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Digital twins in medicine

R. Laubenbacher    1  , B. Mehrad    1, I. Shmulevich2 & N. Trayanova3

Medical digital twins, which are potentially vital for personalized medicine, 
have become a recent focus in medical research. Here we present an 
overview of the state of the art in medical digital twin development, 
especially in oncology and cardiology, where it is most advanced. We 
discuss major challenges, such as data integration and privacy, and provide 
an outlook on future advancements. Emphasizing the importance of 
this technology in healthcare, we highlight the potential for substantial 
improvements in patient-speci!c treatments and diagnostics.

A 52-year-old man was found confused in his prison cell by the staff and 
brought to a hospital emergency department (ED). He had a remote his-
tory of a stroke and consequent hemiplegia. In the ED, his initial blood 
pressure was low and responded to volume resuscitation. His labora-
tory studies showed a mildly elevated peripheral leukocyte count and 
a mild renal insufficiency, and his chest X-ray showed bilateral airspace 
disease. He was diagnosed with pneumonia and started on empiric 
antibiotics aimed at pathogens that cause severe community-acquired 
pneumonia. Six hours later, he became more confused, developed 
hypotension again (requiring initiation of intravenous pressor drugs) 
and required increasing supplemental oxygen. His chest X-ray also 
showed worsening airspace disease. Three hours later, he required 
endotracheal intubation and lung-protective mechanical ventilation 
for worsening hypoxic respiratory failure due to acute respiratory dis-
tress syndrome. Over the following day, he developed refractory septic 
shock, requiring multiple intravenous pressors, acute kidney injury, 
and escalating ventilator requirements. His blood cultures, obtained 
on admission, showed Klebsiella pneumoniae, an organism that was 
sensitive to the antibiotics he had received. The patient’s condition 
continued to deteriorate, and he died of multi-organ failure 32 hours 
after his initial presentation.

In this case (encountered by B.M. in the medical intensive care 
unit (ICU)) and others like it, existing illness severity scoring systems 
provide quite accurate data on the likelihood of acute mortality, and 
are hence helpful in determining, for example, whether the patient can 
be treated at home, in the hospital or in the intensive care unit. Their 
main shortcoming, highlighted by this case, is that the information 
they provide is not otherwise actionable, for example, by identifying 
interventions that may have altered the course of the illness. This rep-
resents the biggest promise and challenge in applying computational 
modeling at the level of individual patients: given that biological het-
erogeneity leads to a wide range of responses to illness and treatments, 

can computational models, together with the right kinds of data, help 
the medical team intervene with more effective and better-timed 
interventions, tailored to an individual patient and resulting in better 
outcomes?

When President Obama announced his precision medicine initia-
tive during the 2015 State of the Union address and established a work-
ing group to implement it1, he called for an unprecedented effort to 
collect data on a million patients to bring the United States closer to an 
era where medical treatment can be tailored to each individual patient. 
The digital twin paradigm, as initially formulated and developed in 
industry and engineering, has a compelling analog in medicine as a 
powerful tool for truly personalizing medical care. The first attempts 
at medical digital twin (MDT) technology were made decades ago, 
including the very comprehensive pioneering Archimedes project on 
diabetes2. The literature has grown substantially over the past several 
years. A PubMed search for ‘digital twin’ retrieves over 1,400 citations, 
with an exponential increase since 2020. Three developments have 
probably contributed to this trend: an increased focus on precision 
(or personalized) medicine, the increasing availability of data charac-
terizing human biology3,4 and electronic health record (EHR) data for 
large patient cohorts, as well as the emergence of powerful modeling 
and simulation capabilities, such as machine learning (ML) algorithms 
and artificial intelligence (AI) models.

In this Perspective, we review the current state of development of 
MDTs and the challenges that need to be met to move forward with the 
development of an MDT industry, similar to what currently exists in the 
industrial sphere. These challenges are (1) technological, such as appro-
priate modeling technologies, (2) medical, such as our understanding 
of the biological determinants of health and disease, as well as the avail-
ability of appropriate data-generation technologies and (3) administra-
tive, such as standards for regulatory approval of MDT-based devices 
and data-sharing standards. We will also highlight developments in two 
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Medical digital twins are computational models of human biology relevant to a given medical
condition, which are tailored to an individual patient, thereby predicting the course of disease and
individualized treatments, an important goal of personalizedmedicine. The immune system,which has
a central role in many diseases, is highly heterogeneous between individuals, and thus poses a major
challenge for this technology. In February 2023, an international group of experts convened for two
days to discuss these challenges related to immune digital twins. The group consisted of clinicians,
immunologists, biologists, and mathematical modelers, representative of the interdisciplinary nature
of medical digital twin development. A video recording of the entire event is available. This paper
presents a synopsis of the discussions, brief descriptions of ongoing digital twin projects at different
stages of progress. It also proposes a 5-year action plan for further developing this technology. The
main recommendations are to identify and pursue a small number of promising use cases, to develop
stimulation-specific assays of immune function in a clinical setting, and to develop a database of
existing computational immunemodels, aswell as advancedmodeling technology and infrastructure.

The concept of amedical digital twin (MDT) represents a pivotal technology
envisioned to make personalized medicine a reality. This entails using
predictive computational models to harness diverse patient data over time,
allowing for identification of optimal interventions and corresponding
predictions of their effectiveness for an individual patient; see ref. 1–4.
Scaling up this concept into a widely used medical technology necessitates
substantial coordinated advancements across several fields, including
human biology, medicine, biochemistry, bioinformatics, and mathematical
and computationalmodeling.A signof increasing interest in this technology
was evident in the workshop “Opportunities and Challenges for Digital
Twins in Medicine,” organized by the National Academies of Science,
Engineering, and Medicine in January 20235,6. One possible long-term
vision is a virtual replica of an entire patient that evolves with the patient
over the course of their lives, as articulated by the Virtual Physiological
Human Institute7 and the European Virtual Human Twin Project8. The
foundations for MDT technology, however, are yet to be developed. The
Forum described here, and other efforts9,10 have focused on digital twins for
medical conditions related to the immune system. This provides a narrower
focus, but at the same timeaddresses awide rangeofdiseases that involve the

immune system inanessentialway, such as infectiousdiseases, autoimmune
diseases, and cancer, among many others. The immune system in many
ways serves as a benchmark for the kind of complexity that we need to be
able to representwith computationalmodels.High-fidelitymodelsmight be
needed to account for differences in an individual’s immune response to,
say, a vaccine. One desired outcome is a broad-based community effort to
advance modeling of the immune system in different disease contexts.

Weadoptedabroaddefinitionof aMDTthathappens toalignwith that
in a recently released report by the National Academies of Science, Engi-
neering and Medicine on “Foundational Research Gaps and Future
Opportunities for Digital Twins”11: “The key elements that comprise a digital
twin include (1)modeling and simulation to create a virtual representation of
a physical counterpart, and (2) a bidirectional interaction between the virtual
and the physical. This bidirectional interaction forms a feedback loop that
comprises dynamic data-drivenmodel updating (e.g., sensor fusion, inversion,
data assimilation) and optimal decision-making (e.g., control, sensor steer-
ing). Akeypoint is that there is anongoing exchangebetween thepatient and
the digital twin, with data from the patient used to dynamically recalibrate
the digital twin, and predictions from the digital twin informing patient
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A fundamental challenge for personalized medicine is to capture enough of the
complexity of an individual patient to determine an optimal way to keep them
healthy or restore their health. This will require personalized computational
models of sufficient resolution and with enough mechanistic information to
provide actionable information to the clinician. Such personalized models are
increasingly referred to as medical digital twins. Digital twin technology for
health applications is still in its infancy, and extensive research and
development is required. This article focuses on several projects in different
stages of development that can lead to specific—and practical–medical digital
twins or digital twin modeling platforms. It emerged from a two-day forum on
problems related to medical digital twins, particularly those involving an
immune system component. Open access video recordings of the forum
discussions are available.

KEYWORDS

medical digital twin, immune digital twin, personalized medicine, roadmap, review of
digital twin projects

Introduction

The vision at the heart of personalized medicine is to design and implement
customized approaches to keep individuals healthy and how to restore their health
when it is compromised. This requires that we can quantify the differences between
individuals that account for their health status in relation to their biological makeup, as
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Aspergillus species are ubiquitous environmental moulds, with spores
inhaled daily by most humans. Immunocompromised hosts can develop
an invasive infection resulting in high mortality. There is, therefore, a press-
ing need for host-centric therapeutics for this infection. To address it, we
created a multi-scale computational model of the infection, focused on its
interaction with the innate immune system and iron, a critical nutrient for
the pathogen. The model, parameterized using published data, was found
to recapitulate a wide range of biological features and was experimentally
validated in vivo. Conidial swelling was identified as critical in fungal strains
with high growth, whereas the siderophore secretion rate seems to be an
essential prerequisite for the establishment of the infection in low-growth
strains. In immunocompetent hosts, high growth, high swelling probability
and impaired leucocyte activation lead to a high conidial germination rate.
Similarly, in neutropenic hosts, high fungal growth was achieved through
synergy between high growth rate, high swelling probability, slow leucocyte
activation and high siderophore secretion. In summary, the model reveals a
small set of parameters related to fungal growth, iron acquisition and
leucocyte activation as critical determinants of the fate of the infection.

1. Introduction
Invasive aspergillosis is a human infection with increasing incidence, related to
the use of immunosuppressive therapies, such as cancer chemotherapy and
immunosuppression medications [1]. More recently, it has also been observed
that 10% to 14% of critically ill patients with COVID-19 developed invasive
aspergillosis [2,3]. Mortality remains high, 30–60% in recent surveys [4], despite
advances in diagnostics and therapy. Increasing triazole resistance in this infec-
tion [5] has raised the spectre of a ‘perfect storm’ [6] in an increasing population
of susceptible individuals with a diminished repertoire of treatment options.

The research presented here was motivated by the search for host-centric
interventions in immuno-compromised patients that can be used in combination
with antifungal treatments. An important mechanism in innate immunity is the
sequestration of iron from pathogens, a nutrient critical for nearly all organisms.
A well-established literature supports the concept that the ‘battle over iron’ is

© 2022 The Authors. Published by the Royal Society under the terms of the Creative Commons Attribution
License http://creativecommons.org/licenses/by/4.0/, which permits unrestricted use, provided the original
author and source are credited.
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”Modern control theory, based on differential equations, is not an adequate tool
for solving the problems of complex control systems. It is necessary to construct
differential equations to trace the input-output paths, that is, to apply a deductive
deterministic approach. But it is impossible to use this approach for complex
systems because of the difficulty in finding these paths.”

Alexey Ivakhnenko
IEEE Transactions on Systems, Man, and Cybernetics, 1971

Control
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Optimal control of agent-based models via
surrogate modeling
Luis L. FonsecaID

1☯*, Lucas BöttcherID
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Abstract

This paper describes and validates an algorithm to solve optimal control problems for agent-

based models (ABMs). For a given ABM and a given optimal control problem, the algorithm

derives a surrogate model, typically lower-dimensional, in the form of a system of ordinary

differential equations (ODEs), solves the control problem for the surrogate model, and then

transfers the solution back to the original ABM. It applies to quite general ABMs and offers

several options for the ODE structure, depending on what information about the ABM is to

be used. There is a broad range of applications for such an algorithm, since ABMs are used

widely in the life sciences, such as ecology, epidemiology, and biomedicine and healthcare,

areas where optimal control is an important purpose for modeling, such as for medical digital

twin technology.

Author summary

The motivation for the work reported in this paper is the development of mathematical
tools for medical digital twins. Based on a computational model of some aspects of human
biology, there is a two-way interaction between the physical twin (the patient) and the dig-
ital twin (the model). In one direction, the model is periodically calibrated with patient-
derived data to evolve alongside the patient, transforming it into a digital twin. In the
other direction, optimal interventions derived from the digital twin are administered to
the patient. In many cases, there is a lack of readily available methods for optimal control
in the underlying computational model, making it challenging to identify effective inter-
ventions. This is particularly true for model types such as agent-based models (ABMs),
which are often more suitable in the context of medical digital twins than models based
on ordinary differential equations (ODEs). In this paper, we present an algorithm that
takes a general ABM and an optimal control problem as inputs and provides a solution to
the control problem as output. This is accomplished by first constructing a surrogate
ODE model, solving the optimal control problem, and then transferring the solution back
to the ABM. The algorithm supports several types of surrogate models, ranging from
those that implement mechanistic features of the ABM to purely phenomenological
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We use the two control signals !1("#; $1) = −(["#$1]+ − {["#$1]+}) and !2(%#; $2) = ([%#$2]+ − {[%#$2]+})
to manage the population sizes of prey and predators, respectively. The control function (2.4)
is set up such that it outputs negative integer-valued controls, meaning that a certain number
of prey and predators will be removed from the ABM at each time step. More details on the
training of this controller are provided in the Appendix.

The smallest loss &1(') of about 74.09 achieved during training is associated with the
parameters $1 = 0.0083 and $2 = 0.0047. The corresponding numbers of reached prey and
predators are "‾(') ≈ 4573 and %‾(') ≈ 956.

In figure 2c, we show the evolution of !1("#; $1) (i.e. prey control) and !2(%#; $2) (i.e. predator
control) within the control horizon. At each time step, around 3−4 predators and between 35
and 40 predators are removed.

The learned ANN parameters ($1, $2) = (0.0083,0.0047) (blue disk) are close to the optimal
ones (0.0083,0.0045) (black cross) (figure 2d). We determined the optimal parameters for prey
($1) and predators ($2) by performing a grid search over the underlying parameter space. All

Figure 2. Control of predator–prey dynamics with an ANN. (a) To control the given predator–prey ABM, we first need to
define suitable inputs and outputs for the ANN. Potential inputs are the population sizes (#, "# and %# of species ), * and+ at time #. We aim at directly managing the numbers of predator and prey, so there are two outputs !1 and !2. Using a
problem-tailored straight-through estimator, the ANN outputs integer-valued controls !1,!2 after subtracting the fractional
part {[ ⋅ ]+} of the positive part of the hidden-layer outputs. We use , and {-+} to indicate hidden-layer activations and
the straight-through estimator, respectively. (b) The evolution of nutrient-rich lattice sites, prey, and predators based on a
single instantiation of the predator–prey ABM. The vertical dashed grey line indicates the time at which the ANN controller is
switched on. The controller aims at increasing the mean number of prey by 10% and reducing the mean number of predators
by 50%. The dashed blue and red lines indicate the target levels of prey and predators (i.e. "‾* = 4575 and %‾* = 948),
respectively. We used a 255 × 255 grid and set "0 = 2500, %0 = 1250, .1 = 4.0, .2 = 5.0, /1 = 4.0, /2 = 20.0 and0 = 30 [40]. The initial proportion of nutrient-rich lattice sites is 50%. (c) The corresponding control outputs !1("#; $1) (i.e.
prey control) and !2(%#; $2) (i.e. predator control) as a function of the control time. (d) The values of $1 and $2 learned by
different control methods (blue disk: ANN controller; blue triangle: mechanistic approach; blue inverted triangle: S-system
approach). The black cross indicates the optimal values of the control parameters $1, $2 found via a grid search. All pairs
($1, $2) associated with controlled model trajectories were found to be one s.d. away from the optimum are coloured in
brown. This brown region therefore represents the uncertainty associated with the optimal control parameters, arising from
the stochastic dynamics of the underlying ABM.

6

royalsocietypublishing.org/journal/rsta 
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to manage the population sizes of prey and predators, respectively. The control function (2.4)
is set up such that it outputs negative integer-valued controls, meaning that a certain number
of prey and predators will be removed from the ABM at each time step. More details on the
training of this controller are provided in the Appendix.

The smallest loss &1(') of about 74.09 achieved during training is associated with the
parameters $1 = 0.0083 and $2 = 0.0047. The corresponding numbers of reached prey and
predators are "‾(') ≈ 4573 and %‾(') ≈ 956.

In figure 2c, we show the evolution of !1("#; $1) (i.e. prey control) and !2(%#; $2) (i.e. predator
control) within the control horizon. At each time step, around 3−4 predators and between 35
and 40 predators are removed.

The learned ANN parameters ($1, $2) = (0.0083,0.0047) (blue disk) are close to the optimal
ones (0.0083,0.0045) (black cross) (figure 2d). We determined the optimal parameters for prey
($1) and predators ($2) by performing a grid search over the underlying parameter space. All

Figure 2. Control of predator–prey dynamics with an ANN. (a) To control the given predator–prey ABM, we first need to
define suitable inputs and outputs for the ANN. Potential inputs are the population sizes (#, "# and %# of species ), * and+ at time #. We aim at directly managing the numbers of predator and prey, so there are two outputs !1 and !2. Using a
problem-tailored straight-through estimator, the ANN outputs integer-valued controls !1,!2 after subtracting the fractional
part {[ ⋅ ]+} of the positive part of the hidden-layer outputs. We use , and {-+} to indicate hidden-layer activations and
the straight-through estimator, respectively. (b) The evolution of nutrient-rich lattice sites, prey, and predators based on a
single instantiation of the predator–prey ABM. The vertical dashed grey line indicates the time at which the ANN controller is
switched on. The controller aims at increasing the mean number of prey by 10% and reducing the mean number of predators
by 50%. The dashed blue and red lines indicate the target levels of prey and predators (i.e. "‾* = 4575 and %‾* = 948),
respectively. We used a 255 × 255 grid and set "0 = 2500, %0 = 1250, .1 = 4.0, .2 = 5.0, /1 = 4.0, /2 = 20.0 and0 = 30 [40]. The initial proportion of nutrient-rich lattice sites is 50%. (c) The corresponding control outputs !1("#; $1) (i.e.
prey control) and !2(%#; $2) (i.e. predator control) as a function of the control time. (d) The values of $1 and $2 learned by
different control methods (blue disk: ANN controller; blue triangle: mechanistic approach; blue inverted triangle: S-system
approach). The black cross indicates the optimal values of the control parameters $1, $2 found via a grid search. All pairs
($1, $2) associated with controlled model trajectories were found to be one s.d. away from the optimum are coloured in
brown. This brown region therefore represents the uncertainty associated with the optimal control parameters, arising from
the stochastic dynamics of the underlying ABM.
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Digital twin technology, originally developed for engineering, is being
adapted to biomedicine and healthcare. A key challenge in this process
is dynamically calibrating computational models to individual patients
using data collected over time. This calibration is vital for improving
model‑based predictions and enabling personalized medicine. Biomedical
models are often complex, incorporating multiple scales of biology and
both stochastic and spatially heterogeneous elements. Agent‑based models,
which simulate autonomous agents, such as cells, are commonly used
to capture how local interactions affect system‑level behaviour. However,
no standard personalization methods exist for these models. The main
challenge is bridging the gap between clinically measurable macrostates
(e.g. blood pressure and heart rate) and the detailed microstate data (e.g.
cellular processes) needed to run the model. In this article, we propose an
algorithm that applies the ensemble Kalman filter, a classic data‑assimilation
technique, at the macrostate level. We then link the Kalman update at
the macrostate to corresponding updates at the microstate level, ensuring
that the resulting microstates are compatible with the desired macrostates
and consistent with the model’s dynamics. This approach improves the
personalization of complex biomedical models and enhances model‑based
forecasts for individual patients.

1. Introduction
A medical digital twin (MDT) is a virtual replica of some aspect of a patient’s
biology relevant to their health; it consists of a computational model that is cali‑
brated to the patient and is dynamically updated fromdata repeatedly collected
from the patient. The MDT can be used to forecast a patient’s health trajec‑
tory or simulate the effect of different interventions. MDTs promise to be a
key technology for the implementation of personalized medicine. Preliminary
work associated with MDT implementation and architecture (e.g. how MDTs
and their associated data will be stored, accessed, etc. in clinical settings) is al‑
ready underway [1–4], stemming from the use of digital twins in engineering.
While there are some examples that deliver on the promise of MDTs, such as
the artificial pancreas [5], several foundational problems need to be solved first
[6–8] before this technology can be used widely.

In this article, we address the core mathematical problem of calibrating a
generic computational model to a particular patient, forecasting disease pro‑
gression and the effect of therapeutic interventions. We study data assimilation
(DA), the integration of observational data into a computational model, for the
purpose of personalizing themodel. Specifically, we consider how to find likely
states and parametrizations of the model so that we can improve the predic‑
tion of a patient’s health outcomes. Finding the precise state and parameters
of a patient, especially given small amounts of available data, is a challenging
task: models may have structurally or practically unidentifiable parameters in
this regime [9], and many model states and parameters may reproduce the ob‑
served data. To tackle this challenge, we use parameter and state distributions

©2025TheAuthors. Publishedby theRoyal Society under the termsof the Creative CommonsAttribution License
http://creativecommons.org/licenses/by/4.0/, which permits unrestricted use, provided the original author and
source are credited.
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to capture how local interactions affect system‑level behaviour. However,
no standard personalization methods exist for these models. The main
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cellular processes) needed to run the model. In this article, we propose an
algorithm that applies the ensemble Kalman filter, a classic data‑assimilation
technique, at the macrostate level. We then link the Kalman update at
the macrostate to corresponding updates at the microstate level, ensuring
that the resulting microstates are compatible with the desired macrostates
and consistent with the model’s dynamics. This approach improves the
personalization of complex biomedical models and enhances model‑based
forecasts for individual patients.

1. Introduction
A medical digital twin (MDT) is a virtual replica of some aspect of a patient’s
biology relevant to their health; it consists of a computational model that is cali‑
brated to the patient and is dynamically updated fromdata repeatedly collected
from the patient. The MDT can be used to forecast a patient’s health trajec‑
tory or simulate the effect of different interventions. MDTs promise to be a
key technology for the implementation of personalized medicine. Preliminary
work associated with MDT implementation and architecture (e.g. how MDTs
and their associated data will be stored, accessed, etc. in clinical settings) is al‑
ready underway [1–4], stemming from the use of digital twins in engineering.
While there are some examples that deliver on the promise of MDTs, such as
the artificial pancreas [5], several foundational problems need to be solved first
[6–8] before this technology can be used widely.

In this article, we address the core mathematical problem of calibrating a
generic computational model to a particular patient, forecasting disease pro‑
gression and the effect of therapeutic interventions. We study data assimilation
(DA), the integration of observational data into a computational model, for the
purpose of personalizing themodel. Specifically, we consider how to find likely
states and parametrizations of the model so that we can improve the predic‑
tion of a patient’s health outcomes. Finding the precise state and parameters
of a patient, especially given small amounts of available data, is a challenging
task: models may have structurally or practically unidentifiable parameters in
this regime [9], and many model states and parameters may reproduce the ob‑
served data. To tackle this challenge, we use parameter and state distributions
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Model microstate: a full initialization of the ABM

Model macrostate: 
Ø Model parameters; 
Ø Model states that are global states of system components, 
     such as molecule concentrations in a blood compartment;
Ø Summaries of microstates; 

Mathematical Problem: Given repeated partial measurements
of model macrostates, how can one calibrate the ABM and simulate 
it to forecast its likely trajectory?
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Figure 1. (a) Overview of the ABMKalman filter (ABMKF) algorithm’s update ofmicrostates based on updates to themacrostates. Prediction: an ensemble ofmicrostates
at time t is advanced to t + 1 using themechanistic model. Summarize: the updatedmicrostates are then summarized into macrostates. Resulting macrostates are used
as the ensemble in the EnKF. Update: the EnKF resamples the updated ensemble of macrostates. Synthesize (in red): the previous microstates are used as seeds for the
synthesis of new macrostate-compatible microstates. (b) Starting epithelial microstate (time t). Second column: microstate updated by the two synthesis algorithms.
Third column: microstates 20 time steps in the future. (c) Categorical epithelial states are encoded into five component scalar states as indicator variables. This ‘one-
hot encoding’ [74] is rescaled to increase the healthy and decrease the infected component sums. The scaled field is quantized back to a one-hot encoding using the
quantization/error-diffusion algorithm. Finally, the quantized one-hot encoding is decoded as a categorical state.

3. Results
3.1. The Kalman filter on agent-based models
In order to make use of KF methods in ABM (or other) with complex state spaces, we will need to take care to define several of the
mathematical objects considered in the sketch above. First, it is useful to consider which state components to include, not limiting
ourselves to quantities for whom the model includes dynamics, but also including quantities that are often thought of as model
parameters, as long as they vary between individuals and have a meaningful impact onmodel dynamics. As discussed below, it is
often useful to expand themodel to include randomwalk dynamics on these quantities to improve KF performance. Furthermore,
the complex state spaces of ABMs lead to several complications, which lead us to a distinction between fully describedmicrostates
and more summarized macrostates upon which the KF acts (see figure 1a).

While we will not attempt to provide a formal definition of an ABM, we note that many computational models that go by this
name have some commonalities [12,13,75–77]. Such a model contains one or more types of agent. For example, in theWolf‑Sheep‑
Grass (WSG) model considered later in §3, wolves and sheep are mobile agents and each grass patch is an immobile agent. An
ABM of the immune system might contain several agent types, one for each type of immune cell considered as well as epithelial
and endothelial cells, such as in the viral dynamics model discussed in later in §3. Such an ABM will typically support multiple
instances of each agent type, each of which has its own state described by the same collection of data and updated by the same
computational model. Often, these agents may enter or leave the simulation through a birth/death process.

These features lead to problems with applying KF methods directly to such a model:
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Open mathematical problems

Ø Develop new generations of these methods
    for more complex multi-scale ABMs using
    generative AI tools, e.g., variational autoencoders
Ø Uncertainty quantification
Ø Digital twins based on large quantitative models
    combining mechanisms and multimodal data, 
    e.g., EHR, omics, imaging data
Ø Develop a general digital twin platform
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