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» close monitoring of time-varying physical asset
» precursors = virtual and simulated models
* wide application across industries

sanomaly detection

s predictive maintenance

scarly iIntervention

e Ooptimisation

* ‘what-if simulation
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‘a digital twin is a virtual
representation of real-world
entities and processes,
synchronised at a specified
frequency and fidelity’

data + a model + update
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A conceptual representation of the involved digital twins for the trauma management process
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X Zhong et al. A multidisciplinary
approach to the development of
digital twin models of critical care
delivery in intensive care units.
International journal of
Production Research. Dec 2021
MUSC ICU



/A Alder Hey

®» Innovation

Patient ‘avatars’
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THE COGNITIVE BIAS CODEX
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« Confirmation bias

« Semmelweis effect
« Availability heuristic
* |llusory correlation

 Dichotomous
thinking

« Anchoring
* Etc.



Patient ‘avatars’
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data refines the digital twin

(al) Provide better clinical
interpretability and (a2) make predictions

(b1) Automatically extract known

parameters or (b2) find new metrics from

hidden patterns in the data.
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Figure I The two pillars of the digital twin, mechanistic and statistical models, illustrating its construction and four examples of use: a1,'® a2,""
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b2) Unsupervised machine learning

can integrate clinical data to predict

outcomes and categorize patients
based on similarity
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b1) Automatic cardiac

MR segmentation using

a deep learning neural
network

J.Corral-Acero et al. The digital
twin to enable the vision of
precision cardiology. EHJ 2020
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Synthetically generated patients:

‘hypothetical patients that
represent the range of human
variables for a particular condition’

e PERSPECTIVE

M) Check for updates

Causal inference and counterfactual prediction in
machine learning for actionable healthcare

MattiaProsperi ©'™, YiGuo©23, Matt Sperrin®, JamesS. Koopman?®, JaeS. Min’, XingHe?,
ShannanRich®7, Mo Wang?, lainE.Buchan©7 and Jiang Bian ©23
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Next-generation, personalised, model-based critical
care medicine: a state-of-the art review of in silico
virtual patient models, methods, and cohorts, and

how to validation them

J. Geoffrey Chase &, Jean-Charles Preiser, Jennifer L. Dickson, Antoine Pironet, Yeong Shiong Chiew

Christopher G. Pretty, Geoffrey M. Shaw, Balazs Benyo, Knut Moeller, Soroush Safaei, Merryn Tawhai, Peter
Hunter & Thomas Desaive

BioMedical Engineering OnLine 17, Article number: 24 (2018) | Cite this article

Digital Twins in Critical Care: What, When, How,
Where, Why?
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 defining frequency / fidelity / complexity
« optimizing data streams / signal processing / unstructured data
» better mechanistic and statistical model integration
» potential coordinated models
* integration to workflow / trustworthiness / risk
* regulatory/ legal S ———————
» privacy / ethics o Wenmed
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