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Abstract: Understanding the pathophysiology of lung fibrosis is of paramount importance to elabo-
rate targeted and effective therapies. As it onsets, the randomly accumulating extracellular matrix
(ECM) breaks the symmetry of the branching lung structure. Interestingly, similar pathways have
been reported for both idiopathic pulmonary fibrosis and radiation-induced lung fibrosis (RILF).
Individuals suffering from the disease, the worldwide incidence of which is growing, have poor
prognosis and a short mean survival time. In this context, mathematical and computational models
have the potential to shed light on key underlying pathological mechanisms, shorten the time needed
for clinical trials, parallelize hypotheses testing, and improve personalized drug development. Agent-
based modeling (ABM) has proven to be a reliable and versatile simulation tool, whose features
make it a good candidate for recapitulating emergent behaviors in heterogeneous systems, such as
those found at multiple scales in the human body. In this paper, we detail the implementation of
a 3D agent-based model of lung fibrosis using a novel simulation platform, namely, BioDynaMo,
and prove that it can qualitatively and quantitatively reproduce published results. Furthermore, we
provide additional insights on late-fibrosis patterns through ECM density distribution histograms.
The model recapitulates key intercellular mechanisms, while cell numbers and types are embodied
by alveolar segments that act as agents and are spatially arranged by a custom algorithm. Finally,
our model may hold potential for future applications in the context of lung disorders, ranging from
RILF (by implementing radiation-induced cell damage mechanisms) to COVID-19 and inflammatory
diseases (such as asthma or chronic obstructive pulmonary disease).

Keywords: agent-based modeling; lung fibrosis; alveolar ducts; 3D modeling

1. Introduction

Lung fibrosis is characterized by the progressive aberrant accumulation of extracellular
matrix (ECM) accompanied by the depletion of healthy epithelial tissue, which eventually
result in poor gas exchange, increased lung stiffness, and death [1]. Despite having an
idiopathic origin in most of the cases (referred to as idiopathic pulmonary fibrosis, IPF),
radiation-induced lung fibrosis (RILF) is commonly observed in cancer patients treated
with thoracic ionizing radiation, representing the major dose-limiting factor [2]. Regardless
of the damage source, similar pathways have been identified in the pathophysiology of
both IPF and RILF [3].

Fibrosis is thought to originate from the lung parenchyma, where more than 300 million
alveoli, functional units responsible for gas exchange, reside [1,4,5]. The alveolar epithe-
lium, which includes alveolar epithelial cells of types I (AECI, the actual gas exchanger)
and II (AECII, stem cells responsible for the preservation of the epithelium) [6], can aber-
rantly react to injury and trigger inflammatory responses [7–10] (see Figure 1). When
damaged AECII are unable to repair properly, they can either undergo apoptosis or ac-
tivate and adopt a senescent phenotype [11]. If the latter occurs, AECII cells lose their
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progenitor capability (thus leading to AECI depletion) and release proinflammatory and
profibrotic factors through the acquisition of a senescence-associated secretory phenotype
(SASP) [3,10]. The deterioration of the epithelial membrane, along with the release of
cytokines and chemokines, such as the tumor necrosis factor, TNFα, and the monocyte
chemoattractant protein 1, MCP1 or CCL2, activates the Th1 immune response and allows
monocyte-derived macrophages (M0, which later differentiate into classically activated
or type I macrophages, M1) to breach into the alveolus [3,5]. M1 macrophages can then
differentiate into their alternatively activated form, M2, and represent an additional source
of TNFα, which is able to reverse the transition [12]. M2 macrophages, in turn, secrete a
plethora of mediators (including the active form of the transforming growth factor beta,
TGFβa [13,14], platelet-derived growth factor, PDGF [15], interleukin 13, IL13 [16], matrix
metalloproteinases, MMP [17], and tissue inhibitors of metalloproteinases, TIMPs [17]
which affect several cellular species. Among these, fibroblasts are mesenchymal cells that
secrete inactive TGFβ (TGFβi) [18], the ECM [19], and are able to differentiate into myofi-
broblasts. The ECM is degraded by the MMP, whose effect is inhibited by TIMP [20]. TGFβ
(which can be activated by damaged AEC2 [21] and whose secretion by M2 is amplified by
IL13 [22]), in its active form, increases the proliferation of fibroblasts [23], stimulates their
differentiation into myofibroblasts [24], and damages healthy AEC2 cells [25]. IL13 further
enhances the proliferation of fibroblasts [26] together with the basic fibroblast growth factor
(bFGF or FGF2) secreted by the AEC2 [27,28], while PDGF triggers the differentiation of
the fibroblasts [29]. Myofibroblasts deposit additional ECM [30] (a mechanism intensified
by TGFβ [31]) and have a pivotal role in the remodeling process that takes place in the
alveolar region. The population of mesenchymal cells can be further expanded through the
epithelial–mesenchymal transition (EMT), a process by which activated AEC2 differentiate
into fibroblasts and/or myofibroblasts [32]. The overall effect is an increase in the number
of ECM-secreting cells that leads to the abnormal accumulation of the ECM.
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= interleukin 13, TGFβi = inactive form of the transforming growth factor beta, TGFβa = active form 
of the transforming growth factor beta, FGF2 = basic fibroblast growth factor, TNFα = tumor necrosis 
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Figure 1. Schematic representation of the main cells, extracellular mediators, and pathways in lung
fibrosis. AEC1 = alveolar epithelial cells type 1, AEC2 = alveolar epithelial cells type 2, AEC2d = dam-
aged AEC2, AEC2ap = apoptotic AEC2, AEC2ac = activated AEC2, F = fibroblast, MF = myofibroblast,
M1 = type 1 macrophage, M2 = type 2 macrophage, M0 = monocyte, MMP = matrix metalloproteinases,
ECM = extracellular matrix, TIMP = tissue inhibitors of metalloproteinases, IL13 = interleukin 13,
TGFβi = inactive form of the transforming growth factor beta, TGFβa = active form of the trans-
forming growth factor beta, FGF2 = basic fibroblast growth factor, TNFα = tumor necrosis factor,
PDGF = platelet-derived growth factor, MCP1 = monocyte chemoattractant protein 1.
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Although the chain of events presented in Figure 1 above highlights a causal link
between the lung damage and the fibrosis onset, it only unfolds the backbone of a disease
that is far from being fully understood [3]. The motivation to elucidate this link stems
from multiple factors, including the lack of animal models that thoroughly reflect the
human complexity and the time needed for the fibrosis to fully develop [33]. In light of
these considerations, in-silico or computational models represent invaluable tools towards
a better understanding of complex biological (among others) systems [34] and hold the
potential for several clinical applications. In fact, at present, high-performance computers
allow us to simulate experiments at a fast pace, with moderate costs and without the need
for laboratories. In-silico modeling is nowadays applied in clinically relevant research,
whose applications include, but are not limited to, drug design, clinical decision mak-
ing, treatment optimization, and personalized medicine [35]. Computational models lay
the foundations for personalized medicine and drug development: the parameters of a
validated disease model can be calibrated to reflect patients-specific conditions and the
simulation outputs employed to elaborate tailored therapies. Moreover, computational
models are powerful tools for addressing a various number of diseases on multiple scales,
ranging from the subcellular to the global, as recently shown for COVID-19 [36,37]. The use
of the aforementioned models in biomedical frameworks has a well-defined pattern: the
theoretical prototype is originally built on the basis of available in-vitro and/or in-vivo data
and implemented in-silico; the model is then used to simulate existing data and altered
until a good match between in-silico and laboratory data is observed; finally, in-silico
models are used to predict new data for clinical studies [34].

Equation-based modeling and agent-based modeling are common and powerful
approaches when it comes to implementing computational models, with the choice being
mainly affected by the spatiotemporal scales of the simulated phenomenon [38]. On the
one hand, equation-based models (EBMs) assume homogenous populations and consist
of sets of ordinary or partial differential equations (ODEs or PDEs) that are evaluated at
every time step and location [39,40]. On the other hand, heterogeneities among entities
of the same species (i.e., randomness) in the simulation space can be recapitulated by
agent-based models (ABM) in which interacting individual agents behave according to
a set of rules [41,42]. While EBMs are better suited for fast time scales and small spatial
scales (e.g., to represent diffusing molecules), ABMs can properly reproduce larger systems
(such as cells and tissues) at slower time scales, with a special emphasis on agent–agent
and agent–environment interactions [38]. Finally, hybrid agent-based models combine the
methodologies described above by making extensive use of synchronization techniques and
data feeding from one system to the other so that broader scenarios can be reproduced [42].

In this paper, we outline the implementation of a hybrid ABM of lung fibrosis by means
of an innovative software simulation platform (namely, BioDynaMo [43]) and show that it
has the potential to reproduce results from other studies. Key mechanisms extracted from
reviewed literature are encoded into simple sets of rules and used to define the behaviors of
the agents. Moreover, we include chemical mediators that diffuse through the extracellular
space and allow for long- and short-range inter-agent interactions. We began by calibrating
the parameters of our model in order to reproduce the homeostatic conditions of the distal
lungs. When the homeostasis was established, we introduced damage sources of various
intensities and stored the model’s readouts as the symmetry of the system was broken.

The goal of the present study is the development of a solid and up-to-date model to
be later on employed as a research tool and further expanded with additional layers to
suit specific use-cases. Both EBMs and ABMs of lung fibrosis can already be found in the
literature [44–48], but while the use of the mean field approach in the former limits their
ability to recapitulate the heterogeneous nature of the biological systems, the latter are
typically implemented on small 2D spatial scales, the simulated time frames are short, and
both the number of cells and geometrical structures do not reflect the features of the lungs.
Our model seeks to overcome the major limitations of the previous models.
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2. Materials and Methods

In the following sections, the implementation of our hybrid multi-agent-based model
is detailed. More specifically, we (i) present the geometry and features of the simulation
environment motivated by its morphological counterpart, (ii) describe how the diffusion
and interaction of substances are implemented, and (iii) outline how agent behaviors are
derived from previous works and the related parameters tuned.

2.1. Framework and Implementation

The simulation model is implemented with BioDynaMo 1.0 [43], an open-source
software simulation platform that allows users to build and run multi-scale simulations.
The elements of the simulation, i.e., the simulation space, the entities inside it, and the
interaction rules, are encoded in the C++ language and simulations can be carried out
on common laptops, even with limited computational resources, or cluster nodes. The
source code for the model can be found in the supplementary material, while installation
instructions for BioDynaMo are available at https://biodynamo.org/docs/userguide/
(accessed on 20 November 2021).

In BioDynaMo, discrete time is marked by simulation time steps (whose length can
be defined by the user) and agents are instances of the Agent class. Variability between
agents from different populations can be emphasized by defining custom attributes, which
altogether define the state of an agent, whereas agent–agent and agent–environment
interaction rules are wrapped in behaviors. Behaviors, in turn, are executed for each agent
at every time step when certain conditions are satisfied. In addition, changes in the state
of each agent, i.e., in one or more of its attributes, can be automatically stored during the
simulation and made available for a subsequent graphical visualization of the simulation.
Finally, standalone operations, executed once per time step (see [43] for more details), can be
defined and used, for example, to gather data throughout the simulation (see Section 2.5).

Python 3.9 (more specifically the libraries SciPy, MatPlotLib, NumPy and ROOT) is
used to gather and plot the outputs of different simulations.

Our simulations are performed on

• a MacBook Pro 2018 running macOS Big Sur on a 2.3 GHz Quad-Core Intel Core i5
processor with 8 GB RAM;

• a compute node of the Lichtenberg HPC system running CentOS 8.2 on 2x 2.3 GHz
Intel Cascade-Lake AP 48-cores processor (96 total cores) with 384 GB RAM.

2.2. Building the Simulation Space

Human and mammary airways can be split in two subsystems: the proximal, ending
with the terminal bronchioles, where conducting airways move air inside and outside the
body, and the distal/peripheral, where the actual oxygen exchange takes place in the acinar
airways [4]. Within the latter, further morphological structures can be distinguished: some
30,000 acini branch by irregular dichotomy for 8–9 generations, terminating with alveolar
sacs. The non-terminal segments that make up the branches of an acinus are the alveolar
ducts (256 per acinus on average [4]), onto which clusters of alveoli with common openings
towards the lumen are localized (the same holds for alveolar sacs). Previous work has
reported an average length of 730 µm and an average outer diameter of 600–699 µm for the
alveolar ducts, which can be seen as hollow cylinders [49,50]. Given that the most common
shape of a human alveolus is a three-quarter sphere [51] with an average diameter of
260 µm [52], we estimate that each duct should serve between 18 and 24 alveoli, arranged in
3 rings of 6–8 alveoli each [53] (a slightly larger value can be found from the ratio between
the total number of alveoli and the total number of segments).

Our model aims to mechanistically replicate the onset of lung fibrosis on a scale bigger
than the cellular one as the disease affects large portions of the pulmonary tissue. For this
reason, we build our simulation space as a dichotomic tree structure (see Figure 2) that
mimics a part of an acinus and choose the alveolar segments as agents. The tree expands
along the z-axis in the 3D simulation space and each segment has the same length (that

https://biodynamo.org/docs/userguide/
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is, the average segment length from [49,50]), expressed in µm. Since the average segment
length and outer diameter are similar, we replace the segments with the corresponding
inscribed spheres (spherical-shaped agents are included in the BioDynaMo platform). The
algorithm that we implement to build the structure is the following:

1. Given the number of generations Ngen, define the number of segments as
Nseg = 2Ngen − 1, the average segment length as avgSegLength, and the vector con-
taining the coordinates of all the agents as Coords.

2. Set the coordinates of the agent 0 (the first alveolar segment) to {0., 0., 0.} (i.e., the center
of the simulation space), its unique index to 0, its origin to {0., 0., −avgSegLength/2},
and its end to {0., 0., avgSegLength/2}. Add {0., 0., 0.} to Coords.

3. Loop (Nseg/2) times. At each step (starting from 1):

a. Define the index of the father agent (i.e., the one from which branch 1 and
branch 2 stem) as father = [(step + 1)/2] − 1.

b. Project the coordinates of the father agent along its axis by avgSegLength.
c. For each of the two new branches:

i. Generate random polar and azimuthal angles θ and ϕ.
ii. Rotate the projected father agent by θ and ϕ, keeping its origin fixed.
iii. If the branch doesn’t overlap with the other agents already in the tree

add its coordinates to Coords.
iv. If the branch overlaps with any of the other agents already in the tree,

go back to step i.

4. Write Coords to a file, so that it can be used for multiple simulations.
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Specifically, our tree branches at random angles for 7 generations and includes a
total of 127 alveolar ducts, which fit inside a simulation volume of 10,000 µm3 (or 1 cm3).
The ranges that we choose for θ and ϕ are [20◦, 160◦] and [45◦, 89◦], respectively, and are
the smallest that allow the tree to fully develop without overlaps. Since the alveolar ducts
could be further decomposed into multiple agents (i.e., the alveoli) made up of subagents
(i.e., the cells, [54]), the agents in our model can be seen as meta-agents.

2.3. Extracellular Mediators

As mentioned above, we implement an hybrid agent-based model, which is a model
that encompasses both entities, called agents and fluids, that can diffuse through the
simulation volume. More specifically, we include in our simulations extracellular mediators
that affect the agents’ environment. Mediators follow the general diffusion equation

∂C
∂t
− DC∇2C = S− µC (1)
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where C is the concentration of the mediator, DC is the isotropic diffusion coefficient, S is the
source term (the cell secretion in our model), and µ is the decay coefficient. The given coeffi-
cients (see Table 1) are specified at the beginning of a simulation for each substance together
with the initial concentrations, which we set to be flat across the whole simulation space.

Table 1. Model parameters for the extracellular substances.

Extracellular
Substance

Initial
Concentration (g cm−3)

Diffusion
Coefficient (cm2 day−1)

Decay
Coefficient (day−1) Source

TGFβa 2.51 × 10−12 4.32 × 10−2 3.33 × 102 [48]
TGFβi 2.51 × 10−12 4.32 × 10−2 3.33 × 102 Estimated
PDGF 3.50 × 10−9 8.64 × 10−2 3.84 [48]
FGF2 0 5.62 × 10−2 1.66 [55,56]
TIMP 5.74 × 10−10 4.32 × 10−2 21.60 [48]
ECM 3.26 × 10−3 0 0.37 [48]
MMP 3.66 × 10−8 4.32 × 10−2 4.32 [48]
TNFα 2.50 × 10−8 1.29 × 10−2 55.45 [48]
IL13 3.20 × 10−8 1.08 × 10−2 12.47 [48]

MCP1 0 1.73 × 10−1 1.73 [48]

In order to solve the partial differential equations (PDEs) in the form of Equation (1) for
each of the substances, BioDynaMo implements multiple resolution schemes (we adopt the
central difference method). To this end, both space and time are discretized: the diffusion
grids (defined for each substance) split the simulation volume into evenly-spaced 3D boxes
(whose size ∆x = ∆y = ∆z can be defined by the user), while a constant global ∆t defines
the size of a time step. At each time step, the discretized concentration of each substance is
updated within each box.

In our model, we set the resolution (that is, the number of diffusion grid boxes along
each dimension) to 10 for each substance so that (i) the Courant-Friedrichs-Lewy (CFL)
stability condition

(
DC∗∆t

∆x2

)
< 1

6 for the PDE solver is fulfilled (a necessary condition for
the explicit version of the central finite difference method) and (ii) each box (with volume
1000 µm3) can enclose an agent (with diameter 700 µm). Moreover, we select the scheme
“DiffuseWithOpenEdge” to make BioDynaMo run our simulations with open boundaries.

In order to support interactions among different substances (which are needed by
our model as it simulates ECM and TIMP depletion by MMP and MMP depletion by
TIMP), we extended BioDynaMo by implementing this feature in the diffusion source code.
Specifically, we edited

• the function used to define substances at the beginning of a simulation so that both
the depleting substance and the binding coefficient can be specified;

• the function that implements the central difference method by embedding the local
depletion (i.e., µAB ∗ Ai, where µAB is the binding coefficient and Ai is the concentra-
tion of the depleting substance in the i-th box where the calculation is performed) into
the decay term.

To assess whether our custom BioDynaMo is able to properly simulate interactions
among different substances, we develop a basic model involving MMP and TIMP. The
mediators are secreted by stationary agents located at the center of the diffusion grid boxes,
with one agent per box. Our model is then used to simulate the diffusion and interaction
of the substances for a time frame of 2 days with different ∆t values: 1 s, 0.1 s, 0.01 s,
0.001 s. As expected, the results presented in Figure 3 show a negative correlation between
the size of the time step and the accuracy of the model. In fact, smaller ∆t values lead
to greater agreement between the steady-state reached by the model and the theoretical
results (represented by the dashed red line).
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However, as ∆t decreases, the time needed to simulate the same time frame increases
linearly. Therefore, we select 0.1 s (the default value provided by BioDynaMo is 1 s) as
the best compromise between model accuracy and computational costs (note that the CFL
stability condition DC∗∆t

∆x2 < 1
6 for the PDE solver is still fulfilled after this choice). Further

evidence on the robustness of our model to changes in ∆t is provided in Figure S2.

2.4. Hybrid Multi-Agent-Based Model

To build our hybrid multi-agent-based model, we follow the bottom-up approach:
we gather observations found in the literature, then use this data to define the properties
and behaviors on the microscale (i.e., on the agent level) and finally observe where these
lead to on the macroscale. At any given time t, an agent is fully defined by the set of
all its attributes that together determine its state. To specify the attributes of our agents
and the interfaces to read and write them, we implement the class alveolarDuct, which
extends the BioDynaMo Cell class. Each agent in our simulations is therefore an instance of
alveolarDuct, whose data members store the initial and current number of cells for each cell
type (see Table 2). Essential data members such as the cell position and diameter, as well as
the methods to access them, are inherited from the base class Cell.
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Table 2. Model cell types and number.

Cell Type Cell Number per Alveolus 1 Source

AEC 1 41 [57]
AEC 2 69 [57]

M1 13 [57]
M2 12 [57]

Fibroblasts 24 [48,57]
Myofibroblasts 36 2 [48,57]

M0 3 65 [48,57]
1 Initial cell number. 2 Based on the ratio given in [48], which takes into account an initial inflammation, we
assume that 60% of the fibroblasts differentiate into myofibroblasts. 3 Maximum number of M0 available per
alveolus, based on the ratio 5 M0:1 M1 from [48].

As soon as a new agent is added to the simulation, it gets assigned its behaviors.
Computationally, this involves defining a list of sequential operations (examples can be
found in Figure 1B from [43]), encapsulating them in a named structure, and, finally, adding
the structure to a vector of behaviors that is attached to the agent. After a time step ∆t
(the same used for the update of the concentration of the extracellular substances), each
agent runs through all its behaviors; that is, it performs all the actions listed in each of them.
Since all the agents in our simulations are alveolar ducts, they run the same behaviors at
each time step. Nevertheless, since many behaviors depend on the local concentration of
the mediators and different agents perceive different microenvironments, they evolve and
act differently throughout the simulation.

The behaviors implemented in our model can be categorized, as shown in Table 3.
As mentioned above, the behaviors share the same template but differ in the core section,
which defines the actions that the agents must perform. Their implementation within
the ABM is heavily influenced by the model of idiopathic pulmonary fibrosis, published
in [48] as a mathematical formulation, where many aspects of the IPF are provided. Unless
otherwise stated, concentration-dependent rates follow Michaelis-Menten kinetics

S =
λ ∗ C
C + K

(2)

where λ represents the maximum value of the rate, C is the local concentration of an
extracellular substance, and K is the concentration at which the rate reaches half of its
maximum value. Agents can directly measure the local concentration (i.e., that of the
diffusion box they are located in) of a substance at each time step and use this quantity to
determine the variable rates of their behaviors. These measurements must be repeated at
every time step as the extracellular environment evolves throughout the simulation.

Table 3. Agents behaviors.

Secretion Proliferation Differentiation Activation Apoptosis

AEC2_TNFaSecretion M2_PDGFSecretion F_Proliferate AEC21_Differentiation AEC2_Activation Apoptosis
AEC2_MCP1Secretion M2_MMPSecretion F_Addition F_MF_Differentiation
AEC2_FGF2Secretion M2_TIMPSecretion AEC2_Proliferate M01_Differentiation
AEC2_TGFbSecretion M2_TGFbSecretion M12_Differentiation

F_TGFbSecretion M2_IL13Secretion M21_Differentiation
F_ECMSecretion M1_TNFaSecretion

MF_ECMSecretion

The following subsections briefly outline each behavior.

2.4.1. Secretion Behaviors

Agents change the local concentration of a substance according to specific secretion
rates. Given that the rates are known only for the initial number of cells, agents scale the
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rates with the current number of cells at every time step. Since each agent only keeps track
of its own current number of cells (a property of the alveolar duct agents), the principle of
local information exchange is not violated.

• PDGF/MMP/TIMP/IL13 secretion by M2, TNFα secretion by M1, TNFα/MCP1
secretion by active AEC2 (whose activation process is described in Section 2.4.4),
and TGFβ secretion by fibroblasts have similar templates and depend on constant
secretion rates.

• Both FGF2 secretion by active AEC2 and ECM secretion by myofibroblasts are in-
creased by TGFβ. Similarly, TGFβ secretion by M2 is increased by IL13. In our model,
these dynamic rates are expressed by

λFGF2,AEC2 ∗
(

1 + λFGF2,TGFβ
TGFβ

TGFβ + KFGF2,TGFβ

)
(3)

λECM,myo f ∗
(

1 + λECM,TGFβ
TGFβ

TGFβ + KECM,TGFβ

)
(4)

λTGFβ,M2 ∗
(

1 + λTGFβ,IL13
IL13

IL13 + KTGF,IL13

)
(5)

• As in [48], the constant secretion rate of ECM by fibroblasts is multiplied by the
factor in Equation (6), where ECMsat is the value at which the ECM saturates. When
ECM > ECMsat, secretion is stopped.

(
1− ECM

ECMsat

)
(6)

• Activated AEC2 cells transform the latent form of TGFβ secreted by fibroblasts into its
active form. Within the same time step, they reduce the local concentration of TGFβi
and increase that of TGFβa by the same amount given by Equation (7), where KAEC2
is a saturation constant.

TGFβi ∗
(

AEC2active
AEC2active + KAEC2

)
(7)

2.4.2. Proliferation Behaviors

Since the number of agents is constant throughout a simulation, proliferation behaviors
simply translate into updates in the number of cells, which are stored as attributes by the
alveolar ducts. The proliferation behaviors thus make use of the internal methods of the
agents as an interface to update the number of cells of a specific type.

• The proliferation of AEC2 is governed by a constant rate that allows for the survival
of both the AEC2 and AEC1 populations. To do so, at every time step, the AEC2
population increases by a constant fraction.

• Proliferation of fibroblasts depends on the number of healthy AEC2 in homeostasis
and is further increased by damage-associated mediators such as FGF2, TGFβa, and
IL13. To uncouple the two mechanisms, we implement (i) the F_addition behavior by
which the number of fibroblasts is incremented according to a fixed fraction of AEC2
(represented by the parameter λF,AEC2), and (ii) the F_proliferate that computes the
fraction of newborn fibroblasts using the rate in Equation (8).

FGF2
FGF2 + K f ibr,FGF2

∗
(

IL13
IL13 + K f ibr,IL13

+
TGFβ

TGFβ + K f ibr,TGFβ

)
(8)
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2.4.3. Differentiation Behaviors

Differentiation behaviors act by updating cell numbers in pairs.

• In AEC21_Differentiation and M12_Differentiation, the phenotypes of constant frac-
tions of AEC2 and M1 are changed so that the AEC1 and M2 populations in homeosta-
sis can survive.

• M0 cells act as a reservoir for M1 cells (hence indirectly for M2 cells) both in home-
ostasis and in inflammatory conditions. In our model, we implement two different
mechanisms within the same behavior to ensure that a minimum number of M1 is
always maintained. We define a constant rate λM01 for the M0 to M1 differentiation
and use this value only if the concentration of MCP1 is too low to provide the M1 cells’
baseline. As the inflammation develops and the MCP1 can sustain the growth of M1
cells, we use the differentiation rate in Equation (9), where the last factor ensures that
M1 cells never exceed M0 cells, as described in [48]. As stated before, the principle
of local information exchange is not violated since each alveolar duct agent records
only its number of M0 and M1 cells. Therefore, λM01 may assume different values for
different agents.

λM01 =
MCP1

MCP1 + KMCP1,M01
∗ (M0−M1) (9)

• Fibroblast to myofibroblast and M2 to M1 differentiation are implemented in F_MF_
Differentiation and M21_Differentiation. Since both are triggered by extracellular
mediators, their templates are similar, and the rates that describe the transitions are
outlined in the following equations

λmyo f , f ibr ∗
(

PDGF
PDGF + KFMF,PDGF

+
TGF

TGF + KFMF,TGF

)
(10)

λM1,M2 ∗
(

TNFα

TNFα + KM21,TNFα

)
(11)

2.4.4. Activation Behaviors

In our model, damage is a special case of the differentiation behavior in which cells,
instead of changing their type, change their state. In our model, AEC2 can be found in
three different states: healthy, damaged, and activated. At the beginning of a simulation,
a fraction of healthy AEC2 in each alveolar duct (specified by the parameter hitProbability)
can be damaged. By running the AEC2_Activation behavior, agents can then update the
state of a constant fraction (i.e., rates are fixed) of damaged cells and turn them into the
activated state. We assume that activated and damaged AEC2 cannot be repaired.

2.4.5. Apoptosis Behaviors

To simulate apoptosis, cells are removed from the simulations using the same agent-
based methods used for the proliferation, i.e., cell line-specific rates control the fraction
of cells that is updated at each time step. With the exception of AEC2 (whose apoptotic
rate is increased by TGFβ and oxidative stress δ, as outlined in Equation (12)), all the rates
are static.

dAEC2 = dAEC2,0 ∗
(

1 +
TGFβa

TGFβa + KAEC2,TGFβ
+ δ

)
(12)

At every time step, AEC2 apoptotic rates are updated for each agent according to the
local TGFβ concentration.



Symmetry 2022, 14, 90 11 of 21

2.5. Initial Conditions and Input/Output System

This section provides an overview of the data imported into (including the model
parameters and their sources) and exported from the simulations and details how the I/O
operations are implemented within the model.

Our model relies on two input sources: the list of cell positions and the parameter list.
As detailed in Section 2.2, the former is provided by an algorithm that outputs different
structures for every run as the branching angles are randomly drawn. To avoid running the
building algorithm prior to each simulation, we save its output on a ROOT [58] file (a high-
performance open-source data analysis framework developed at CERN) and feed multiple
simulations with the same input. When the simulation platform is started, a function
reads the list of cell positions and adds as many agents to the simulation setting as their
“Position” attributes to one element of the list. The latter input source is a parameter list that
consists of default parameters and custom parameters. Values for the default parameters are
provided by BioDynaMo and can be overwritten by the user. We overwrite a few of them,
as mentioned in the previous sections: the simulation time step, the size of the simulation
volume, the resolution scheme for the PDEs, and the boundary conditions for the diffusion.
Moreover, a list of almost 90 custom parameters (see the supplementary material) includes
behavior-specific parameters (such as rates), substance-specific parameters (as shown in
Section 2.3), and simulation-specific parameters (such as the names of input files and the
number of simulation steps). When a new simulation instance is created, the file with the
parameters list can be given as an argument so that its content becomes available to set
up the simulation environment and the agents’ behaviors and attributes. As a side note,
single parameter values can be specified using the inline-config option to further overwrite
those in the parameters list. We take advantage of this feature to run multiple parallel
simulations on the cluster nodes with different parameter sets.

The output of a simulation consists of: the time-evolution of the number of cells in
each agent and the average concentration of the extracellular substances and (optionally)
visualization data. To gather these data, we use the standalone operations provided by
BioDynaMo and set a frequency for the measurements. Whenever the frequency is matched
by the elapsed time steps, the following occurs

1. An operation runs through all the agents, collects the number of cells for each cell
type, and stores the information in a vector.

2. Another operation exploits the agents as probes: it gathers their position, uses these
positions to get the local concentration of all the substances, computes the aver-
age concentration for each substance, and finally stores the information in a vector
(note that there is no measurement within the diffusion grid boxes where agents are
not localized).

At the end of the simulation, each measurement is assigned its timestamp, and the
vectors are exported to ROOT files [58]. If the Visualization parameter is set to true, the
selected agent attributes are exported too, and their time-evolution can be visualized
using ParaView.

Moreover, we implement a simple Python script to collect exported files from multiple
simulations and generate graphical outputs showing the average of the measurements.
The outputs are then used in a feedback system as inputs for the following simulation: in
fact, the proliferation and differentiation rates, as well as the secretion rates, are adjusted
according to the number of cells and the average concentrations, respectively. These pa-
rameters are then tuned until a stationary state is reached under homeostatic conditions
(i.e., the concentration of the substances and the number of cells do not drift from the initial
values listed in Tables 1 and 2, respectively). For FGF2 (which is secreted by AEC2 in
inflammatory conditions and is not explicitly included in the model from [48]), we assume
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that the necessary concentration to stimulate the same effect on fibroblasts proliferation as
in [48] is that for which the following condition holds:

FGF2
FGF2 + K f ibr,FGF2

=
E

KE + E
(13)

where the right-hand side of the equation comes from the mathematical model of IPF
described in [48]; E represents the concentration of damaged AEC2, while KE is the AEC2
saturation constant.

2.6. Sensitivity Analysis

Performing a full parameter sensitivity analysis is beyond the scope of this work
due to its prohibitive time requirements. This notwithstanding, we selected five key
parameters and performed a relative sensitivity analysis to assess how they affect the
simulation outcomes. For each pair of altered parameter p and characteristic (or readout) c,
the following indicators are computed:

Dc,p,a =
Cp,a − Ccontrol

Ccontrol
∗ 100 (14)

Sc,p =
∆c,p,a

∆a
=

Dc,p,+a − Dc,p,−a

∆a
(15)

where a is the amount of change in the parameter p (±10% in this work), and C is the
measured outcome. Dc,p,a is the index percentage of change and shows the relative change
of the characteristic c with respect to the control value (i.e., in unaltered conditions) that
occurs when the parameter p is altered by an amount a. The second indicator, Sc,p, repre-
sents the sensitivity and quantifies the effect of the variation ±a in the parameter p on the
characteristic c. Finally, the results are presented using a relative sensitivity map, where
each row represents the relative sensitivities rc,p of a selected simulation readout to all the
altered parameters (shown in the column headers). rc,p is computed as the ratio between
each Sc,p and the maximum absolute value of Sc,p for that particular characteristic.

3. Results
3.1. Homeostasis

Our model is run without damaged cells to simulate ideal homeostasis during a time
frame of 30 days. The initial conditions are listed in Table S1, and the results, shown in
Figure 4, are expressed in terms of the average concentration of the cell-hosting diffusion
grid and the average number of cells per alveolus. The positive amount of myofibroblasts
is used to simulate initial light inflammatory conditions.

To assess the ability of our model to reproduce homeostatic conditions in which both
the average local concentration of the extracellular mediators and the average number of
cells reach the steady-state, we measure their relative change between day 5 and day 30,
as follows

∆m =

(
m(t + 1)−m(t)

m(t)

)
∗ 100, m ∈ {conc, cell} (16)

and provide ∆m for the two quantities in Figure S1.
We assume that both the cell number and the concentration of the extracellular media-

tors are already in steady-state at day 5 since they never exceed the 10% bands and their
relative changes stay below 0.025% throughout the whole simulated time frame. However,
a slight decrease in the number of myofibroblasts, coupled with an increase in the number
of fibroblasts, shows a tendency of the model to shift towards fully homeostatic conditions.
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Figure 4. Time evolution of the extracellular mediators’ average local concentration (a) and the
average number of cells per alveolus (b) in homeostatic conditions. Red bands show the steady-states
from the literature ±10%.

3.2. Inflammation

To simulate the onset of fibrosis, our model is run with an initial amount of damaged
AEC2 cells and replicates a time frame of 300 days. Different runs are performed for different
initial (average) fractions f of damaged AEC2, where f ∈ {6.25, 10, 20, 30, 40, 50, 60, 70, 80, 90}%
and the damage is heterogeneously spread over the simulation space (i.e., the fraction of
damaged AEC2 cells within each alveolar duct is drawn from a normal distribution with
average f and σ = 1%). More specifically, the value f = 6.25% allows us to compare the
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results from our simulations against those shown in [48] since the study reports the steady-
state ratio ActivatedAEC

InitialAEC = 0.0625. Rather than a continuous damage (as proposed in [48]),
healthy AEC2 cells in our model are damaged only at the beginning of the simulation and
the active AEC2 cells cannot undergo apoptosis (i.e., they are never removed from the
simulation). We make this assumption as our model aims to simulate the onset of lung
fibrosis regardless of the cause for the damage to the AEC2 cells.

The initial conditions are listed in Table S1, and the results, shown in Figure 5, are
expressed in Section 3.1.
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Figure 5. Time evolution of the extracellular mediators’ average local concentration (a) and the
average number of cells per alveolus (b) with initial heterogeneous damage. Different colors show
different initial average fractions of damaged AEC2, and the thicker lines are used for f = 6.25%.
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Though with slower dynamics, our results (for f = 6.25%) are in agreement with those
provided by Hao et al. [48]. ECM accumulation, a surrogate of lung fibrosis severity, shows
incremental rises for f ≤ 40%. On the other hand, for f > 40%, the healthy AEC2 cells are
unable to support the mesenchymal population, whose drop leads to a progressive decline
in the final ECM concentration. This notwithstanding, we show that the loss of AEC2
progenitor cells is reflected by a sharp decline in the number of AEC1 cells that has been
experimentally detected in lung fibrosis patients as a depletion in epithelial integrity [9].

In order to assess how the degree of damage correlates with the ECM distribution
across the simulation space, the ECM concentration in each cell-hosting voxel of the
diffusion grid is measured during the last time step of the 300-days simulated time frame.
By taking the ECM concentration as a surrogate for the attenuation coefficient (the use of
which to monitor lung fibrosis is ordinary in the clinic [59]), we show the results through
density distribution histograms in Figure 6.
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Figure 6. ECM distribution histograms for different initial fractions of damaged AEC2 cells (damage
is heterogeneous). Shown is the ECM concentration from the cell-hosting voxels of the diffusion
grid at the last time step of a 300-days simulated time frame. The ECM concentration is used as a
surrogate for the Hounsfield CT units, while the voxel percentages represent the volume fraction
filled with a certain amount of ECM.

Although Figure 6 provides the density distribution histograms for a late fibrotic
phase only, the trends shown are qualitatively in agreement with the results provided
in [59,60], where lung fibrosis is induced by radiotherapy in mice. As expected, a right shift
is observed for f ≤ 40%, while the ECM density distributions progressively shift towards
left for higher f values. It should be noted here that this kind of simulation output could be
compared (after an appropriate conversion) against clinical lung CT readings, a feature that
cannot be provided by 2D models and/or averaging methods. The three-dimensionality of
our model enables the emergence of peculiar patterns and provides additional information
to the curves showing the average ECM concentration. Interestingly, multiple animal
and human studies [59–64] have shown that higher irradiation doses (corresponding to
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larger amounts of initial damage) correlate well with sharper changes in CT density (and,
therefore, ECM accumulation). This notwithstanding, the pathways that are triggered
following greater initial damage to the AEC2 cells (as seen in radiotherapy treatments)
have not been fully understood yet; therefore, we provide preliminary results and an
introductory framework that can be employed for further research on radiation-induced
lung fibrosis.

3.3. Sensitivity Analysis

We performed a parameter sensitivity analysis (see details and motivations in Section 2.6)
by altering the following selected parameters: λECM,TGFβ, λTGFβ,IL13, ECMsat, λM01, and
λF,AEC2 (definitions are provided in Section 2.4). Each parameter is altered by ±10%, and
the characteristics (both the cell numbers and the substance concentrations) are measured
after a simulated time frame of 30 days so that the steady-state is reached (in homeostatic
conditions). The relative sensitivity of the simulation readouts to the parameters listed
above is shown in Figure 7.
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Figure 7. Relative parameter sensitivity map showing the impact of changes in the parameters on
the characteristics. For each pair of characteristic c and parameter p, rc,p indicates the ratio between
the sensitivity Sc,p and the maximum absolute value of Sc,p for that particular characteristic (i.e.,
computed over an entire row).

The sensitivity analysis showed that the impact of λECM,TGFβ on the ECM concen-
tration is stronger than that of any other parameter, including λF,AEC2. In other words,
the effect that TGFβ has on the ECM secretion by the myofibroblasts exceeds the in-
crease/decrease in their number induced by the same variation in λF,AEC2. Not surprisingly,
λM01 has proved to be the parameter with the biggest impact (among the five selected) on
almost 60% of the characteristics. In fact, it controls the number of macrophages, which
in turn secrete upstream regulators of several mechanisms. Finally, as expected, the num-
ber of fibroblasts and myofibroblasts and the TGFβin (secreted by F) are mostly sensitive
to λF,AEC2.

4. Discussion

In this study, we outlined the development of a hybrid 3D ABM of lung fibrosis. The
disease has been shown to be triggered by many factors, and its pathophysiology has not
been fully understood yet. Within this context, mathematical models and computational
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simulations have the potential to shed light on its mechanistic progression and allow for
the testing of potential treatment candidates beforehand without the need for laboratories.

The simulation space of our model consists of a partial acinus built from morphometric
data, in which stationary alveolar ducts act as agents whose behaviors are derived from
biological findings and previous computational models. Each agent encompasses six
distinct cell types secreting ten different extracellular substances. The results that we
provide show that the model can qualitatively simulate the onset of fibrosis and represent a
valuable extendable framework that can reproduce further scenarios on smaller and larger
spatial and temporal scales. It should be noted that while the model may be seen as static,
the shared extracellular space acts as a mutable environment, thus making it a time-varying
network in which geometry plays a strong role.

We first calibrated the parameters of our model so that it could reproduce stationary
homeostatic conditions for a time frame of 30 days. Specifically, we adjusted the secretion,
proliferation, differentiation, and apoptotic rates of the cells within the agents in order
to reproduce and maintain the initial conditions provided by Hao et al. [48]. To assess
whether the model was able to reach its steady-state and that both the concentration of the
extracellular mediators and the number of cells did not drift from the experimental values,
we measured their time evolution along with their relative change. We showed that the
simulated values never exceeded the 10% threshold, while their relative change remained
below 0.005% for the entire simulated time frame. It should be noted that the concentration
of the substances shown in Figures 4–6 is the average concentration measured within the
cell-hosting voxels of the diffusion grids.

We performed a parameter sensitivity analysis on 5 selected parameters and assessed
their impact on 14 different characteristics (namely, the number of cells and the substances’
concentration) in steady-state and homeostatic conditions. The analysis showed that,
among the selected parameters, λM01 had the greatest impact on the majority of the simula-
tion readouts, highlighting the central role of macrophages in the model.

The second step introduced the external damage: we investigated the effect of different
fractions f of damaged AEC2 cells at the beginning of the simulations and simulated
heterogeneous damage by drawing those fractions from normal distributions with average
f and σ = 1%. It has to be noted that incorporating heterogeneous damage allowed our
model to run more realistic simulations as the amount of damage is randomly distributed
in human fibrotic lungs. Moreover, the presence of randomness in individual behavior
is a distinctive feature of ABM that cannot be implemented within traditional averaging
methods (such as EBMs). Heterogenous fractions of damaged AEC2 cells result in different
distributions of MCP1 that, in turn, show different chemoattractant effects on M1 cells. This
indirectly affects the number of M2 cells within each alveolar duct and alters the amount
of secreted TGFβa, which is reflected by different ECM patterns. The curves provided
in Figure 6, with f = 6.5%, show that our model can qualitatively reproduce the results
of Hao et al. [48]. Further, by perturbing the steady-state stability that characterizes the
homeostatic situation, the symmetry of the system is broken, and we observe its evolution
through an irreversible process towards its final state. We also show that increasing the
fraction of damaged AEC2 leads to a corresponding rise in the concentration of ECM for
f ≤ 40%. Conversely, for f > 40%, we observed progressively decreasing amounts of ECM.
The reason for this is the strong coupling between AEC2 cells and fibroblasts: as the fraction
of damaged AEC2 cells exceeds the aforementioned threshold, the healthy AEC2 cells are
no longer able to sustain the population of fibroblasts, an effect that is not counteracted by
the additional FGF2 secreted by the active AEC2 cells. We further investigated the effects
of different fractions of damaged AEC2 cells on the ECM distribution by measuring its
concentration during the last time step of a 300-day simulation. The results, provided in
Figure 6 as density distribution histograms, show a right shift of the ECM distribution for
f ≤ 40% and a left shift for bigger values of f .

Our study suffers from a few limitations worth noting. To begin with, the model
simulates only a limited number of key pathways and cell types found in the distal airways
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(i.e., alveolar epithelial cells, fibroblasts, myofibroblasts, and macrophages) without taking
into account oxygen diffusion and endothelial cells. Moreover, although the number of
cells and the length scale of the geometrical framework were derived from in-vivo and
in-vitro studies, our ABM was validated exclusively against in-silico experimental results.
Finally, the cells secretion rates and the parameters describing the effect of extracellular
mediators on cells secretion were adjusted with the aim of replicating experimental results
and, thus, are not supported by any experimental finding.

The results provided in this paper prove that our ABM of lung fibrosis can successfully
mimic the findings reported by previous studies. To the best of our knowledge, this is the
first agent-based model of lung fibrosis implemented in three dimensions, supporting both
substance diffusion and extracellular pathways on a geometrical framework that reflects
morphometric data. Moreover, our model can simulate 30-day-long time frames with a
time resolution of 0.1 s on a standard laptop. Accordingly, it may be employed as a starting
point and easily extended for further use in the context of lung diseases (such as COVID-19
and asthma) by implementing additional layers of complexity, both on smaller and larger
spatial scales as well as multiple sources of damage. Our multi-level damage approach
might be of interest for simulating radiation-induced injuries as cells irradiated at different
doses experience varying amounts of damage. The optimization of radiotherapy treatments
and calculations of normal tissue complication probability after irradiation are examples
of applications that suffer from the limitations of the analytical models; these applications
could benefit from the 3D framework of this ABM. Indeed, even stochastic EBMs have
been proven to provide fewer scenarios and emergent patterns than ABMs in biomedical
contexts [65]. Moreover, the possibility to easily implement interpatient variability by
changing the acinar structure, the density of alveolar ducts, the cell damage sensitivity,
and the number of cells makes it well suited for studies of personalized medicine and the
clinical testing of drugs.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/sym14010090/s1, Table S1: Model parameters, ZIP archive S1:
Source code of the model, Figure S1: Cell numbers and extracellular mediators concentration rela-
tive change, Figure S2: Extracellular mediators average local concentration for different ∆t values.
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