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Abstract

Multiscale computational modeling aims to connect the complex networks of effects at different
length and/or time scales. For example, these networks often include intracellular molecular
signaling, crosstalk, and other interactions between neighboring cell populations, and higher levels
of emergent phenomena across different regions of tissues and among collections of tissues or
organs interacting with each other in the whole body. Recent applications of multiscale modeling
across intracellular, cellular, and/or tissue levels are highlighted here. These models incorporated
the roles of biochemical and biomechanical modulation in processes that are implicated in the
mechanisms of several diseases including fibrosis, joint and bone diseases, respiratory infectious
diseases, and cancers.
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Introduction

Chemical, physical, and biological processes interact across multiple scales of organization
—molecular, cellular, tissue, organ systems, and whole-body scales. These multiple scales
lead to both localized and systemic consequences for physiology, disease progression,

and medical therapeutics. Dynamic effects including clinical outcomes emerge from the
collective behavior across multiple scales and cannot be explained simply by studying

the isolated parts at a single scale. Multiscale computational modeling allows for
quantitative descriptions of interconnected processes, which can aid in understanding

the mechanisms linking processes that cannot be decoupled easily in experiments.
Computational investigations of the mechanisms and conditions that contribute to the
progression from healthy to diseased states of increasing severity and the effects of
treatments that may restore normal physiological function can greatly benefit clinical
medicine and pharmacology. Multiscale modeling (MSM) aims to connect the complex
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networks of effects at various scales. With MSM, contributing factors can be tested in
isolation and in systematic combinations to generate hypotheses for future experiments or
to verify proposed mechanisms. Having many interrelated processes presents a challenge
for gaining a full understanding of the progression of the disease and the efficacy of new
treatments. MSM has the potential to translate reductionist theories, integrate disparate data,
and compile the multiple mechanistic processes that contribute to the onset and progression
of a disease into a systematic framework. Ideally, the framework is user-friendly and
capable of taking the interconnected chemical, physical, and biological factors into account
in a coupled fashion and in the appropriate magnitudes and sequences to make testable
predictions. In the absence of such a framework, unraveling the network of events in human
diseases will continue to be perplexing, and the development of effective treatments will
remain a piecemeal and slow process.

In this brief review, first, common MSM methods are overviewed. Then, recent publications
are highlighted that feature MSM involving at least two biological length scales to simulate
a network of pathophysiological effects of a disease. MSM in systems biology is a vast
field, and surveying every disease is beyond the scope of the present review. MSM case
studies for a subset of diseases are discussed. These case studies are organized by disease
type: fibrosis, joint and bone diseases, respiratory infectious diseases, and cancers. These
were selected as representative examples that contribute to the fundamental understanding of
pathology related to the synchrony and interconnections between a) biochemical signaling
pathways in cells, b) tissue formation or degradation through extracellular matrix (ECM)
remodeling often in conjunction with heterogeneous cell populations and secreted factors,
and/or c¢) biomechanical effects on tissues. ECM remodeling, inflammation, mechanical
forces, and metabolic growth are all involved to various extents in diseases of tissue
expansion, degradation, and fibrosis [1-4].

Overview of multiscale modeling methods

The purpose of this section is to introduce key terminology of popular MSM methods so
that the later discussion of MSM in the context of human diseases is clear. This section

is not intended to comprehensively cover the history and scope of MSM methods. Others
have previously published overviews of MSM methods and considerations for suitability
at various scales for immunology and infectious diseases [5-11], cancer [12,13], tissue
growth [14], and more generally for biomedical systems [15-17]. There is also a relevant
issue of Current Opinion in Biomedical Engineering themed on “Biomechanics: multiscale
modeling” that will likely be of interest to readers of this manuscript [18].

Computational models based on deterministic differential equations are well-suited for
studying dynamics and transport in complex systems. Differential equations can track
populations, mass, forces, energy, momentum, and other quantities and the interactions
between them. Ordinary differential equations (ODESs) are generally used to consider
dynamic effects. Partial differential equations (PDESs) consider spatial and temporal effects.
ODEs or PDEs can be converted to delay differential equations to account for processes

at multiple time scales where the nonprimary time scales occur after a lag time interval
relative to the primary time. The main drawbacks to deterministic differential equations
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are that continuous collective responses are built into the model assumptions and that the
equations do not account for the stochasticity inherent in biological systems. To overcome
the latter drawback, differential equations may be solved through stochastic simulation
algorithms to account for uncertainty in parameter values and biological responses. This
technique is still best suited for continuum-based modeling where the concentrations

of interacting species or chemicals are sufficiently large. In contrast to equation-based
modeling paradigms, agent-based models (ABMs) involve discrete individuals or “agents”
with assigned rules to describe interactions with other agents and how each behaves
stochastically in different scenarios (note that these behavioral rules can be based on
Boolean logic or can use sampling from probability distributions). ABMs can involve
spatial variations and can capture behaviors that emerge from many individuals interacting
dynamically without predetermined collective properties. ABMs are best suited for relatively
small numbers of interacting agents (on the order of a few thousand). The drawback

of ABMs is that they take much longer to simulate compared to differential equations
representing the same time periods, spatial domains, and populations of species [19]. A
“hybrid” computational approach is often adopted in MSM that takes advantage of the
benefits of PDEs to describe chemical species that react and interact in large quantities in a
background spatial region or field and of ABMs to describe cells and chemical species that
interact in small quantities or in logic-based upregulation or downregulation fashions. This
approach reduces the limitations of either method alone. Other hybrid approaches may also
include using intracellular networks described by systems of ODEs combined with ABMs
at the intercellular or tissue level. Both the platforms CompuCell3D [20] and PhysiCell [21]
allow for hybrid coupling of ABMs to intracellular ODEs and/or extracellular PDEs. In the
following sections, combinations of equation-based models and/or discrete ABMs at various
scales will be discussed for applications in human diseases.

In healthy tissue homeostasis, the ECM regularly undergoes remodeling that usually
results in a net balance between production and degradation of collagen and other

fibrous components. ECM is degraded by matrix metalloproteinases (MMP) and other
matrix degrading enzymes, and this degradation is inhibited by tissue inhibitor of
metalloproteinases. Neighboring cells or pathogen infections affect the ECM through
secretions of various chemicals that generally either a) promote matrix accumulation and
fibrosis or b) enhance matrix degradation and inflammation. Fibrotic diseases characterized
by net matrix accumulation are considered in this section. Arthritis and osteoporosis are
examples of diseases characterized by inflammation and enhanced matrix degradation and
are discussed in the next section. More complex interplay between ECM remodeling and
inflammation in various disease conditions are possible in respiratory infectious diseases and
cancers, which are discussed subsequently.

Fibrosis affects many tissues, and MSM has been applied to study fibrosis in the

heart [22,23], lungs [24], and kidneys [25]. In the heart, cardiac fibroblasts respond

to electrophysiological cues in addition to chemical and biomechanical cues. Ref. [22]
reviewed computational modeling efforts for all three of these areas as well as some
early MSM applications to the heart. MSM was used to study cardiac fibrosis following
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myocardial infarction [23]. This model coupled a logic-based ODE model for the
intracellular signaling network in fibroblasts to an ABM for migratory fibroblast agents and
discrete values of cytokines and collagen across a spatial domain that respond dynamically
to outputs from the network model. The discrete values were assigned to individual

grid cells and could not diffuse. The network model integrated several biochemical and
mechanical inputs across signaling pathways for fibroblast activation and ECM remodeling.
The collagen dynamics depended on collagen | and 111 mRNA from the network model

for production and the current value of collagen in the ABM for degradation. MMP was
not explicitly represented. Cytokine spatial gradients were used to explore combinations of
fibrotic and inflammatory phenotypes.

A recent review [24] focused on MSM and covered models for fibrosis, lung diseases, MSM,
and the intersections of these categories. A model was developed for renal interstitial fibrosis
[25] that was structurally similar to several of the MSM works reviewed for the lungs in

Ref. [24]. In the kidney application, a hybrid approach was used that coupled an ABM at

the cellular and tissue scale to a PDE for extracellular chemical fields. Additionally, ODEs
were used at the molecular scale for the intracellular response to transforming growth factor
beta and ECM through integrin receptor binding. The model explicitly incorporated the roles
of macrophages in addition to myofibroblasts, fibroblasts, and epithelial cells. The effects of
drugs were also simulated.

Although not explicitly studying fibrotic diseases, two recent MSM efforts accounted for
dysregulated growth mechanisms related to growth and remodeling in the heart [26] and
arteries [27]. Both [26,27] incorporated intracellular network models comparable to those
used in for cardiac fibrosis [23] and renal interstitial fibrosis [25]. In Ref. [26], cell signaling
for hypertrophy subject to mechanical inputs determined changes in cellular area, and these
changes were coupled to a PDE model for the mechanics of growth of the left ventricle.
Similarly, in Ref. [27], a logic-based network model for cell signaling was coupled to a
mechanical model for growth and remodeling of an artery. The mechanical model was a
constrained mixture model that incorporated the effects on three tissue constituents: elastin,
collagen, and smooth muscle. The proportions of these constituents changed due to muscle
cell proliferation and collagen remodeling via multiple MMP species from the intracellular
model. Stresses resulting from growth and remodeling were input to the signaling network
model.

Joint and bone diseases

Computational modeling for joint degradation by arthritis focusing primarily on mechanical
signals at various scales was recently reviewed [28]. From a biochemical and cellular
perspective, a multiscale model was developed for joints subject to cartilage degradation

by rheumatoid arthritis using three compartments representing synovial membrane, synovial
fluid, and cartilage [29]. Each compartment was described by a set of continuous reaction-
diffusion PDEs for the populations of immune cells, fibroblasts, and chondrocytes and
concentrations of cytokines, drugs, MMP, and tissue inhibitor of metalloproteinases. Both
chondrocyte cells and ECM were described by nonconstant volume population/mass
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balance equations. The degradation of ECM resulted in an advection term in the cartilage
compartment to account for the velocity of the synovial membrane interface.

For application to osteoporosis, a hybrid model for bone osteoblast cells was developed
that coupled an ABM to a mechanical model [30]. The ABM was used to simulate the
intracellular molecular network through two compartments (cytoplasm and nucleus) for
transduction of mechanical stimuli into cellular responses. The tissue-level mechanical
model with an applied load was coupled to the ABM through mechanosensing of the

tissue through integrin receptors on the cells and through modulation of the ECM material
properties, particularly stiffness, through the expressed ECM proteins. The dynamics of the
model have been further analyzed in subsequent studies [31,32].

Respiratory infectious diseases

Several more scales are relevant to modeling of infectious diseases compared to
noncommunicable diseases, for example, pathogen, environment, and population scales.
Here, the focus is refined to MSM for the immune system that covers at least two of the
following scales in the lungs of human hosts: intracellular, inter-cellular, and tissue.

The SARS-CoV-2-induced COVID-19 pandemic has led to multiple recent MSM efforts to
understand the infection and immune response in lung epithelial tissues [33,34]. Both efforts
considered that epithelial cells may be killed by viral infection, immune response to control
infection, both, or neither depending on the dynamics and magnitudes of and interplay
between the infection and immune response. Using the physics-based multicellular simulator
PhysiCell [21], a hybrid approach was developed in Ref. [33] to model the lung epithelial
cells discretely with internal ODEs for intracellular receptor trafficking, pathogen dynamics,
and cell response to viral load along with discrete agents for cells of the immune response
and PDEs for diffusing cytokines and virions that spread through the tissue. Tissue damage
in the forms of epithelial cell death and fibrotic collagen replenishment were incorporated.
In Ref. [34], the multiscale, multicell simulation environment CompuCell3D [20] was used,
and three compartments were considered: a simplified epithelial compartment compared to
that Ref. [33], an extracellular compartment for an immune response, and a lymph node
compartment from which immune cells are recruited. Both of these MSM approaches made
many assumptions in the absence of experimental data on SARS-CoV-2 infection, but both
were formulated to easily incorporate future mechanistic refinements in a modular fashion.

In tuberculosis, which results from a bacterial lung infection, the formation and integrity
of fibrous tissue structures called granulomas are important for disease outcomes. MSM

of the regulation of these formations by pro inflammatory and anti-inflammatory processes
was reviewed in Ref. [35]. The integrity of granulomas controlled by ECM remodeling
was modeled in Ref. [36]. Note that Ref. [35] reviewed an extensive history of MSM in
tuberculosis and other infectious diseases.
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Cancers

Here, two areas of cancer research are highlighted where the interactions between cancer
cells and the neighboring tissue are important: (1) cancer growth and (2) metastatic invasion
and related ECM remodeling.

Cancer growth

One MSM approach for tumor growth shows the influence of the intracellular metabolism
on regulating growth [37]. ODEs were used to simulate a kinetic model of intracellular
metabolic processes. The kinetic model was coupled to a discrete ABM for cellular
processes such as growth, death, mitosis, and transitions between discrete cell states (e.g.,
quiescent stem cells, proliferating cancer cells, and necrotic). Additionally, the model
considered a third scale of influence from extracellular tissue concentrations of nutrients
using a system of PDEs. This model used the Systems Biology Markup Language (SBML)
[38] standard formalism for the ODE intracellular scale and CompuCell3D for hybrid
modeling of the cellular and extracellular scales. The authors explicitly discussed how they
handled the disparate time scales in their simulations.

An alternative MSM approach considered heterogeneity in intracellular metabolism

and signaling mechanisms on the emerging cellular phenotype within different
microenvironments through a custom ABM framework [39], which is generalized beyond
just the application to tumor growth. Nutrients were subject to reaction-diffusion equations,
metabolism was described by a suite of rules, signaling was modeled via ODEs, and cell
dynamics were captured by discrete ABM rules.

Another MSM approach to simulate cancer growth focused on the biomechanics of tumor
cell proliferation and invasion [40]. Discrete mechanics were used at the cellular level

to simulate cell-cell interactions among tumor and host cells, adhesion to ECM, and cell
migration. Proliferation of tumor cells was also considered in a discrete fashion. These
processes were averaged over a lattice to connect to the tissue scale where the tumor growth
was considered as a moving boundary and continuum mechanics were used to calculate the
resulting solid stresses experienced in the tissue. The influences of stiffness for the cellular-
level ECM and tumor cells and for the surrounding tissue stiffness were also explored.

Cancer metastasis

In cancer metastasis, remodeling of collagen fibers in the ECM facilitates the migration

of cancer cells from the primary tumor to the vasculature and then to distant metastatic

sites. Matrix degrading enzymes including MMP are secreted by cells in the tumor
microenvironment to prepare the domain to be favorable for cellular dissemination. Tumor
invasion and spread due to interactions with and remodeling of the ECM have been
frequently studied with mathematical models. MSM is appropriate for addressing cancer
metastasis as it involves intercellular tumor cell processes, secreted factors, nonsoluble ECM
components, and mobile cells that traverse or even leave a local tissue. Three popular

MSM approaches have emerged. In approach 1, reaction-diffusion PDEs are defined for
concentrations of one or more matrix degrading enzyme(s) such as MMP, populations of

Curr Opin Syst Biol. Author manuscript; available in PMC 2022 March 18.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ford Versypt

Page 7

tumor cells, and density of ECM [41-43] (see references cited in Ref. [42] for historical
overview). Approach 2 involves continuous modeling at the macroscale and microscale with
a moving boundary front representing where ECM remodeling occurs at the microscale at
the edge of the macroscopic tumor mass [44—-48]. Approach 3 employs hybrid modeling
using ABMs at the cellular level and PDEs for ECM and chemical factors [49-51].

Three recent contributions using approach 1 are highlighted. Ref. [41] considered the effects
of the enzyme lysyl oxidase on cross-linking collagen fibers of the ECM to influence
haptotaxis towards cross-linked and aligned fibers. Ref. [42] compared two mathematical
formulations for haptotaxis via local gradient-based and nonlocal adhesion-based terms.
Ref. [43] incorporated a function termed “contractivity” to couple microscale biochemical
remodeling events to the cell motility. The contractivity function implicitly accounted for
variations in cellular adhesion and resulting haptotaxis due to ECM remodeling-induced
changes in material properties.

A line of research using approach 2 has continued to develop in the last few years from the
same groups of authors. In Ref. [45], careful consideration of cell adhesion and microscopic
fiber dynamics was added to a previous model [44]. The fiber and nonfiber constituents

of ECM allowed for dynamic biochemical remodeling of the fibers at the microscale. Cell
adhesion and cell-scale mechanical fiber redistribution were also included. A cell-scale
cross-talk interaction between cell migration and ECM remodeling along the moving
boundary was refined in Ref. [46]. Heterogeneous tumor cell populations were simulated

in Ref. [47]. The model was extended to consider the influence of tumor-associated
macrophages on ECM remodeling in Ref. [48].

Several papers have used approach 3 via CompuCell3D. Ref. [49] considered both tumor
cells and ECM fibers as discrete in the ABM and used PDEs to describe the secretion

and diffusion of MMP to degrade ECM fibers. In Ref. [50], the ABM described the

tumor cell behaviors, and the fibers of the ECM were modeled as a continuous field

subject to microscopic biochemical remodeling by MMP and cross-linking by lysyl oxidase.
Haptotaxis in the presence and absence of cross-linked fiber gradients were explored.
Another model was developed to study the process of endothelial to mesenchymal transition
due to mechanical signals that results in remodeling in a metastatic tumor microenvironment
[51]. This model used a 3D spatial domain compared to the 2D domain used in most of the
models reviewed here. An ABM tracked quiescent, activated, and metastatic cancer cells;
quiescent endothelial cells; and fibroblasts activated via the endothelial to mesenchymal
transition. The ECM was considered to be a continuous medium along with another
nonmatrix medium representing the extracellular void space. Nutrients, cytokines, ECM
proteins, and matrix degrading enzymes were modeled by reaction-diffusion equations. The
role of inflammation was included. Substrate ECM stiffness was modulated through the ratio
of the ECM and the void space medium.

MSM for the whole-body scope of metastatic cancer spread was formulated in Ref.
[52]. ECM and MMP were modeled by PDEs to capture remodeling on spatial domains
presenting primary tumor and secondary site tissue scales. PDEs are used to prescribe
the diffusion and haptotaxis of two populations of cancer cell phenotypes. To this point,
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the MSM was consistent with approach 1. However, the cells were modeled with a

more elaborate hybrid discrete-continuum approach. A rule-based ABM framework was
used at the whole-body scale to move cancer cells and clusters between the primary and
secondary tissue domains through the vasculature. The movement and cell proliferation at
different scales was determined through rules and probabilities determined from the PDE
formulations.

Commentary, conclusions, and future directions

Several of the case studies discussed in the prior sections demonstrated use of ABM for at
least one of the modeling scales. The inclusion of biological variability through stochastic
simulations is often a compelling motivation to use ABM. While ABM is not required

to integrate multiple scales of components, software platforms such as CompuCell3D

and PhysiCell have facilitated the adoption of ABM for MSM in biomedical systems by
streamlining and modularizing model construction. These tools have lowered the barrier for
researchers new to MSM in much the same way that computational fluid dynamics software
such as COMSOL and ANSYS Fluent fostered widespread use of multiphysics modeling.

It is worth noting that many other valid MSM methods exist that do not incorporate ABM,
such as those referred to as approach 1 and approach 2 applied to cancer metastasis.

Many challenges and opportunities still remain for MSM researchers. The first challenge to
MSM that most researchers face is training and communicating across disparate biological
and/or computational backgrounds. Recent commentaries have highlighted some important
challenges to overcome regarding standards for developing interoperable and reusable tools
for MSM [53,54] and opportunities to pursue for integrating modern machine learning
efforts into MSM [54-56]. Others have previously provided perspectives on efforts at
integrating complex and varied data obtained from multiple experiments, models, and/or
scales [57]. Prior knowledge of disease mechanisms is being curated into static multiscale
network representations through various disease mapping projects [58,59], which could
provide rich information for the development of future spatial and temporal MSM modules.
Another limitation is a lack of opportunities that incentivize MSM researchers to work
collaboratively. While it is very common for MSM projects to involve collaborations
between experimental and computational labs, it is much less common for multiple
computational labs to work together without large center funding. However, such productive
computational collaborations have emerged by combining the modeling expertise at various
scales or from different approaches, for example, Refs. [23,33].

As with all modeling approaches, MSM certainly has tradeoffs and limitations. Large
integrated models have greater computational expense and generally take longer to
develop than models at a single scale. Training, validation, and uncertainty quantification,
particularly of stochastic processes, is not as straightforward for MSM as for a single
model scale. See Ref. [60] for a clear overview of the similarities and differences between
some of these techniques at single and multiple scales. Even with the challenges and
complexities, MSM enables insights into the mechanisms that explain how various higher
level physiological phenomena are connected and modulated by interventions at lower
scales (i.e., genetic or molecular). A long-term vision for the MSM field is to provide a
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suite of configurable computational biology building blocks that describe the rules of life
at various scales and are informed by the entire range of molecular biology data types.
The components should be able to be assembled for predictive simulations much like the
computational chemistry and physics first principles modeling approaches that are very
powerful in materials science.

Another promising more near-term future direction that is already underway in the cancer-
immunology research area [61-66] is to include the interplay of the immune system along
with tissue and organ-specific diseases models to better consider both local and systemic
impacts of diseases and treatments. For example, modeling the infection dynamics and
proliferation sites of SARS-CoV-2 connected to the mechanisms of the damage inflicted to
several organs would be helpful for designing treatments for and understanding short-term
severity and long-term effects of COVID-19. Deciphering the role of the immune system
in mediating gut-induced changes in bone [67] in inflammatory or sex-hormone depletion
diseases is another area ripe for such MSM. MSM is also promising for other important
problems in diseases such as diabetes where the roles of chronic inflammation on regulation,
comorbidities, and local complications in a number of tissues including the kidneys are
still being elucidated [68,69]. For these directions, standards for reproducible research
computing and for reusability of existing models become critical for enabling feasibility
and reliability of such MSM efforts.

Acknowledgements

The author thanks Dr. Stacey Finley and Dr. Vassily Hatzimanikatis for the invitation to write this review. This work
was supported by the National Institutes of Health grant R35GM133763 and the National Science Foundation grant
1845117.

References

Papers of particular interest, published within the period of review, have been highlighted as:
* of special interest

1. Friedman SL, Sheppard D, Duffield JS, Violette S: Therapy for fibrotic diseases: nearing the starting
line. Sci Transl Med 2013, 5:167sr1. [PubMed: 23303606]

2. Goldman AW, Burmeister Y, Cesnulevicius K, Herbert M, Kane M, Lescheid D, McCaffrey T,
Schultz M, Seilheimer B, Smit A, et al. : Bioregulatory systems medicine: an innovative approach to
integrating the science of molecular networks, inflammation, and systems biology with the patient’s
autoregulatory capacity? Front Physiol 2015, 6:225. [PubMed: 26347656]

3. Karsdal MA, Manon-Jensen T, Genovese F, Kristensen JH, Nielsen MJ, Sand JM, Hansen NU, Bay-
Jensen AC, Bager CL, Krag A, et al. : Novel insights into the function and dynamics of extracellular
matrix in liver fibrosis. Am J Physiol Gastrointest Liver Physiol 2015, 308:G807-G830. [PubMed:
25767261]

4. Viola H, Chang J, Grunwell JR, Hecker L, Tirouvanziam R, Grotberg JB, Takayama S:
Microphysiological systems modeling acute respiratory distress syndrome that capture mechanical
force-induced injury-inflammation-repair. APL Bioeng 2019, 3, 041503. [PubMed: 31768486]

5. Cappuccio A, Tieri P, Castiglione F: Multiscale modelling in immunology: a review. Briefings
Bioinf 2016, 17:408-418.

6. Eftimie R, Gillard JJ, Cantrell DA: Mathematical models for immunology: current state of the art
and future research directions. Bull Math Biol 2016, 78:2091-2134. [PubMed: 27714570]

Curr Opin Syst Biol. Author manuscript; available in PMC 2022 March 18.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ford Versypt Page 10

7. Cantone M, Santos G, Wentker P, Lai X, Vera J: Multiplicity of mathematical modeling strategies
to search for molecular and cellular insights into bacteria lung infection. Front Physiol 2017, 8:645.
[PubMed: 28912729]

8. Garira W: A complete categorization of multiscale models of infectious disease systems. J Biol
Dynam 2017, 11:378-435.

9. Shinde SB, Kurhekar MP: Review of the systems biology of the immune system using agent-based
models. IET Syst Biol 2018, 12:83-92. [PubMed: 29745901]

10. Talman L, Agmon E, Peirce SM, Covert MW: Multiscale models of infection. Curr Opin Biomed

Eng 2019, 11:102-108.

11 *. Garira W: The research and development process for multi-scale models of infectious disease
systems. PLoS Comput Biol 2020, 16, e1007734. [PubMed: 32240165] The author articulated
a step-by-step procedure for building multiscale models of infectious diseases that is broadly
applicable to MSM of diseases. The interfaces between the scales where mass, energy, forces,
and information are exchanged are highlighted with a careful focus on the exchange of entire
organisms between scales that characterizes infectious disease MSM between the pathogen, host,
and environment levels.

12. Warner HV, Sivakumar N, Peirce SM, Lazzara MJ: Multiscale computational models of cancer.
Curr Opin Biomed Eng 2019, 11:137-144.

13. Harris LA, Beik S, Ozawa PMM, Jimenez L, Weaver AM: Modeling heterogeneous tumor growth
dynamics and cell-cell interactions at single-cell and cell-population resolution. Curr Opin Struct
Biol 2019, 17:24-34.

14. Velagala V, Chen W, Alber M, Zartman JJ: Multiscale models coupling chemical signaling and
mechanical properties for studying tissue growth. In Mechanobiology: from molecular sensing to
disease. Edited by Niebur GL, Elsevier; 2019: 173-195.

15. Walpole J, Papin JA, Peirce SM: Multiscale computational models of complex biological systems.
Annu Rev Biomed Eng 2013, 15:137-154. [PubMed: 23642247]

16. Yu JS, Bagheri N: Multi-class and multi-scale models of complex biological phenomena. Curr
Opin Biotechnol 2016, 39: 167-173. [PubMed: 27115496]

17.Ji Z, Yan K, Li W, Hu H, Zhu X: Mathematical and computational modeling in complex biological
systems. BioMed Res Int 2017, 2017:5958321. [PubMed: 28386558]

18. Peirce-Cottler SM, Marsden A: Multiscale computational modeling of biomedical systems: current
approaches and payoffs. Curr Opin Biomed Eng 2019, 11:A1-A3.

19. Figueredo GP, Siebers PO, Owen MR, Reps J, Aickelin U: Comparing stochastic differential
equations and agent-based modelling and simulation for early-stage cancer. PLos One 2014, 9,
€95150. [PubMed: 24752131]

20. Swat M, Thomas GL, Belmonte JM, Shirinifard A, Hmeljak D, Glazier JA: Multi-scale modeling
of tissues using CompuCell3D. Methods Cell Biol 2012, 110:325-366. [PubMed: 22482955]

21. Ghaffarizadeh A, Heiland R, Friedman SH, Mumenthaler SM, Macklin P, PhysiCell: An open
source physics-based cell simulator for 3-D multicellular systems. PLoS Comput Biol 2018, 14,
€1005991. [PubMed: 29474446]

22. Zeigler AC, Richardson WJ, Holmes JW, Saucerman JJ: Computational modeling of cardiac
fibroblasts and fibrosis. J Mol Cell Cardiol 2016, 93:73-83. [PubMed: 26608708]

23. Rikard SM, Athey TL, Nelson AR, Christiansen SLM, Lee JJ, Holmes JW, Peirce SM, Saucerman
JJ: Multiscale coupling of an agent-based model of tissue fibrosis and a logic-based model of
intracellular signaling. Front Physiol 2019, 10:1481. [PubMed: 31920691]

24. Leonard-Duke J, Evans S, Hannan RT, Barker TH, Bates JHT, Bonham CA, Moore BB, Kirschner
DE, Peirce SM: Multi-scale models of lung fibrosis. Matrix Biol 2020, 91-92:35-50.

25. Shen Y, Feng F, Sun H, Li G, Xiang Z: Quantitative and network pharmacology: a case study
of rhein alleviating pathological progress of renal interstitial fibrosis. J Ethnopharmacol 2020,
261:113106. [PubMed: 32553981]

26. Estrada AC, Yoshida K, Saucerman JJ, Holmes JW: A multiscale model of cardiac concentric
hypertrophy incorporating both mechanical and hormonal drivers of growth. Biomech Model
Mechanobiol 2021, 20:293-307. [PubMed: 32970240]

Curr Opin Syst Biol. Author manuscript; available in PMC 2022 March 18.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ford Versypt

27.

28.

29.

30

31.

32.

33.

34.

35.

36.

37

38.

39

40.

41.

42.

Page 11

Irons L, Latorre M, Humphrey JD: From transcript to tissue: multiscale modeling from cell
signaling to matrix remodeling. Ann Biomed Eng 2021.

Mukherjee S, Nazemi M, Jonkers I, Geris L: Use of computational modeling to study joint
degeneration: a review. Front Bioeng Biotechnol 2020, 8:93. [PubMed: 32185167]
Moise N, Friedman A: Rheumatoid arthritis - a mathematical model. J Theor Biol 2019, 461:17-
33. [PubMed: 30347191]
*. Shuaib A, Motan D, Bhattacharya P, McNabb A, Skerry TM, Lacroix D: Heterogeneity
in the mechanical properties of integrins determines mechanotransduction dynamics in bone
osteoblasts. Sci Rep 2019, 9:13113. [PubMed: 31511609] The paper detailed a hybrid MSM
approach for mechanical signals input from the 3D ECM medium combined with an ABM of
intracellular signaling pathways for mechanotransduction inside a single osteoblast cell. The
framework provided insights into fundamental osteoblast biology relevant to bone diseases and
could be readily further extended by considering additional osteoblast biochemical functions on
modulating bone remodeling.
Ascolani G, Skerry TM, Lacroix D, Dall’Ara E, Shuaib A: Revealing hidden information in
osteoblast’s mechanotransduction through analysis of time patterns of critical events. BMC Bioinf
2020, 21:114.
Ascolani G, Skerry TM, Lacroix D, Dall’Ara E, Shuaib A: Analysis of mechanotransduction
dynamics during combined mechanical stimulation and modulation of the extracellular-regulated
kinase cascade uncovers hidden information within the signalling noise. Interface Focus 2021,
11:20190136. [PubMed: 33343875]

Getz M, Wang Y, An G, Becker A, Cockrell C, Collier N, Craig M, Davis CL, Faeder J, Ford
Versypt AN, et al. : Rapid community-driven development of a SARS-CoV-2 tissue simulator.
bio-Rxiv 2020, 10.1101/2020.04.02.019075.

Sego TJ, Aponte-Serrano JO, Ferrari Gianlupi J, Heaps SR, Breithaupt K, Brusch L, Crawshaw

J, Osborne JM, Quardokus EM, Plemper RK, et al. : A modular framework for multiscale
multicellular spatial modeling of viral infection, immune response and drug therapy timing and
efficacy in epithelial tissues: a multiscale model of viral infection in epithelial tissues. PLoS
Comput Biol 2020, 16, €1008451. [PubMed: 33347439]

Cicchese JM, Evans S, Hult C, Joslyn LR, Wessler T, Millar JA, Marino S, Cilfone NA, Mattila JT,
Linderman JJ, et al. : Dynamic balance of pro- and anti-inflammatory signals controls disease and
limits pathology. Immunol Rev 2018, 285:147-167. [PubMed: 30129209]

Ruggiero SM, Pilvankar MR, Ford Versypt AN: Computational modeling of tuberculosis
granuloma activation. Processes 2017, 5:79. [PubMed: 34993126]

. Roy M, Finley SD: Metabolic reprogramming dynamics in tumor spheroids: insights from a
multicellular, multiscale model. PLoS Comput Biol 2019, 15, e1007053. [PubMed: 31185009]
Hucka M, Finney A, Sauro HM, Bolouri H, Doyle JC, Kitano H, Arkin AP, Bornstein BJ, Bray
D, Cornish-Bowden A, et al. : The systems biology markup language (SBML): a medium for
representation and exchange of biochemical network models. Bioinformatics 2003, 19:524-531.
[PubMed: 12611808]

*. Yu JS, Bagheri N: Agent-based models predict emergent behavior of heterogeneous cell
populations in dynamic microenvironments. Front Bioeng Biotechnol 2020, 8:249. [PubMed:
32596213] An elegant ABM framework for MSM of heterogeneous cellular agents and dynamic
microenvironments and intracellular signaling processes was developed and disseminated as an
open source project.

Chen H, Cai Y, Chen Q, Li Z: Multiscale modeling of solid stress and tumor cell invasion in

response to dynamic mechanical microenvironment. Biomech Model Mechanobiol 2020, 19:577—
590. [PubMed: 31571083]

Nguyen Edalgo YT, Ford Versypt AN: Mathematical modeling of the metastatic cancer migration
through a remodeling extracellular matrix. Processes 2018, 6:58.

Fritz M, Lima EABF, Nikoli[notdef]c V, Oden JT, WohImuth B: Local and nonlocal phase-field
models of tumor growth and invasion due to ECM degradation. Math Model Methods Appl Sci
2019, 29:2433-2468.

Curr Opin Syst Biol. Author manuscript; available in PMC 2022 March 18.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ford Versypt

43.

44,

45.

46.

47.

48.

49.

50.

51.

52

53.

54.

55.

56

57.

58.

59.

60.

61.

Page 12

Nyarko PR, Anokye M: Mathematical modeling and numerical simulation of a multiscale cancer
invasion of host tissue. AIMS Mathematics 2020, 5:3111-3124.

Trucu D, Lin P, Chaplain MAJ, Wang Y: A multiscale moving boundary model arising in cancer
invasion. Multiscale Model Simul 2013, 11:309-335.

Shuttleworth R, Trucu D: Multiscale modelling of fibres dynamics and cell adhesion within
moving boundary cancer invasion. Bull Math Biol 2019, 81:2176-2219. [PubMed: 30980344]

Shuttleworth R, Trucu D: Cell-scale degradation of peritumoral extracellular matrix fibre network
and its role within tissue-scale cancer invasion. Bull Math Biol 2020, 82:65. [PubMed: 32458057]

Shuttleworth R, Trucu D: Multiscale dynamics of a heterotypic cancer cell population within a
fibrous extracellular matrix. J Theor Biol 2020, 486:110040. [PubMed: 31604075]

Suveges S, Eftimie R, Trucu D: Directionality of macrophages movement in tumour invasion: a
multiscale moving-boundary approach. Bull Math Biol 2020, 82:148. [PubMed: 33211193]

Kumar S, Kapoor A, Desai S, Inamdar MM, Sen S: Proteolytic and non-proteolytic regulation
of collective cell invasion: tuning by ECM density and organization. Sci Rep 2016, 6: 19905.
[PubMed: 26832069]

Nguyen Edalgo YT, Zornes AL, Ford Versypt AN: A hybrid discrete-continuous model of
metastatic cancer cell migration through a remodeling extracellular matrix. AIChE J 2019, 65,
e16671.

Chowkwale M, Mahler GJ, Huang P, Murray BT: A multiscale in silico model of endothelial
to mesenchymal transformation in a tumor microenvironment. J Theor Biol 2019, 480:229-240.
[PubMed: 31430445]
*. Franssen LC, Lorenzi T, Burgess AEF, Chaplain MAJ: A mathematical framework for modelling
the metastatic spread of cancer. Bull Math Biol 2019, 81:1965-2010. [PubMed: 30903592]
This model considered cancer metastasis at local and whole-body scales using a hybrid discrete-
continuous approach. Additionally, the first half of the paper comprehensively reviewed the
background biological processes involved in metastasis.

Macklin P: Key challenges facing data-driven multicellular systems biology. GigaScience 2019,

8:1-8.

Rockne RC, Hawkins-Daarud A, Swanson KR, Sluka JP, Glazier JA, Macklin P, Hormuth DA II,
Jarrett AM, Lima EABF, Oden JT, et al. : The 2019 mathematical oncology roadmap. Phys Biol
2019, 16, 041005. [PubMed: 30991381]

Alber M, Buganza Tepole A, Cannon WR, De S, Dura-Bernal S, Garikipati K, Karniadakis G,
Lytton WW, Perdikaris P, Petzold L, et al. : Integrating machine learning and multiscale modeling-
perspectives, challenges, and opportunities in the biological, biomedical, and behavioral sciences.
NPJ Digit Med 2019, 2:115. [PubMed: 31799423]

*. Peng GCY, Alber M, Buganza Tepole A, Cannon WR, De S, Dura-Bernal S, Garikipati K,
Karniadakis G, Lytton WW, Perdikaris P, et al. : Multiscale modeling meets machine learning:
what can we learn? Arch Comput Methods Eng 2021, 28:1017-1037. [PubMed: 34093005] This
review provided insights into promising opportunities for connecting machine learning to MSM
through physics-based knowledge and simulation.

Beard DA, Neal ML, Tabesh-Saleki N, Thompson CT, Bassingthwaighte JB, Shimoyama M,
Carlson BE: Multiscale modeling and data integration in the virtual physiological rat project. Ann
Biomed Eng 2012, 40:2365-2378. [PubMed: 22805979]

Mazein A, Ostaszewski M, Kuperstein I, Watterson S, Novére NL, Lefaudeux D, Meulder

BD, Pellet J, Balaur I, Sagi M, et al. : Systems medicine disease maps: community-driven
comprehensive representation of disease mechanisms. NPJ Sys Biol Appl 2018, 4:21.

Kondratova M, Czerwinska U, Sompairac N, Amigorena SD, Soumelis V, Barillot E, Zinovyev A,
Kuperstein I: A multiscale signalling network map of innate immune response in cancer reveals
cell heterogeneity signatures. Nat Commun 2019, 10:4808. [PubMed: 31641119]

Renardy M, Hult C, Evans S, Linderman JJ, Kirschner DE: Global sensitivity analysis of biological
multi-scale models. Curr Opin Biomed Eng 2019, 11:109-116. [PubMed: 32864523]

Konstorum A, Vella AT, Adler AJ, Laubenbacher RC: Addressing current challenges in cancer
immunotherapy with mathematical and computational modelling. J R Soc Interface 2017,
14:20170150. [PubMed: 28659410]

Curr Opin Syst Biol. Author manuscript; available in PMC 2022 March 18.



1duosnue Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Ford Versypt

62

63

64

65

66.

67.

68.

69.

Page 13

. Mahlbacher GE, Reihmer KC, Frieboes HB: Mathematical modeling of tumor-immune cell
interactions. J Theor Biol 2019, 469:47-60. [PubMed: 30836073]

. Metzcar J, Wang Y, Heiland R, Macklin P: A review of cell-based computational modeling in
cancer biology. JCO Clin Cancer Inform 2019, 3:1-13.

. Norton KA, Gong C, Jamalian S, Popel AS: Multiscale agent-based and hybrid modeling of the
tumor immune microenvironment. Processes 2019, 7:37. [PubMed: 30701168]

*. Peskov K, Azarov I, Chu L, Voronova V, Kosinsky Y, Helmlinger G: Quantitative mechanistic
modeling in support of pharmacological therapeutics development in immuno-oncology. Front
Immunol 2019, 10:924. [PubMed: 31134058] The authors provided an informative diagram
along with accompanying text that gives a clear overview of the progression of complexity in
ODE-based population balance approaches for cancer immunology.

Makaryan SZ, Cess CG, Finley SD: Modeling immune cell behavior across scales in cancer. Wiley
Interdiscip Rev Syst Biol Med 2020, 12:¢1484. [PubMed: 32129950]

Tyagi AM, Yu M, Darby TM, Vaccaro C, Li JY, Owens JA, Hsu E, Adams J, Weitzmann MN,
Jones RM, et al. : The microbial metabolite butyrate stimulates bone formation via T regulatory
cell-mediated regulation of WNT10B expression. Immunity 2018, 49:1116-1131. [PubMed:
30446387]

Pichler R, Afkarian M, Dieter BP, Tuttle KR: Immunity and inflammation in diabetic kidney
disease: translating mechanisms to biomarkers and treatment targets. Am J Physiol Ren Physiol
2017, 312:F716-F731.

Rayego-Mateos S, Morgado-Pascual JL, Opazo-Rios L, Guerrero-Hue M, Garcia-Caballero C,
Vazquez-Carballo C, Mas S, Sanz AB, Herencia C, Mezzano S, et al. : Pathogenic pathways
and therapeutic approaches targeting inflammation in diabetic nephropathy. Int J Mol Sci 2020,
21:3798.

Curr Opin Syst Biol. Author manuscript; available in PMC 2022 March 18.



	Abstract
	Introduction
	Overview of multiscale modeling methods
	Fibrosis
	Joint and bone diseases
	Respiratory infectious diseases
	Cancers
	Cancer growth
	Cancer metastasis

	Commentary, conclusions, and future directions
	References

