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SUMMARY

Agent-based models (ABMs) are a natural platform for capturing the multiple
time and spatial scales in biological processes. However, these models are
computationally expensive, especially when including molecular-level effects.
The traditional approach to simulating this type of multiscale ABM is to solve a
system of ordinary differential equations for the molecular events per cell. This
significantly adds to the computational cost of simulations as the number of
agents grows, which contributes to many ABMs being limited to around 10° cells.
We propose an approach that requires the same computational time independent
of the number of agents. This speeds up the entire simulation by orders of magni-
tude, allowing for more thorough explorations of ABMs with even larger
numbers of agents. We use two systems to show that the new method strongly
agrees with the traditionally used approach. This computational strategy can
be applied to a wide range of biological investigations.

INTRODUCTION

Living systems are intrinsically multiscale - biological components are tethered together in interconnected
labyrinths that are dynamically changing in time and space (Dhurjati and Mahadevan, 2008). Multiscale
mathematical models have been used as a conceptual framework to study such systems where, for
example, biological components participate in an ongoing dialogue consisting of sending, receiving,
and interpreting an elaborate set of molecular signals (Meier-Schellersheim et al., 2009). Of the variety
of multiscale mathematical modeling approaches that exist, agent-based models (ABMs) have emerged
as a powerful tool in both basic biology (Holcombe et al., 2012) and translational systems biology (An
et al., 2009), which is a field that combines laboratory, clinical, and computational methods to develop
effective strategies for controlling biological processes related to human health and translating these find-
ings for rapid clinical application (Vodovotz and An, 2014).

An ABM describes populations as individuals or agents, each with its own set of properties and behav-
iors. In this way, these models are well-suited to capture the connectivity and heterogeneity in biolog-
ical systems. The traditional method for incorporating the molecular level details of cell signaling and
targeted therapeutics into ABMs involves solving systems of ordinary differential equations (ODEs)
locally at each spatial location where a cell resides (Ghaffarizadeh et al., 2016, Wang et al., 2009; Cil-
fone et al., 2015). We will refer to this commonly used approach as the local method. As the number of
cells increases, solving a system of ODEs for each agent significantly increases the computational costs
and becomes prohibitive when simulating upwards of 10° cells (Cilfone et al., 2015). However, even just
one cubic centimeter of tissue will contain more than 108 cells (Del Monte, 2009). To accurately capture
biological processes at this scale in mathematical models will thus require the development of new
theoretical and computational frameworks. To reduce the computational time and expense associated
with the currently used local method described above, we introduce and validate a faster approach that
we will refer to as the global method for simulating multiscale ABMs of interacting molecular and
cellular systems (Figure 1).

We take the molecular drivers of cancer growth and targeted molecular therapeutics as our test case to

explain the similarities and differences between the local and global methods and to demonstrate the
advantages of our simulation strategy. Translational systems biology and systems pharmacology are two
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examples of fields where approaches that incorporate agent-based modeling have been used to both
broaden our understanding of cancer biology and improve our ability to treat cancer in the clinical setting
(Norton et al., 2019). For example, in cancer therapeutics, multiscale ABMs have been used to investigate
the impact of combined therapies on myeloma cell growth (Ji et al., 2017), to predict the effect of receptor
tyrosine kinase inhibitor therapy in brain cancer (Sun et al., 2012), to help guide the rational design of com-
plex therapeutic interventions that target the colorectal cancer microenvironment (Kather et al., 2017), and
to provide a framework for predicting treatment/biomarker combinations in different cancer types (Gong
etal., 2017). These models and others like them provide strong evidence for the using ABMs to predict dis-
ease progression and guide recommendations for therapeutic interventions (Anderson and Quaranta,
2008; Yankeelov et al., 2015).

Given that ABMs have many basic science and translational applications and that the primary focus
of our test case is cancer biology, we will introduce and validate the global method with two models
of cancer growth and targeted therapy (Figure 2). These two models lend themselves to two different
implementations of the global method that are illustrative of the flexibility and extensibility of this
method. The first is a fibroblast growth factor receptor 3 (FGFR3)-mediated bladder cancer and treat-
ment. In this system, FGFR3 is mutated on the tumor cells, resulting in constitutive signaling that con-
fers a fitness advantage (Casadei et al., 2019). A small-molecule inhibitor (SMI) of FGFR3-a therapy that
has shown promise in clinical trials (Siegel et al., 2020; Casadei et al., 2019)-is administered to suppress
tumor growth. As its name suggests, an SMI has a very small size with an atomic mass on the order of
100 Da (Arkin et al., 2014). This affects certain pharmacodynamic properties of these drugs, such as
diffusion rates and elimination rates (Buchwald, 2010). In the local method, we observe that the
FGFR3 signaling in the presence of the SMI quickly reaches a uniform quasi-equilibrium, and thus
we implement the global method by viewing the entire tumor mass as belonging to a single region
that changes with the tumor.

Viewing the global method as an approximation of the local method, we test the hypothesis that the output
from the local and global methods agree. In the FGFR3 system, we look at the FGFR3 signaling in both
methods. As we observe that the local method shows uniform effects across all tumor cells, we implement
the global method with all tumor cells in a single, uniform region. As the effect of this pathway is on the
growth dynamics of the cells, we develop a metric that we refer to as the expected growth rate (EGR) or
the total expected growth (TEG) when it is integrated. It is a noise-free measurement of how much a pop-
ulation in an ABM will grow on average, which we use to make comparisons between the methods without
needing to run many simulations. We also record the wall time, which is the time in the real world that the
algorithm takes to go from start to finish, to compare the speed of the two methods. We also consider the
wall time spent on the constituent parts of the algorithms to determine which modules are most respon-
sible for the computational cost. We finally look at the signal-to-noise ratio in the local method to quantify
the heterogeneity of drug penetrance and activity to compare against the uniform output of the global
method. We explore the sensitivity of these results to the parameter values in the Supplement to show
how these results generalize to other systems.

We then apply the global method to a second system that provides a richer study of the spatial dynamics of
the molecules and agents. This system looks at the interleukin-6 (IL-6)-mediated, cancer-stem-cell-driven
growth of head and neck squamous cell carcinoma (HNSCC) (Herzog et al., 2021). IL-6 is a cytokine that
affects many cell processes, such as proliferation and survival, and it is commonly overexpressed in most
cancer types (Krishnamurthy et al., 2014; ChoudharyMoaz et al., 2016). The therapeutic strategy considered
for this case is a monoclonal antibody against IL-6R, which contrasts with the SMI described above as an-
tibodies are larger and penetrate into the tumor differently. Both of these molecules are known to enter the
tumor from blood vessels and have been observed to affect tumor cells based on their proximity to these
blood vessels (Krishnamurthy et al., 2010). We thus implement the global method with the natural geometry
this imposes on the tumor.

In the IL-6 system, the natural geometry imposed by the location of blood vessels leads us to implement the
global method with multiple regions defined by their distance from the blood vessel. We still consider the
cell signaling differences between the two methods, but focus more on the spatial distributions of the mol-
ecules and of the different cell phenotypes. In particular, we focus on the distributions of their distances
from the blood vessel as well as the local densities near each cell type.

2 iScience 25, 104387, June 17, 2022

iScience



iScience ¢? CellPress
OPEN ACCESS

A
Local Method Global Method
PDE = Diffusion
— Degradation R
Repeat l SR T epeat
i ODE — Distribution ODI until At
antilAt ] T Elimination
N ODEs Reactions
Cell Fate
Decisions
J
B Dynamic Regions Static Regions
(Occupied vs. Non-occupied) (Based on Known Geometry of Tumor)

Figure 1. Methods cartoon

(A) Depiction of how the methods work. Both methods first update drug and receptor concentrations with short time
steps. The local method splits the five biological processes among three differential equations which are solved in
succession over each short time step. The global method packages all of this into a single ODE which is then solved using
a stiff ODE solver. The output of both methods is then used to affect cell fate decisions before repeating the entire
process.

(B) Two implementations of the global method. The first uses occupied and non-occupied regions to define dynamic
regions within the microenvironment. The second uses geometrically-derived regions, for example distance from the
blood vessel. In both implementations, the average concentration in each region is used to solve the reaction equations.

RESULTS

The global method accurately and quickly reproduces the results of the local method in the
FGFR3 model

The global method output matches the local method output

Our first goal is to establish the equivalence of these two methods in the FGFR3 model. We use each
method 20 times to simulate a growing tumor that starts with 10,000 tumor cells and grows for 8 days,
applying daily doses of anti-FGFR3 therapy starting on Day 1 and ending on Day 5, corresponding to a
typical dosing schedule of FGFR3 inhibitor given only on weekdays (Hahn et al., 2017). The quantity of
the dose is chosen to reflect the empirically observed concentration in systemic circulation immediately af-
ter a 75 mg/kg dose is administered to a mouse (Griinewald et al., 2019). We use a step size of At = 6 min
for cell fate decisions and a step size of 7 = 0.6 min in solving the local method. We choose At faster than
event rates to get a higher resolution on the metrics we measure. The local method time step is chosen
based on the diffusion and reaction rates.

In Figure 3, we see agreement between the methods on the population dynamics of the tumor cells and the
EGR. The methods also agree in terms of both the underlying inhibitor concentrations and mean strength
of signal (Figure S1). Comparing all runs to their collective average, we see both methods follow similar re-
sidual distributions (Figure 3A). The inset shows the actual population dynamics.

To sift through the noise, we compare the EGR (see STAR Methods) for all runs. As the differences in tumor
size between the two methods are driven by the calculation of ¢ which is then used to determine EGR, the
close agreement observed in Figure 3A follows from the similarity in EGR for each simulation (Figure 3B). In
fact, the differences in EGR are less than 1x10-3 d~" with the maximum difference occurring immediately
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Figure 2. Model cartoons

(A) Cartoon of the molecular interactions on the cell surface. The FGFR3 inhibitor binds to the domain within the cell to
block activation of downstream effects on proliferation and apoptosis.

(B) A rendering of the model with 13,000 cells shortly after therapy. All cell fate decisions from the previous 9 h are shown.
Cells in the first octant are removed to show the center of the tumor.

(C) The cell lineage model.

(D) Cartoon of the molecular interactions on the cell surface. Anti-IL-6R antibody also binds IL-6 in the same manner, but
the effect is to block IL-6R signaling.

(E) A rendering of the model with 1,000 cells. All cell fate decisions from the previous 3 h are shown.

on therapy and 12 h after therapy (Figure 3C). Note that in plots B-C, there is one line plotted for each tra-
jectory, indicating minimal stochastic effects on EGR.

Having established the equivalence of these methods in the FGFR3 model, we next look at how long each
of these runs takes. The local method takes approximately 100 times longer than the global method (Fig-
ure 3E). The difference in these wall times is solely attributable to how the two methods handle inhibitor
dynamics.

The global method reduces the computational time by more than one order of magnitude

Because we are often interested in modeling more than 10,000 cells and because models tend to grow
more cells throughout the simulation, we analyze how the wall time of the two methods increases with
the initial number of tumor cells. We vary the initial tumor population between 50 and 50,000 cells and
run the simulation for 8 days. Comparing the wall times of these simulations (Figure 3F), we see that the
local method is slower than the global method by one to two orders of magnitude. To put this another
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Figure 3. Global method is comparable to the local method but with substantially reduced wall time

(A-E) 20 simulations of each method over 8 days, each starting with 10,000 tumor cells.

(A) Population dynamics of the tumor cells show as residuals from the mean number of tumor cells across all simulations
using both methods. Inset shows actual population trajectories.

(B) EGR for each simulation.

(C) Difference in EGR.

(D) Percent difference in tumor size. Comparison between simulations shown in gray. Comparison using EGR shown in

black.

(E) Wall time for each simulation, separated by the method used. Note the log scale on the x-axis.

(F and G) Seven different initial tumor sizes and the wall time need to simulate them for 8 days with each method.
(F) Wall time dependence on initial tumor size.

(G) Proportion of wall time spent solving reaction ODEs.

way, at the same time the local method simulated 500 tumor cells, the global method could simulate 50,000
tumor cells.

To better understand why the local method takes longer to simulate, we time the simulations at several
levels of granularity: the total time for a simulation, the time to advance the whole system At, and the
time spent solving each differential equation. We also determine the wall time spent on tasks common
to both methods by computing the difference between the duration of a single update and the time spent
solving all differential equations. We call these common tasks. The local method spends more than 90% of
the wall time on molecular dynamics (Figure S2E) and less than 10% on common tasks (Figure S2D),
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Figure 4. Noise in the local method is negligible and follows predictable patterns
(A) SNR overlaid with the signal (¢p).
(B) SNR plotted against time as the previous therapy. Color indicates the strength of signal. Time points for panels (C) and

(D) marked.
(C) A heatmap of free drug concentration in the TME during the saturation phase. Darker color indicates higher
concentration. The highest concentration shown is only 0.08% higher than the lowest. The brown line indicates the

boundary of the tumor spheroid.
(D) Similar to C but shown during the elimination phase. Note the reversal of the location of high concentration. The

highest concentration shown is only 0.005% higher than the lowest.

independent of the size of the tumor. For the global method, by contrast, the proportion of wall time spent
on common tasks approaches 1 as the tumor size grows while the proportion spent on molecular dynamics
approaches 0 (Figures S2D and S2E). This gives further evidence that the difference in wall times between
these two methods will only grow as the number of cells gets larger. This is because all of the growth in the
global method’s wall time is attributable to common tasks, which make up less than 10% of the growth in
the wall time for the local method.

We further isolate the time spent solving ODEs for each, that is, excluding the diffusion PDE in the local
method. We see that across all tumor sizes, a large proportion of time is spent on solving ODEs and
that this proportion grows with the tumor size as the tumor size increases in the local method, this part
grows toward taking up all 87% of the wall time spent on molecular dynamics (Figure 3G). This indicates
that the primary driver of the increased wall time for the local method is solving the set of ODEs, one for
each tumor cell. By contrast, the global method spends relatively little time-solving ODEs and less so as
the tumor grows.

Variability in the local method is predictable but inconsequential

To understand how the intercellular variability in cell signaling as determined in the local method could
lead to differences between the two methods, we look at the level of noise in the local method. In under-
standing the noise, we use the signal-to-noise ratio (SNR), which we define here as the ratio of the mean
(signal) to the SD(noise) of the ¢ values for all the cells used for cell fate decisions in a single update
step. In Figure 4A, we plot this curve on the same axes as the actual ¢ values with the SNR values given
ontherightinthe logscale. We restrict the time domain over which we plotted the SNR to [1,6.875] to bring
into focus the fluctuations in SNR when the drug is in the system. These values are all at least 50 and can
grow upwards of 10% during the daily administration of the drug. This indicates that the SD of the ¢, values
is at most 4%, and as little as 0.01%, of their mean value.
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The pattern of the SNR is also informative of drug penetrance and activity in the tumor microenvironment
(TME) over the course of one treatment. As expected, the SNR drops immediately and precipitously on
dose administration only to quickly rise back to 10? within 1 h. After 1.5 h, a similar pattern occurs with a
smaller drop and slower rise. These are the results of known phases in drug delivery into a TME (Thurber
et al., 2008) and we lay these out in Figure 4B by plotting all SNR values against the time after the previous
therapy, discarding those that occurred before therapy or more than one day after therapy. The first phase
is the saturation of the tumor with the drug where cells located at the leading edge of the tumor initially
have increased access to the drug owing to neighboring lattice points being unoccupied and thus not tak-
ing up any of the drugs. These cells, eventually, saturate and the drug can more freely diffuse from outside
the tumor into the center restoring a large SNR. However, the drug in the systemic circulation is being
rapidly cleared during this time and is, eventually, unable to continue to supply the TME with adequate
levels of drug to maintain the saturation of the tumor cells. At this time, the balance shifts with the center
of the tumor holding more drug (much of it bound to surface-bound FGFR3) and the cells on the leading
edge find their unoccupied neighbors losing drug more rapidly as there are no cells to keep it bound up.
Thus, the second phase begins and continues through the elimination of the drug in circulation and in the
TME. The heatmaps in Figures 4C and 4D highlight this effect by showing the concentration of free inhibitor
within the TME during each of these phases.

This leaves the question of when the largest impact of noise can occur. That is, we want to know not only
when the SNR is high, but when the corresponding signal is also high. To re-frame this: high relative levels
of noise are insufficient to determine if there will be a large impact on our simulations because, at low levels
of signal, relatively high levels of noise would nonetheless have small effects on cell fate decisions. This is
owing to the functional forms which link the intracellular signaling with cell fate decisions being approxi-
mately linear. Thus, the SD alone indicates how much the noise would affect cell fate decisions and tumor
growth. In Figure S3, we see that the SD peaks around 20 min and 10 h after therapy.

The global method is robust to changes in parameters

A key question that remains is how the parameters governing our current model might be affecting the re-
sults here and thus, whether this technique can be extended to other models that consider different drugs,
different tissues, and different molecular targets. In particular, we are studying an SMl in the FGFR3 model,
which implies certain ranges for parameters governing distribution and diffusion that are qualitatively
different from those governing, for example, antibodies (Jain and Stylianopoulos, 2010; Thurber et al.,
2008). Similarly, the reaction rates of these drugs with their intended targets can vary across many orders
of magnitude (Tassa et al., 2010), which will dictate how quickly free molecules of the drug are bound up
and how much remains free to diffuse throughout the microenvironment (Thurber et al., 2008).

We consider two groups of three kinetic parameters each and sample each parameter over three orders of
magnitude with a Latin hypercube. These two groups are pharmacokinetic parameters and reaction rate
parameters. We show that the largest difference in EGR between the two methods is 0.003 days™" (Fig-
ure S5F) and 3x1073 d~' (Figure S10F), respectively. Over an eight day simulation, this results in at most
a 0.3% difference in expected tumor size for both sets (Figures S4B). The SNR is high throughout the simu-
lation for most parameter values and follows similar temporal patterns as observed in Figure 4B
(Figures S4D and SéD). See Figures S4-S11 for all these results.

In addition, we consider how the method performs when we vary the vascular assumptions and consider the
case that the drug is an antibody. Results for these are shown in Figures S12-S14.

The global method preserves spatial information in the IL-6 model

Where the global method implementation for the FGFR3 model uses dynamic regions and has a single
agent phenotype, the implementation in the IL-6 model takes advantage of the natural geometry imposed
by the location of the blood vessels to define static regions. The model also has three cell phenotypes. We
thus use this model to further explore the validity of the global method by focusing on the spatial arrange-
ment of agents and the penetrance of the substrates into the microenvironment. We simulate two cohorts
of tumors: one without alL-6R and one with alL-6R. Both cohorts consist of 20 runs with each of the local
and global methods, censoring after 50 days of simulated time. All tumors are initialized with
(100,10, 20) instances of (stem, progenitor, TD) cells, uniformly randomly distributed throughout a 20x
20%20 lattice. In these simulations, we use a step size of At = 60 min for cell fate decisions and a step
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Figure 5. Global method agrees with the local method in growth dynamics and spatial distributions without
alL-6R

20 simulations of each method over 50 days, each starting with (100, 10, 20) of (stem, progenitor, TD) cells. Shaded areas
represent £ one SD of inter-simulation variability.

(A) Population dynamics by type.

(B) Wall times for each simulation, separated by the method used. Left panel: total wall time per simulation. Note the log
scale on the x-axis. Middle panel: cumulative wall time spent on molecular dynamics. Right panel: wall time on a single
update step plotted against the number of agents in that update step.

(C) Average normalized distance to the blood vessel for each cell type throughout the simulation.

(D) Average free IL-6 concentration throughout the simulation. Left panel: the average concentration in each z = k plane
throughout the simulation. Middle panel: the estimated concentration in the global method. Right panel: percent dif-
ference in IL-6 concentration between the two methods computed as ((Global/Local)-1) x 100%.

size of = 0.1 min in solving the local method. We selected Atbased on the timescale for the fastest-occur-
ring agent event, that is, movement. The local method time step was chosen based on the diffusion and
reaction rates in the microenvironment. The concentrations for the two substrates are chosen empirically
so that there are both discernible effects on cell fate decisions and so that there would be spatial hetero-
geneity. See STAR Methods for additional model details and see Table S4 for parameter values used. We
remark here that the two methods produced similar growth dynamics for each agent phenotype
(Figures 5A and 6A), though there is considerably more inter-simulation noise owing to fewer agents
and the variability in the effects of spatial location. We also remark here that the global method takes
much less time than the local method (Figures 5B and 6B) in both cohorts. The difference is around an order
of magnitude and, importantly, it is clear that as the number of agents grows, the wall time spent on ODEs
increases faster. This means that larger simulations will see larger differences between the wall times of the
two methods.

The global method preserves substrate concentration throughout the tumor microenvironment

We first look at the substrate concentrations in the microenvironment under the two methods. As the IL-6
concentration is held constant at the blood vessel throughout the simulation, the system quickly reaches an
equilibrium state with high IL-6 concentration near the blood vessel which decays to near 0 by the far
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Figure 6. Global method agrees with the local method in growth dynamics and spatial distributions with alL-6R
See Figure 5. Panel (D) shows alL-6R rather than IL-6.

boundary (Figure 5D). The global method overestimates the average free IL-6 in a single region by no more
than 10% over the average concentration in that same region in the local method (Figure 5D, right panel).
The largest relative difference occurs in the regions nearest the blood vessel, but not actually held at a fixed
concentration. For alL-6R, the system reaches a uniform quasi-equilibrium quickly, and this uniformity is
maintained even as the concentration in systemic circulation decreases (Figure 6D). The global method un-
derestimates the free alL-6R concentration by about 0.05% in each region compared to the average con-
centration in the same region in the local method (Figure 6D, right panel). We also establish the agreement
between the methods on the timescale of 12 h as the substrates converge on a quasi-equilibrium in the
microenvironment, showing substrate concentrations at 1 min intervals (Figure S15).

The global method preserves agent spatial arrangement in the tumor microenvironment

We next look at the spatial arrangement of all agents by phenotype, specifically looking at the distance by
type from the blood vessel. Snapshots at the end of one simulation with each method are shown for the
cohort without (Figure 7A) and with (Figure 7D) alL-6R. In the first cohort without alL-6R, stem cells move
closer to the blood vessel relative to their progenitor and TD counterparts, particularly around Day 20 in
the simulation (Figure 5C). This behavior is preserved between the two methods (Figure 7B). With the intro-
duction of alL-6R, this difference between cell types disappears, and this, too, is preserved between the
two methods (Figures 6C and 7E). We also look at the codensity (see STAR Methods) of each cell type,
and find the two methods differ little on this local aspect of agent spatial arrangements (Figures 7C, 7F,
S16, and S17).

DISCUSSION

Our global method makes it possible to perform vastly more agent-based modeling simulations on more
realistic tumor sizes, specifically, and on larger numbers of cells in living tissues more generally. This new
approach will speed up every step of the process for building, parameterizing, validating, and predicting
with ABMs. The magnitude of this speedup will allow for a deeper exploration of ABMs and allow for more
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Figure 7. Global and local methods produce similar spatial arrangements of agents

(A-F) Comparisons are made between the methods without (A-C) and with (D-F) alL-6R. Shaded areas represent + one
SD of inter-simulation variability.

(A) Snapshots of one simulation at Day 50 in both methods using the color and shape scheme of Figure 2.

(B) Percent differences of distance to blood vessels (BV) by type computed as ((Global/Local)-1) x 100%.

(C) Same as (B) but comparing codensity.

(D-F) Same as (A-C) but with alL-6R.

robust predictions. Most agent-based mathematical/computational approaches for modeling molecular-
level details in these large cellular systems can feasibly simulate no more than 10° cells on a quad-core
desktop workstation (Ghaffarizadeh et al., 2018). However, coordinated cellular assemblies in living tissues
consist of billions of cells. Obtaining an integrated understanding of dynamic molecular and cellular pro-
cesses for realistic numbers of cells requires the development of new theoretical and computational
frameworks that can operate efficiently at these large scales. This is true across a broad range of fields
within systems biology as just one milliliter in the human body contains the order of 107 cells.

To reduce the computational time and expense associated with currently used methods, in this work we intro-
duce and validate afaster approach for simulating multiscale ABMs of large interacting molecular and cellular
systems. Such models have been used to study diseases (Bauer et al., 2009; Cilfone et al., 2013; Deisboeck
et al,, 2011), treatments (Hunt et al., 2013), and angiogenesis (Qutub et al., 2009). Our first test case is an
ABM where molecular drivers influence cell proliferation and survival with a drug that targets these drivers.
Our second test case looks at an ABM where there is additional geometric information that is incorporated
in the implementation. Commonly used simulation strategies explicitly model all of the resulting signaling
events individually, but at a computational cost that grows linearly with the number of cells.

Our first aim was to show that the global method accurately approximates the net effect of cell signaling by
averaging over groups of cells. By comparing cell signaling, expected growth rate, molecular distributions,
and proximity to blood vessels, we showed this to be the case. This work fits into the paradigm of tuneable
resolution in which certain aspects of a detailed model are coarse-grained out in order to save computa-
tional resources (Cilfone et al., 2015). Tuneable resolution has been applied to replace computationally
expensive differential equations with non-differential equations modules to speed up simulations while
not sacrificing accuracy (Marino et al., 2011; Gong et al., 2014).

The natural critique of the global method is the lack of an intracellular signaling model for each cell that
could more fully capture tissue heterogeneity. According to our results, the external signals that affect
these intracellular signaling networks can be successfully approximated by locally constant (in space, not
time) functions once one has some preliminary understanding of the dynamics of the system. As pheno-
typic variation within tissue often occurs on a discrete scale, for example, epithelial or mesenchymal (Don-
gre and Weinberg, 2019), stem or non-stem cells (Jilkine, 2019), activated or not (Bayani et al., 2020), the
global method solves a single system of ODEs for each of these distinct phenotypes, as we did with the
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IL-6 model. Even when a model includes phenotypic heterogeneity along a continuous spectrum, for
example, protein expression (Sha et al., 2020), thresholds are often introduced to create discrete pheno-
types. When the cellular variability is owing to spatial location as in the IL-6 model, the global method
can divide the microenvironment into geometrically-derived regions.

Another critique is that the global method could be further simplified by a quasi-steady state assumption that
would be sufficient to determine the average cell signaling and the resulting effect on cell fate decisions. If the
assumption is valid for a given system, then our method will still converge on the quasi-equilibrium without
much additional computation cost, certainly not relative to the rest of the cost for simulating the ABM (see
Figure 3G). It is also not obvious that all intracellular signaling networks will have an easily computable
quasi-equilibrium. In such cases, numerical methods would be necessary to determine equilibria, stability,
and basins of attraction, which raises the computational cost of a quasi-equilibrium assumption.

In a similar vein, our chosen models may appear so simple as to be approximated by a system of ODEs,
which is by far less computationally expensive even than the global method. Two points are warranted
here. First, the conversion of an ABM into a system of ODEs is an active field of research (Nardini et al.,
2021). Second, and more importantly, ABMs are modular while ODEs are not. Additional modules can
be added to these models, requiring no additional consideration of the global method so long as there
are no direct interactions with the molecular layer. For example, the addition of immune cells in the
FGFR3 model does not require any changes to the global method implementation as immune cells are
not known to express FGFR3.

Our second aim was to reduce the computational cost of simulating ABMs, which we did by reducing
the wall time by as much as a factor of 100. That is, simulating a tumor of the size used in mouse models
(106 cells) for twenty simulated days using the local method on a quad-core desktop workstation would
take around four weeks; using the global method, it would take less than half a day. This moves us toward
the goal of simulating at the giga-scale (107 cells) (Montagud et al., 2021). The main cause for the speedup
is reducing the number of reaction ODEs that need to be solved at each step from the number of tumor
cells down to either one (in the FGFR3 implementation) or a constant number (in the IL-6 implementation).
This step in the local method is embarrassingly parallel, meaning that using additional computing re-
sources such as a high-performance computing (HPC) cluster could narrow the gap between these
methods. However, the stochastic nature of ABMs necessitates running hundreds, if not thousands, of sim-
ulations to understand the distribution of possible behaviors across many parameter values. Thus, while
this time difference could be narrowed to a single simulation, it nonetheless shows that the global method
allows for greater exploration of the model.

Having established that the global method works and works faster with our particular model systems in
mind, we looked at how the method would perform in other contexts. First, in the FGFR3 model, we showed
that the variability in the strength of the signaling pathway in the local method was small relative to its
mean, demonstrating that the spatial location of the tumor cells has little effect on the drug-inhibited intra-
cellular signaling. Even under different vasculature assumptions, this remained the case. Then, we showed
that all these results were robust under varying model parameters that will vary with different drugs and
different targets. Finally, we considered the specific case of an antibody that targeted FGFR3 in the
same way as the SMI. Although there is less agreement between the two methods, the pattern of the ex-
pected growth rate shows that the global method is viable for understanding this system.

Indeed, the utility of the global method is not in comparing it with the local method. Rather, we want to be
comparing the efficacy of various dosing strategies or evaluating the effects of biological parameters on
tissue fate. Although our goal here was to have it agree with the local method, that was only to produce
confidence that we can study biological systems using our new and faster method. Hence, even in cases
where the local and global methods have relatively more variability, for example, the case of an avascular
tumor treated with a monoclonal antibody, we can still use the global method to predict the effects of
different parameter values and dosing schedules. This is because the global method shows qualitatively
similar effects of various molecules on a tissue.

We thus expect this method to open new opportunities across basic biology and translational systems
biology for deeper understanding of ABMs with more cells. Many techniques already exist in the field
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for simplifying ABM simulation and analysis. Mean-field models reduce an ABM down to a system of differ-
ential equations allowing for faster simulations if not explicit mathematical analysis (Baker and Simpson,
2010; Chaplain et al., 2020). Compartment-based models (CBMs) keep the agent-based nature of ABMs
while achieving speedups and/or increased numbers of cells per simulation by coarsening the lattice to
house more cells in a single spatial location (Fadai et al., 2019). Other approaches have begun to use ma-
chine learning to build a neural network to handle intracellular signaling pathways (Cess and Finley, 2020).
Our method adds to this in an important way by decreasing the computational cost of including cell
signaling and targeted therapeutics.

While we applied the global method to a lattice-based ABM, we see no reason it cannot be extended to
other types of ABMs that involve molecular-level dynamics that affect cell fate decisions. For example, an
off-lattice model, such as PhysiCell (Ghaffarizadeh et al., 2018), could discretize the microenvironment into
a lattice of voxels in which each lattice point could contain multiple agents. Then, in solving the differential
equations governing the molecular layer, either implementation of the global method here could be used
to speed up these computations. For vertex-based models or Cellular Potts Models, the need for high
spatial resolution at the boundary of cells perhaps precludes the utility of the global method. However,
if the purpose of such resolution is tied, for example, to cell-cell interactions and not molecular dynamics,
one can connect the molecular level dynamics in a given voxel to the average across some subset of the
microenvironment. We have not made attempts to test the global method in such models, but make these
remarks here as suggestions for those interested in making such extensions of the method.

In the context of lattice-based models as we have looked at here, the global method does have room for
improvements and future innovations. As one example, the assumption that IL-6 production by endothelial
cells is constant over time can be adapted to situations where this source term varies over time (similar to
anti-FGFR3 in that model) or even space (if drug concentration decreases along the length of a capillary). As
another, stochastic signaling in the global method could be used to mimic the variability of cell signaling
within the microenvironment. These perturbations can be derived from experiments that quantify the vari-
ability of cell signaling in a tissue both spatially and temporally. For example, if data showed that IL-6R
signaling was dependent on distance from blood vessels but with quantifiable variability within regions
defined by their distance from blood vessels, then the output of the global method can be perturbed to
match these observations. When the effect of cell signaling is a discrete phenotypic change, the output
of the global method could be used to define a probability of switching in much the same way as the ma-
chine learning approaches (Cess and Finley, 2020).

There are many other phenomena that have large effects on ABMs that could require special care to
include in the global method framework. For example, insufficient access to oxygen and basic nutrients
can cause dramatic changes at the cellular and tissue levels. In cancer, interstitial fluid pressure, enhanced
permeability and retention, tortuous vasculature, and inhomogeneity of the extracellular matrix can all
have effects on drug distribution and diffusion in ways that add heterogeneity to the microenvironment
(Jain and Stylianopoulos, 2010; Shipley and Chapman, 2010; Thurber et al., 2008). Also, cellular interactions
with the ECM or proximity to draining lymph nodes can also affect the system in a way that may require
consideration before implementing the global method. We hope that the groundwork we have laid will
provide some assurances that it would be worth the effort.

Indeed, we ourselves will be using this method to explore how best to administer a combination targeted
and immunotherapy to bladder cancer with this FGFR3 mutation. In addition to using the global method for
FGFR3 SMls, we will also be using it to model the immunotherapy acting within the TME. This requires
modifying the global method to include intercellular signaling. In using the global method, we significantly
increase our capacity to analyze the model, test different treatment protocols, and inform clinical decisions.

Limitations of the study

The present study only applied the global method to two examples of ABMs, yet there are many different
features of ABMs and the systems they aim to model that are not here considered. This includes biological
features—such as intercellular signaling and the extracellular matrix-as well as platform features—such as off-
lattice models or Cellular Potts models. It remains to be seen to what degree the success we have had here
with these models can be carried over into ABMs that do have these features.
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METHOD DETAILS

We compare two methods-the local method and the global method-for updating cell signaling in a
lattice-based, 3D ABM (Figure 1A). This involves solving differential equations with state variables cor-
responding to receptors, inhibitors, and their complexes over a time step of At. A standard method
couples an ODE for distribution, a partial differential equation (PDE) for diffusion, and a system of
ODEs per tumor cell for reaction rates (Ghaffarizadeh et al., 2016). We contrast this with a new method
that combines all these into a single system of ODEs. To achieve this, we average the local state var-
iable concentrations in a given region and solve an ODE with these to be applied globally to all cells in
this region. For this reason, we call these two methods the local and the global method, respectively.
Their differences are outlined in Table S1.

We first study the relationship between these two methods using an ABM of bladder cancer in which the
tumor cells have acquired a mutation in the FGFR3 gene resulting in ligand-independent dimerization
and thus have constitutive signaling along this pathway (Casadei et al., 2019) (Figure 2A). The tumor cells
exist on a 3D lattice proliferating and undergoing apoptosis with rates of both events mediated by this
FGFR3 signaling. The strength of this signal is the single means by which the two methods affect tumor
growth. Additionally, we model the treatment of these in silico tumors with an SMI of FGFR3. Details of
the FGFR3 ABM are included below.

To test our method in a new setting with richer spatial dynamics, we study the relationship between these
two methods in an on-lattice, 3D ABM of IL-6-mediated tumor growth. The tumor in this ABM includes a
cell-lineage model in which cancer cells can undergo successive rounds of differentiation starting from a
stem-like state to a non-proliferative terminally differentiated (TD) state (Nazari et al., 2018). The tumor cells
in this model also exist on a 3D lattice where they proliferate, undergo apoptosis, and also can engage in
random movement. The rates of apoptosis for all cell types as well the self-renewal rate of cancer stem cells
(Figure 2C) are affected by IL-6R signaling. We also model the treatment of a monoclonal antibody against
IL-6R, alL-6R, to observe the effects on the validity of the global method when larger therapeutic agents are
simulated. Details of the IL-6 ABM are included below.
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Here, we proceed by describing the differential equations that govern these two methods, outlining
the ABM dynamics for each model, and introducing a new metric we use to compare them.

The local method

The local method splits the dynamics in the FGFR3 model into three differential equations—the diffusion
dynamics (Equation 1), the distribution dynamics (Equation 2), and the reaction dynamics (Equation 5)-solv-
ing each in turn for a short duration 7 < At. The same split happens for the IL-6 model with those equations
found in their corresponding place below (Equations 1, 3, and 7). These calculations are repeated until
the molecular components of the system have been advanced by At. This is similar to what others have
done (Ghaffarizadeh et al., 2016). For simplicity, we will identify the start and end of each of these updates
byt=0andt = 7, respectively. We then use the final concentration of the complex of interest to compute
the fractional occupancy on each tumor cell x, which we call ¢ (x) in both models for simplicity. See below
for the effects of this quantity on cell fate decisions in the FGFR3 model and see below for the effects on the
IL-6 model.

Local method: Diffusion

The diffusion equation describes the evolution of a substrate concentration in the microenvironment,
C(t,x) or simply C. Only diffusion, D, and degradation, A,, are included in this equation. This PDE is
solved over the microenvironment, denoted Q, which is a rectangular prism containing the tumor
and some surrounding tissue in our models. By default, we use a Neumann boundary condition, reflect-
ing a far-field approximation that assumes the concentration of the substrate is approximately uniform
far from the microenvironment of interest. We solve Equation 1 by using the locally one-dimensional
method (LOD), splitting the Laplacian into three parts, one for each spatial direction. If a Dirichlet con-
dition is required, which we do for IL-6 in the IL-6 model, then after each iteration in the LOD algorithm,
we impose the Dirichlet condition at those lattice points.

aoC

= 0 on 9Q (Equation 1)

— = DV?C — 1,C, 5

ot

where n is the outward facing normal vector to 9Q.

Local method: Pharmacokinetics

Some substrates follow a PK model that connects concentrations of the substrate across multiple compart-
ments of an organism. In cases where the substrate follows such a model, drugs being a typical example, we
make this connection in the local method by adding source terms at the lattice sites that are adjacent to
blood vessels. In the FGFR3 model, the distribution terms (Equation 2) follow a simplified two-compart-
ment model that accounts for systemic elimination, influx into the TME, and degradation within the
TME. The concentration of drug in the systemic circulation is represented by Cq(t) or simply Cyys. The
additional drug concentration flowing into the TME is represented by Cyew. At the end of this step, we
add the new drug concentration to the updated old drug concentration, assuming that the drug entered
the TME at all points equally. That is, we update the value of C(7, x) to now be C(7,X) + Crew (7). We use 41 to
represent the rate of systemic elimination of the drug and ki to represent the rate of influx of the drug into
the TME. We assume that the drug in circulation undergoes a monophasic elimination as is consistent with
experiments using FGFR3 inhibitors (Grinewald et al., 2019). This means that the effects of distribution and
redistribution on the systemic concentration can be reasonably approximated by a single elimination term
for Cyys.

o (Equation 2)
dl;ew = k12Csys - AZCnewa Cnew(o) = 0

We also consider the case where the tumor is not so well-vascularized that the drug enters at all points
in the TME. This is important to consider given that it is well-known that tumor vasculature is often
aberrant and highly variable even within a single tumor (Forster et al., 2017). It is also possible that a
nascent tumor, such as a micrometastasis, is poorly vascularized or lacks vasculature all together
(Bailey-Downs et al., 2014). We thus consider two additional assumptions about how blood vessels
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may be present in the TME. First, we consider the case of a several blood vessels running in a parallel
lines through the tumor. We space these out on a lattice so that neighboring blood vessels are 400 pm
apart to match the observation that all cells are within 200 pm of a blood vessel. Second, we consider
the case that no blood vessels are in the tumor and instead drug enters the TME exclusively through
points outside the tumor. These cases can be understood as a “normally” vascularized tumor and an
avascular tumor. Our original assumption of drug entering the entire TME can then be understood
as a "maximally vascularized” tumor and we can arrange these on a spectrum from most to least vas-
cularized in this order: maximally vascularized, vascularized, avascular. In each of these new assump-
tions, we scale the dosing so that all simulated tumors receive approximately the same total amount
of drug. In these cases, we simply only update the substrate concentrations at lattice sites next to
the blood vessels to C(7,x) + Crew(7).

In modeling the antibody in the IL-6 system, we use a three-compartment model that accounts for inter-
compartmental clearance and redistribution in addition to the above-mentioned terms in the FGFR3
model. The reason for the extra compartment is because it gives rise to a biphasic elimination profile.
In implementing this model, the PK dynamics were solved before the diffusion dynamics and so no
consideration is needed for degradation of the newly-influxed substrate. This is evidence of the flexi-
bility of the splitting and ordering of these equations that others have done (Ghaffarizadeh et al,,
2016). Altogether, the PK model for alL-6R is given by Equation 3. Here, Ay, is the concentration at peri-
vascular lattice sites in the TME, Ay is the concentration of alL-6R in systemic circulation, and A, is the
concentration in the peripheral compartment. Note that in this model, the substrate is entering only at
certain lattice sites (perivascular sites) and not the entire TME as we initially assume in the FGFR3
model. Also, A, has no direct connection with the concentration in the TME.

dj:v = e (Asys — Abv)

dj;ys = — MAgys +kiz(Ap — Agys) (Equation 3)
dA

Ttp = ko (AsyS - Ap)

Local method: Reactions

Finally, we solve the reaction equation for each tumor cell, sampling from C to determine the inhibitor
concentration accessible to each cell. In the FGFR3 model, the system of ODEs in Equation 5 has six
dependent variables: R is for FGFR3 monomers, Dy is for active FGFR3 dimers, C is for FGFR3 inhibitor,
RC is for the monomer-inhibitor complex, Dg is for the active dimer-inhibitor complex, and D€ is for the
monomer-inhibitor dimer. All variables are defined as local concentrations at each tumor cell. We note
that we could be explicit and write C(t,x;) for the inhibitor concentration near tumor cell i, which is
located at x;, but we instead use C here as the context makes the meaning clear. The reactions and
their rates are in Equation 4. All the terms in Equation 5 arise from reaction rates following the law
of mass action with appropriate stoichiometric coefficients.

kr . . .
2R = Da (monomer dimerization)
ke

Da—52R (internalization and recycling)

K,
R+C— RS (inhibitor binding monomer)
KR .
© (Equation 4)
Da+C = DS  (inhibitor binding dimer)
koff

ke
2R¢ ? D¢ (monomer — inhibitor dimerization)
f

DE52RC  (internalization and recycling)
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% = — 2kR?+ 2k, Da+2k,Da — k2 RC +kE:RC
% = kiR? — k:Da — koDa — kD DAC+k5:DS
I = KERC KRS — kDA +KEDS
dRC , (Equation 5)
5 = kB RC — kB:R — 2k¢(R)" + 2k, D + 2k, D¢
C
S K2DAC — kDS
C
dd% = k(RS)” — k,DE — k,DC

In the IL-6 model, the system of ODEs in Equation 7 has five dependent variables: Ris for IL-6R, C is for
free IL-6, RC is for IL-6-1L-6R complexes, A is for alL-6R, and R” is for the IL-6-alL-6R complexes. Again,
all variables are defined as local concentrations at each tumor cell. We also note here that we could be
explicit and write C(t, x;) and A(t, x;) for the IL-6 and alL-6R concentrations, respectively, near tumor cell
i, which is located at x;, but we instead use C and A here as the context makes the meaning clear. The
reactions and their rates are in Equation 4. All the terms in Equation 7 arise from reaction rates
following the law of mass action with appropriate stoichiometric coefficients.

K,
R+C :\—‘ R¢ (IL—=6 —IL— 6R reaction)
f

kA (Equation 6)
R+A= RA (IL— 6R — alL — 6R reaction)
k

f

% = — kiRC+kRC — kFRA+KARA
(il—fz — keRC + k.R€
c
ddit = ksRC — k,R® (Equation 7)
M KRALKR
A
R~ kera — KR

The global method

The global method solves the differential equations described above for the local method, but does so by
combining them into a single system of ODEs and solving them all at once. To do this, we first divide the
TME into two or more regions over which molecular state variables will be averaged to solve the equations.
This system of equations is solved using a MATLAB solver, ode15s. The reaction equations can exhibit
some stiffness, and that is why we use this particular solver. The output of this process is applied to each
tumor cell. In the IL-6 model, the region and type of the tumor cell are considered in applying this output.
Consequently, two cells of the same type and in the same region experience identical effects of the sub-
strate on their cell fate decisions.

The global method with dynamic regions: FGFR3 model

In the FGFR3 model, the global method will assign a single vector of receptor, inhibitor, and complex
concentrations to each tumor cell as well as an average concentration at all lattice points not occupied
by a tumor cell. To do this, we define two disjoint regions of the TME: the tumor-occupied volume
(TOV) and the ambient space (AMB). We assume that the drug concentrations in each of these regions
can be approximated by their average concentrations. These regions are dynamic in that they change
over the course of a single simulation as tumor cells proliferate and die.

In connecting the concentrations of these two regions for diffusion calculations, we need to define their
volumes. For simplicity, we use cells as our unit of volume with each lattice location representing one
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unit. The volume of the TOV is then simply the number of tumor cells, Nr. The volume of the
ambient space is the volume of the TME minus the volume of the TOV. We denote the volumes of these
two disjoint subsets of the TME as Vroy and Vaws, respectively, and similarly define Viye = Vrov +
Vams-

The global method with geometrically-derived regions: IL-6 model

In a context where there is a clear geometry to the distribution of a substrate in the TME, the global method
can be modified to better reflect that reality. For example, in the IL-6-mediated cancer growth model,
endothelial cells are known to produce large amounts of IL-6, in addition to being the entry point of anti-
bodies into the TME. It follows that the distance to the blood vessel of a given cell informs how much sub-
strate the cell can react with. Thus, in the IL-6 model we divide the TME into static regions by the distance of
the lattice site to the nearest blood vessel. In this work, we shall place the blood vessel on the "bottom”
boundary (z = zmin) and define the regions as one cell thick planes each defined by their distance from
the blood vessel. It is possible to view each such plane as a TME with occupied and non-occupied volumes
as above, giving it dynamic subregions, but we shall here assume that each region is well-mixed, in other
words that it has a uniform density of each substrate throughout.

Global method: Diffusion

We now describe how the global method handles diffusion. We start with the diffusion term of the PDE
in Equation 1, discretize it using finite differences, and assume the average concentrations in each of
the neighboring locations to compute the rate of change in the central location. Defining some terms,
let u be the concentration of inhibitor in the TME and let u}k, be the discretization of u at time step i and
at location (x;, yk, z/) on the lattice with a uniform step size of h. Let v and w be the average concentra-
tions in the TOV and ambient space, respectively. Let p be the proportion of the TME that the TOV
occupies and let g =1 — p be the proportion the ambient space occupies. Using the notation from
above, we can also write p = Vroy/Vive and g = Vams/Vrme. Then, a standard finite difference scheme
for the Laplacian gives

U = Vu
ul — 2ul, + Ul ul —2u,+u .
~ =K (i L ikl T Yk 11 (Equation 8)
h2 h2
+U}k171 — 2Uj+ Uy g
h2

A first approach, and one we make in the FGFR3 model, is to assume that the neighboring locations in
the lattice being in the TOV or ambient space is independent of which one the central point is. That is,
the expected concentration of, for example, u]’;w = pv+qw. Thus, if there is a tumor cell at (x;,yk, z),
then

UW - Ul:k/ 3
# = F(Z(pv +qw) — 2v)
6 (Equation 9)
=2 ((p = 1)v +qw) §
6
= Jw-v)
Similarly, if there is no tumor cell at (x;, y«, ), then
Uit — oyl
% = i—f;(v - w) (Equation 10)

The expressions in Equations 9 and 10 are then added to dCroy/dt and dCawmg/dt.

A second approach, and one we take in the IL-6 model, is to calculate the proportion of neighbors that
belong to a given region and use this in place of p and g above. In the IL-6 model, the regions are square
regions that are one cell thick, and so 1/6 neighbors are in each of the regions above and below a given
region and the remaining 2/3 are in the same region. At a lattice site on the boundary of the lattice where
a Neumann condition is imposed, we assume that its neighbors are in its region. We remark here that this
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computation of neighbors could be done in the dynamic regions of the FGFR3 model by computing the
proportion of neighboring lattice sites to tumor cells that are occupied or not. If we let C; represent the
concentration in region i and p;; be the proportion of region ineighbors in region j, then the effect of diffu-
sion on region i is given by

dC,' 6[1), .

= = Z hzj (G -0C) (Equation 11)
j

Both of these approaches can be understood as weighted averages of the concentration differences be-

tween both/all the regions, multiplied by the factor 2d/h?, where d here is the number of spatial dimensions

in the simulation.

Global method: Pharmacokinetics

In the FGFR3 model, we initially assume that the drug enters the TME at all points equally. Thus, the
pharmacokinetics are captured by adding a ki2Cys term to the rates of change for both Croy and
Cawmg. Since the reactions are all solved at once, we do not need to create a new variable Cye,, to track
newly-extravasated drug in the TME. The PK reactions in the FGFR3 model are then given in
Equation 12.

dCrov
- kG
dt SyS
dfthB — k2Cae (Equation 12)
dCs s
Tty = - A1 Csys

When we consider the other vascularization possibilities described above in the FGFR3 model, we multiply
the rates for dCroy/dt and dCamg/dt in Equation 12 by the proportion of their respective regions that
contain blood vessels.

In the IL-6 model, we assume that only one region, Region 1, is perivascular, we only add a PK term for this
region in the alL-6R dynamics (Equation 13). Note, IL-6 does not have a PK component; it enters the TME via
a Dirichlet condition imposed on perivascular sites.

dA

= e (Ass = AY)

% = k(A — A (Equation 13)
dA

TtP = k21 (Asys - Ap)

Global method: Reactions

In the FGFR3 model, the reaction equations are solved by using the average across all the molecular state
variables and in the TOV. That is, the average concentrations are used as the state variables in solving
Equation 5.

For the IL-6 model, the different cell types react differently with the substrates due to assumptions
about how many IL-6R each has (see Ry in Table S4). So, we set Ry to represent the average concen-
tration of IL-6R on cell type k in region i (where k = 1,2, 3 stands for the three cell types in the cell line-
age model), and similarly for other cell bound complexes. Additionally, since the molecular reactions
only occur in a subset of each region, we must weight the contributions to the average concentration
within the region accordingly. Letting gj represent the proportion of region i that has a cell of type k,
these give weights for each region for the effects of the reaction on the average concentration. Then,
the full set of reaction equations is given by
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—dik = — kfRikCi + I(,'R,E - kaRikAik + k;ARlﬁ
dc; : °
i ke Z qiRikCi + k: Z CIikai
k=1 k=1

c
% = kR C; — k.RS (Equation 14)
dA, 2 °
i ke Z qiRiA; + k, z qiR%

t Py k=1
dR?
Ttk = kfRy A — kAR,

FGFR3 agent-based model

Agents in the FGFR3 model exist on a 3D lattice. The agents are initialized randomly with lattice sites cho-
sen randomly with weights that decay based on their distance from the origin. Once the agent locations are
decided, a box is created around all the tumor cells and that defines the lattice for the simulation. The
agents always occupy a single lattice site. The volume of agents is assumed to be constant and held at
the volume of one lattice site, w. All parameter values for this model are in Table S2. The parameters values
that change when considering an anti-FGFR3 antibody in place of an SMI are in Table S3.

FGFR3 model: Population updates

Common to both methods is how the populations update. The simulation is discretized into uniform time
steps of At < 12 h. During each step, every tumor cell has a probability, pactive (X), to make a cell fate deci-
sion either to proliferate or to undergo apoptosis, which we consider mutually exclusive events during one
time step. Otherwise, the tumor cell rests. These probabilities are computed using the formula:

pi(x) = ri(x)At, i= proliferation, apoptosis (Equation 15)

where i indexes the events, xe T represents individual tumor cells, and r; is the cell-specific rate of each
process defined below. This is a first-order approximation of the exponential distribution which is
appropriate here because our time step is small. For larger time steps, we would need to instead
use pi(x) = 1 — exp(— rAt). At each step, we check that that the sum of all these probabilities
does not exceed 1, i.e.

Pacive(X) = Y pi(x) <1, VxeT (Equation 16)

If this sum does exceed one, we can simply decrease the time step, At, to address this. To choose the fate of
each cell, we take a random draw s(x) ~ U(0, 1) for each xe 7 and compare this to the vector of cumulative
sums of these probabilities, S(x), choosing the smallest index j satisfying s(x) < S(x); as the choice for x.
Once all cells have a fate chosen, we shuffle the order in which to carry out these updates to avoid uninten-
tionally biasing the system in some way due to the biologically meaningless ordering of cells in the tumor.

FGFR3 model: Fractional occupancy

Every tumor cell has FGFR3 receptors. These receptors dimerize as governed by the reaction equations
found in Equation 5 with ramifications for cell fate decisions as covered in subsequent sections. Otherwise,
these receptors will only interact with inhibitor molecules. We define the active FGFR3 dimer fractional oc-
cupancy by

¢p(x) = D;(TX) (Equation 17)

where Da(x) represents the concentration of active dimers on tumor cell x and Ry is a constant representing
the concentration of all FGFR3 receptors, regardless of their state, on each tumor cell. Due to there being,
by definition, at most half as many dimers as monomers, we know that at throughout the simulation

_ DA (X)
= Rr

< (Equation 18)

N —

ép(x)
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FGFR3 model: Proliferation

The tumor cells proliferate at a base rate of oy that is increased by FGFR3 signaling. This increase is depen-
dent upon ¢p(x) and the constant a, by

Toroliferation (X) = +a2¢D(X) (Equation 19)

When a cell is assigned the fate of proliferation, if there are < Ol open lattice spots in the Moore neigh-
borhood around a tumor cell, we prohibit proliferation to reflect density-dependent proliferation. If there
are sufficient open spots, then these are weighted by the reciprocal of their distance in the 2 norm (the
taxicab metric) from the tumor cell and one is selected randomly based on these weightings for the new
cell to be placed in. Reflecting boundary conditions are also imposed so cells on the boundary view neigh-

boring sites that are off the lattice as occupied.

There are two important ways we change this base rate based on whether a cell has recently proliferated.
The first is that a cell must wait a minimum of Lgp hours between proliferations. Thus, if it has not been Lgp
hours since the last proliferation for x, then ryrojiferation (X) = 0. When the cell does proliferate, it is assumed
that it happens at a random time, chosen uniformly over the update interval. Second, if this period expires
during the update step, then the remaining time is used in place of At for cell x. That is, if the cell must still
wait w <At hours at the start of the update, then At in Equation 15 is replaced by At — w for the prolifer-
ation probability of cell x. Together, these make the proliferations more realistic-not allowing the same cell
to proliferate multiple times in a short time interval-and creating greater consistency between different
choices of At.

We must then determine what receptor concentrations to assign to the two new daughter cells. When
At is small, we cannot assume that the reactions are at equilibrium and so their initial conditions will
matter. We assume that all complexes on the original cell are split evenly between the two cells, i.e.
each has half the original concentration. Then, enough FGFR3 monomer is assigned so the total con-
centration of FGFR3 in all forms is Ry. The two methods differ slightly in handling the free inhibitor at
this step because of the dynamic regions in this implementation of the global method. The local
method explicitly tracks this concentration throughout the entire TME and this value is used for each
daughter cell. The global method updates the average TOV free inhibitor concentration by taking a
weighted average of this value with the concentration in the AMB. The weight for TOV concentration
is the previous number of tumor cells (representing the previous volume of the TOV) and the weight for
the AMB is one (representing the volume of the newly added cell). The average concentration in the
AMB is unaffected by this process.

FGFR3 model: Apoptosis

The tumor cells undergo apoptosis at a base rate 6 that is decreased by FGFR3 signaling. This decrease is
also dependent on ¢p(x) and the constant 7:

| ~ 0
lapoptosis (X) - W

After all the cell fates are resolved, the apoptotic cells are removed from the lattice, freeing up their loca-

(Equation 20)

tions for new tumor cells to proliferate into on subsequent steps.

Additionally, in the global method we update the concentration of free inhibitor in the AMB after each
apoptosis, corresponding to a new location no longer occupied by a tumor cell. To do this, similarly to
the proliferation step, we update this concentration by taking the weighted average of this value with
the average concentration in the TOV. The weight assigned to the AMB concentration is the volume
of the AMB (computed as the difference between the total number of lattice points and the previous
size of the tumor). The weight assigned to the TOV is the number of apoptotic cells removed, correspond-
ing to the volume of the newly unoccupied locations.

IL-6 agent-based model

In the IL-6 model, tumor cells also exist on a 3D with reflecting boundary conditions and a maximum of one
cell per lattice site. The agents are initialized uniformly distributed on a 20x20%20 lattice.
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IL-6 model: Cell lineage

Cancer cells are one of three distinct phenotypes: cancer stem cells, progenitor cells, and terminally differ-
entiated cells (TDs). As shown in Figure 2C, cancer stem cells can undergo both symmetric and asymmetric
division. The former increments the stem cell compartment by one while the latter increases the progenitor
cell compartment by one. Progenitor cells undergo w rounds of transient amplification where their division
results in an additional progenitor cell. After these w proliferations, their next division produces two TD
cells, which are non-proliferative.

IL-6 model: Population updates

The cells in the IL-6 model follow the same algorithm as those in the FGFR3 model for choosing their cell
fate decisions in each update step, using the exact value of the exponential distribution rather than the
approximation in Equation 15. In addition to proliferation and apoptosis, cells in this model can also un-
dergo random movement in a Moore neighborhood. As with proliferation, reflecting boundary conditions
are imposed to prevent cells from leaving the lattice.

IL-6 model: Fractional occupancy

Analogous to ¢p above in the FGFR3 model, the fractional occupancy of IL-6R on tumor cells is used to
mediate rates, and thus probabilities, of certain cell fate decisions. Here, ¢ is the proportion of IL-6R
on a given tumor cell that is bound to IL-6, i.e. it is given by

_ R(x) .
¢p(x) = Rr(x) (Equation 21)

where Rr(x) is the total IL-6R on cell x, which varies by cell type according to Table S4.

IL-6 model: Proliferation

The resultant cell types of proliferation are described above under cell lineages. The only aspect of this
affected by ¢p is the probability that a stem cell undergoes symmetric division instead of asymmetric divi-
sion. Higher ¢ values result in higher probabilities of symmetric division. In addition, there is a negative
feedback from the stem cell population on this self-renewal rate. This probability, Ps is given in Equation 22
where S is the number of stem cells in the model.

Pmax - Pm'\n ¢ Px
Pu(S. p) = (Lo = P )
Ns

Ps..(#p) = us (Psmax _ P;mm>¢D+ p-

See (Nazari et al., 2018) for a full explanation of these expressions.

=+ PSm‘m (d’D)
(Equation 22)

min

IL-6 model: Apoptosis
As in the FGFR3 model, apoptosis rates decrease for all cell types as ¢ increases. The rate of apoptosis in

this context is modeled by the exact same Hill-type function in Equation 20 with parameter values chosen as
in Table S4.

IL-6 model: Movement

All cells can undergo random movement in the IL-6 model. Cells can move to any of the 26 open lattice sites
with probability weighted by the inverse of their distance from the central point. Reflecting boundary con-
ditions are imposed to keep the cells on the lattice.

Expected growth rate

In both tumor growth examples considered here, the direct effect of the diffusing substrate on the agentsis
altering their rates of proliferation and apoptosis. Thus, quantifying the difference between the two
methods in terms of tumor growth is an essential-as well as accessible-way to understand how well the
two methods agree. Rather than relying on the noisy tumor growth curves, however, we introduce the ex-
pected growth rate (EGR) of the tumor. We introduce this metric in the context of the FGFR3 model.
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During every tumor update step, we compute the rates at which each cell fate decision occurs for each cell.
The rate values themselves are the result of deterministic models and thus not subject to randomness like
the outcomes are, and so we can utilize them as expectations by averaging them across all the cells. Then,
the difference between the average proliferation rate and the average apoptosis rate is the expected
growth rate at that time step. That s, if at time tin the simulation, this difference is r(t), the number of tumor
cells, T(t), is obeying the non-autonomous differential equation 7" = r(t)T. We define the expected
growth rate as r(t). The solution to this differential equation is T(t) = T(0)exp fg r(s)ds, which leads us
to define the total expected growth (over the interval [0,t]), TEG(r,t), as

t
TEG(r,t) = / r(s)ds (Equation 23)
0

If we know the difference in the expected growth rate (or the total expected growth) between two simula-
tions, we can compute the ratio of their expected tumor sizes using only this information:

Ti(t) _ Ta(

0) t
= - d
To(t) T(0) exp/o n(s) = rals)ds (Equation 24)
= exp(TEG(ry,t) — TEG(r,, 1))

where the second equality assumes that the tumors have the same initial size, in which case the difference in

TEG is sufficient to determine this ratio.

In computing r(t), we could include the effects of the minimum time to proliferation and contact inhibition.
However, since the purpose of computing this value is to get a noise-free indication of how a simulated
tumor is expected to grow, we do not consider either of these. Both of these effects are equally applied
in the global and local methods so this omission will not bias the results. In the Supplement, we show
the expected growth rate when these stochastic effects are included (e.g., See Figure ST1F).

Codensity in the IL-6 model

To quantify the local spatial arrangement near a given cell, we use the codensity function. For a given loca-
tion in the microenvironment x, the codensity at x is the distance to the nth nearest cell. It is formally ex-
pressed in Equation 25. For a cell x, we shall refer to the codensity at the location of x as the codensity
of x, by abuse of notation.

cod,(x) = ir;f{d 1 #(Bg(x) NT) > n} (Equation 25)

This is a local quantity in that it is only dependent on the local neighborhood of a given cell, as opposed to
the location of a blood vessel, for example. It is called the codensity because it is negatively correlated with
the density so that cells with relatively high codensity are in a region of relatively low density.

Additionally, we define type-specific codensities. Enumerating the cell types by k = 1,2,..., the codensity
relative to k at x is simply
cod,(x; k) = ir;f{d c#(By(x) N Ty) = n} (Equation 26)

where T, CT is the set of all agents of type k. In both codensity functions, we shall often omit the subscript
n once a choice for n has been made.
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