenge for Al that has not been trained with the necessary
intent or data. Moreover, uncertainty quantification for AI remains
challenging as a sea of parameters (even trillions) are employed to fit an
Al model, and these parameters lack intrinsic scientific meaning. Unable
to quantify the accuracy of Al-driven predictions, medical validation
within the context of use is critical.

Introducing Big Al—the best of both worlds

This leads us to Big Al, a powerful new approach where teams are
increasingly blending physics-based and AI models into a single framework.
Big Alis a hybrid model that takes the scientific rigour and interpretability of
digital twins and enhances them with the flexibility and speed of machine
learning.

Applications of Big Al in healthcare
One striking example of Big Al in action is in cardiac safety testing, where
Al is trained on 3D cardiac simulations of the action of drugs on virtual
human populations’. Other examples can be found in cardiovascular
disease prediction'’, neurosurgery'' and modelling physiology'’. Their
complementary strengths, blended in Big Al, can improve DTs" too.
These in silico approaches are also backed by the US FDA and the
European EMA''>'°,

Applying Big AI to commercial drug discovery, which still takes more
than a decade and costs billions of dollars”, could accelerate success:
blending PB methods with generative Al makes the former nimbler and the
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Each number links complementary qualities of AI and PB modelling, which, blended in Big Al,
can deliver robust, adaptive, and trustworthy personalised medicine. Big Al balances the precision
of PB models with the speed and flexibility of trained Al systems, notably in surrogates for aspects
of the modelling that are poorly understood, and/or computationally intensive. In one example, a
generative Al model suggests possible drug candidates. A physics-based model then scores how
well these drugs might bind to a specific protein. That score feeds back into the Al to refine its next
batch of suggestions, creating a synergistic loop.

latter more reliable. Similar approaches rely on Al-based predictive models'®
to speed the exploration of chemical libraries for lead discovery, for instance,
for drugs that bind to SARS-CoV-2 main protease'’. This workflow com-
plements efforts to model the entire preclinical workflow in silico™. In the
longer term, digital twins should also become capable of keeping individuals
on a path of wellness through longitudinal data collection and increasingly
powerful long-term predictive modelling, preventing disease and ill health
and thereby keeping many more people away from the need for hospital-
based care.

Big Al beyond medicine

Al curated by theory, has gained traction in other diverse fields, such as
climate science, weather forecasting”, quantum chemistry”’ and turbu-
lence modelling **** These disciplines, like medicine, benefit from models
that are not only fast and scalable but also explainable and rooted in the laws
of nature. In all of these examples, the blend of theory and data-driven
learning proves more powerful than either approach alone. By uniting the
interpretability and physiological fidelity of PB models with AT’s speed and
ability to emulate complex biological processes, Big AI will also usher in an
era of truly personalised, predictive medicine.

Data availability
No datasets were generated or analysed during the current study.

Peter Coveney'?*[<, Roger Highfield*>®, Eric Stahlberg” &
Mariano Vazquez®

'Centre for Computational Science, Department of Chemistry, University
College London, London, WC1H 0AJ, UK. 2Advanced Research
Computing Centre, University College London, London, WC1H 0AJ, UK.
3Institute for Informatics, Faculty of Science, University of Amsterdam,
1098XH Amsterdam, The Netherlands. “*Science Museum, Exhibition
Road, London, SW7 2DD, UK. *Sir William Dunn School of Pathology,
University of Oxford, Oxford, OX1 3RE, UK. ®Department of Chemistry,
University College London, London, WC1H 0AJ, UK. “The Institute of Data
Science in Oncology, The University of Texas MD Anderson Cancer
Center, Houston, TX, USA. ®ELEM Biotech & Barcelona Supercomputing
Center ES, Barcelona, Spain. e-mail: p.v.coveney@ucl.ac.uk

Received: 4 June 2025; Accepted: 8 July 2025;
Published online: 01 August 2025

References

1. Foundational Research Gaps and Future Directions for Digital Twins | National Academies.
https://www.nationalacademies.org/our-work/foundational-research-gaps-and-future-
directions-for-digital-twins.

2. Coveney, P. V. & Highfield R. Virtual You: How Building Your Digital Twin Will Revolutionize
Medicine and Change Your Life. (Princeton University Press, 2023).

3. Laubenbacher, R. et al. Toward mechanistic medical digital twins: some use cases in
immunology. Front. Digit. Health 6, 1349595 (2024).

4. Wu, C. etal. Integrating mechanism-based modeling with biomedical imaging to build practical
digital twins for clinical oncology. Biophys. Rev. 3, 021304 (2022).

5. Lo, S.C.Y.etal. Amulti-component, multi-physics computational model for solving coupled
cardiac electromechanics andvascular haemodynamics. Comp. Meth. Appl. Mech. Eng. 446,
118185 (2025).

6. Lin, M. & Stahlberg, E. The First Virtual Human Global Summit: Prepublication Meeting Report.
https://www.osti.gov/biblio/2428904 (2023) https://doi.org/10.2172/2428904.

7. Coveney, P. V. & Highfield, R. Artificial intelligence must be made more scientific. J. Chem. Inf.
Model. 64, 5739-5741 (2024).

8. Guillory, D., Shankar, V., Ebrahimi, S., Darrell, T. & Schmidt, L. Predicting With Confidence on
Unseen Distributions. In proc. of the IEEE/CVF International Conference on Computer Vision
1134-1144 (2021).

9. Dominguez-Gomez, P. et al. Fast and accurate prediction of drug induced proarrhythmic risk
with sex specific cardiac emulators. Npj Digit. Med. 7, 1-18 (2024).

10. Li, X,, Liu, X., Deng, X. & Fan, Y. Interplay between Atrtificial Intelligence and Biomechanics
Modeling in the Cardiovascular Disease Prediction. Biomedicines 10, 92157 (2022).

11. Zhang, X. et al. Combining physics-based models with deep learning image synthesis and
uncertainty in intraoperative cone-beam CT of the brain. Med. Phys. 50, 2607-2624 (2023).

12. Lee,J.H., Gao, H. &Ddllinger, M. Integrating machine learning with physics-based modeling of
physiological systems. Front. Physiol. 16, 1-3, (2025)

13. Coveney, P. V. &Highfield, R. Big Al: Blending Big Data with Big Theory to Build Virtual Humans.
in Artificial Intelligence for Science 381-398 (World Scientific, 2022). https://doi.org/10.1142/
9789811265679_0021.

14. Fia, W. Reflection paper on the use of artificial intelligence (Al) in the medicinal product lifecycle.
European Medicines Agency. (2023).

15. US Food and Drug Administration. Assessing the Credibility of Computational Modeling and
Simulation in Medical Device Submissions - Guidance for Industry and Food and Drug
Administration Staff. https://www.fda.gov/media/154985/download.

16. US Food and Drug Administration. Using Artificial Intelligence & Machine Learning in the
Development of Drug & Biological Products. https://www.fda.gov/media/167973/download.

17. Schlander, M., Hernandez-Villafuerte, K., Cheng, C.-Y., Mestre-Ferrandiz, J. & Baumann, M.
How much does it cost to research and develop a new drug? A systematic review and
assessment. Pharm. Econom. 39, 1243-1269 (2021)

18. McLoughlin, K. S. et al. Generative Molecular Design and Experimental Validation of Selective
Histamine H1 Inhibitors. 2023.02.14.528391 Preprint at https://doi.org/10.1101/2023.02.14.
528391 (2023).

19. Wan, S., P. Bhati, A., D. Wade, A., Alfe, D. & V. Coveney, P. V. Thermodynamic and structural
insights into the repurposing of drugs that bind to SARS-CoV-2 main protease. Mol. Syst. Des.
Eng. 7,123-131 (2022).

20. Coveney, P. V. COMbining Deep-Learning with Physics-Based Affinlty EstimatiOn 3
(COMPBIOB3). https://www.alcf.anl.gov/science/projects/combining-deep-learning-physics-
based-affinity-estimation-3-compbio3.

21. Reichstein, M. et al. Deep learning and process understanding for data-driven Earth system
science. Nature 566, 195-204 (2019).

22. McGovern, A. et al. Using Atrtificial Intelligence to Improve Real-Time Decision-Making for
High-Impact Weather. (2017) https://doi.org/10.1175/BAMS-D-16-0123.1.

28. Sadowski, P., Fooshee, D., Subrahmanya, N. & Baldi, P. Synergies between quantum
mechanics and machine learning in reaction prediction. J. Chem. Inf. Mod. 56, 2125-2128
(2016).

npj Digital Medicine | (2025)8:494


mailto:p.v.coveney@ucl.ac.uk
https://www.nationalacademies.org/our-work/foundational-research-gaps-and-future-directions-for-digital-twins
https://www.nationalacademies.org/our-work/foundational-research-gaps-and-future-directions-for-digital-twins
https://www.nationalacademies.org/our-work/foundational-research-gaps-and-future-directions-for-digital-twins
https://www.osti.gov/biblio/2428904
https://www.osti.gov/biblio/2428904
https://doi.org/10.2172/2428904
https://doi.org/10.2172/2428904
https://doi.org/10.1142/9789811265679_0021
https://doi.org/10.1142/9789811265679_0021
https://doi.org/10.1142/9789811265679_0021
https://www.fda.gov/media/154985/download
https://www.fda.gov/media/154985/download
https://www.fda.gov/media/167973/download
https://www.fda.gov/media/167973/download
https://doi.org/10.1101/2023.02.14.528391
https://doi.org/10.1101/2023.02.14.528391
https://doi.org/10.1101/2023.02.14.528391
https://www.alcf.anl.gov/science/projects/combining-deep-learning-physics-based-affinity-estimation-3-compbio3
https://www.alcf.anl.gov/science/projects/combining-deep-learning-physics-based-affinity-estimation-3-compbio3
https://www.alcf.anl.gov/science/projects/combining-deep-learning-physics-based-affinity-estimation-3-compbio3
https://doi.org/10.1175/BAMS-D-16-0123.1
https://doi.org/10.1175/BAMS-D-16-0123.1
www.nature.com/npjdigitalmed

npj | digital medicine

News & Views

24. Font, B., Alcantara-Avila, F., Rabault, J., Vinuesa, R. & Lehmkuhl, O. Deep reinforcement
learning for active flow control in a turbulent separation bubble. Nat. Commun. 16, 1422
(2025).

25. Scientific Knowledge with Machine Learning for Engineering and Environmental Systems |
ACM Computing Surveys. https://dl.acm.org/doi/full/10.1145/3514228.

Author contributions
All authors contributed with input to the paper. All authors wrote, revised, and approved the final
version.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to Peter Coveney.

Reprints and permissions information is available at
http://www.nature.com/reprints

Open Access This article is licensed under a Creative Commons
Attribution-NonCommercial-NoDerivatives 4.0 International License,
which permits any non-commercial use, sharing, distribution and
reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if you modified the licensed material. You
do not have permission under this licence to share adapted material
derived from this article or parts of it. The images or other third party
material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the
permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

npj Digital Medicine | (2025)8:494


https://dl.acm.org/doi/full/10.1145/3514228
https://dl.acm.org/doi/full/10.1145/3514228
http://www.nature.com/reprints
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
www.nature.com/npjdigitalmed

	Digital twins and Big AI: the future of truly individualised healthcare
	The rise of digital twins in medicine
	Physics-based models: accurate, quantifiable, but slow
	AI models: flawed, flexible, but fast
	Introducing Big AI—the best of both worlds
	Applications of Big AI in healthcare
	Big AI beyond medicine
	Data availability
	References
	Author contributions
	Competing interests
	Additional information




