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a b s t r a c t
A hallmark of breast tumors is its spatial heterogeneity that includes its distribution of cancer stem cells
and progenitor cells, but also heterogeneity in the tumor microenvironment. In this study we focus on
the contributions of stromal cells, speciﬁcally macrophages, ﬁbroblasts, and endothelial cells on tumor
progression. We develop a computational model of triple-negative breast cancer based on our previous work and expand it to include macrophage inﬁltration, ﬁbroblasts, and angiogenesis. In vitro studies
have shown that the secretomes of tumor-educated macrophages and ﬁbroblasts increase both the migration and proliferation rates of triple-negative breast cancer cells. In vivo studies also demonstrated that
blocking signaling of selected secreted factors inhibits tumor growth and metastasis in mouse xenograft
models. We investigate the inﬂuences of increased migration and proliferation rates on tumor growth,
the effect of the presence on ﬁbroblasts or macrophages on growth and morphology, and the contributions of macrophage inﬁltration on tumor growth. We ﬁnd that while the presence of macrophages
increases overall tumor growth, the increase in macrophage inﬁltration does not substantially increase
tumor growth and can even stiﬂe tumor growth at excessive rates.
© 2018 Elsevier Ltd. All rights reserved.

1. Introduction
Tumor-associated macrophages (TAMs) play a signiﬁcant role
in breast cancer growth, invasion, and metastasis (Condeelis and
Pollard, 2006). TAMs are involved in a range of processes that
affect cancer growth, such as regulating angiogenesis (Junttila
and de Sauvage, 2013; Lewis et al., 1995; Leek et al., 1996),
inﬂammation (Solinas et al., 2009; Qian et al., 2015; Comito
et al., 2014), and therapy resistance (Straussman et al., 2012).
Macrophage colony-stimulating factor 1 (CSF1) secreted by breast
cancer cells is a major factor for macrophage recruitment into
the tumor (Chaturvedi et al., 2014). Hypoxia was found to stimulate macrophage recruitment in MDA-MB-231 (MB231 for brevity)
cells through signaling loops between the MB231 cells and
macrophages leading to macrophage recruitment (Semenza, 1863).
Once macrophages are recruited to the breast tumor, they are inﬂuenced by breast cancer secreted factors. Triple-negative breast
cancer cells secrete factors, such as C–C motif chemokine ligand 2
(CCL2), that differentiate recruited macrophages from immune sys-
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tem enhancing M1-like macrophages (Hollmén et al., 2015), into
immunosuppressive M2-like macrophages (Sousa et al., 2015). This
conversion from M1-like to M2-like is often mediated by hypoxic
cancer cells (Tripathi et al., 2014). High levels of macrophage recruitment in triple-negative breast cancer are associated with increased metastasis and lower overall survival (Yuan et al., 2014).
TAM populations are also involved in mediating tumor cell extravasation and intravasation (Qian et al., 2009; Su et al., 2014; Chen
et al., 2011; Dovas et al., 2013; Pignatelli et al., 2016) . Due to their
many roles in cancer progression and metastasis, several papers
have investigated their use as prognostic or diagnostic biomarkers
(Tang, 2013; Mahmoud et al., 2012; Sparano et al., 2016). The inﬂuence of macrophages on tumor growth is a complex process that
needs to be better understood.
Fibroblasts are part of the connective tissue, secrete extracellular matrix (ECM) and also play a large role in wound healing (Darby et al., 2014). Cancer associated ﬁbroblasts (CAFs) are
found in many different types of cancer (Rønnov-Jessen et al.,
1995), including breast (Takai et al., 2016), pancreatic (Sugimoto
et al., 2006), prostate (Comito et al., 2014), and ovarian cancer
(Corvigno et al., 2016) and are associated with poor prognosis
(Korkaya et al., 2011). One of the prominent effects of CAFs in
breast cancer is that they cause the epithelial-to-mesenchymal
transition to a more invasive type cancer cell through the trans-
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forming growth factor beta (TGF-β ) pathway (Bhowmick et al.,
2004; Yu et al., 2014; Zeisberg et al., 2007). CAFs display higher
levels of ECM secretions and are involved in ECM remodeling, leading to increased deposition of ECM (Bochet et al., 2013; Gilkes
et al., 2014). CAFs are activated by breast cancer secreted factors such as interleukin 6 (IL6), TGF-β , and CXC-motif chemokine
ligand 12 (CXCL12) (Mao et al., 2013). CAFs can promote tumor growth through stromal-cell derived factor 1 (SDF-1) which
binds to CXCR4 receptors and stimulates tumor cell proliferation (Diao et al., 2016). CAFs also secrete several metalloproteases
(MMPs) that degrade the extracellular matrix (ECM) and allow for
increased cancer cell migration (Luo et al., 2014). There is a complex interplay between heterogenous CAFs and breast cancer cells
that have numerous effects on cancer progression (Bauer et al.,
2010; Peng et al., 2013; Orimo and Weinberg, 2007; Ishii et al.,
2016). Thus, stromal cells are an important aspect that needs to
be included in computational models of tumor growth.
While macrophages and ﬁbroblasts are important aspects of
breast tumor growth, there are few computational models that
investigate their contribution. One notable model that investigated macrophages was Knutsdottir et al. which examined the
contributions of macrophages in a 3D agent-based model of tumor growth (Knutsdottir et al., 2016). They incorporated epidermal growth factor (EGF)/CSF-1 paracrine signaling using a
system of differential equations; they showed how paracrine
signaling is necessary for the co-migration of macrophages
and tumor cells (Knutsdottir et al., 2016). They found that
macrophages contributed to cancer cell motility and invasion.
An earlier paper developed a continuous and discrete 2D model
of macrophage/tumor signaling (Knútsdóttir et al., 2014). Another agent-based model examined the transition from immuneenhancing to immuno-suppressive macrophages within the tumor environment (Wells et al., 2015). They included M1 and M2
macrophage states with M1 macrophages secreting tumor lethality
signals and converting to an M2 state with exposure to M2 signals (M2S). All macrophages migrate by chemotaxis towards the
M2S gradient. They included non-evolving tumor vasculature and
proliferating but non-migrating tumor cells. They then predicted
engineered cell-based therapies based on their modeling results.
A different multiscale model of tumor growth included genetically engineered macrophages as a delivery tool for therapeutics
(Owen et al., 2011). Owen and Sharrot modeled the interactions
between macrophages and tumors as an immune response (Owen
and Sherratt, 1998, 1997). A model based on partial differential
equations (PDE) investigated the cell cycle in normal ﬁbroblasts
and in cancer cells (Alarcón et al., 2004). Another PDE-based model
investigated ﬁbroblast secretion of EGF and its inﬂuence on tumor
progression (Kim and Friedman, 2010). An agent-based model investigated the effects of macrophages on angiogenesis using CompuCell3D software platform and found that macrophages facilitated
endothelial tip cell bridging (Kleinstreuer et al., 2013). These important studies provide a background for the present study where
we investigate the combined interactions of macrophages, ﬁbroblasts, and angiogenesis on tumor growth and morphology.
Another important aspect of the host stroma is the tumor vasculature. In order for tumors to grow past the diffusion limit of
oxygen, they need to recruit new blood vessels in a process called
angiogenesis (Folkman, 1996). Brieﬂy, when tumor cells are in low
oxygen environments they become hypoxic and secrete vascular
endothelial growth factors (VEGF) (Ferrara, 2002). This initiates
sprouting angiogenesis where a branch forms off a mature blood
vessel headed by a tip cell, which migrates along the VEGF gradient towards higher VEGF; the tip cell is followed by stalk cells
which proliferate to extend the sprout (Hellström et al., 2007) followed by quiescent phalanx cells that support the sprout. There
has been a large body of mathematical models investigating an-
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giogenesis across different scales, for reviews see (Scianna et al.,
2013; Perfahl et al., 2017). Here we focus on models that combine angiogenesis with tumor development and their interactions,
for a review see (Oden et al., 2016). Stephanou et al. developed
a 2D on-lattice agent-based model of tumor-induced angiogenesis with a dorsal skinfold chamber and investigated how vascular
changes could lead to tumor dormancy (Stéphanou et al., 2017).
Another 2D cellular automata model investigated radiation eﬃcacy in a hybrid model combining tumor growth and angiogenesis (Scott et al., 2016). Frieboes et al. have developed models of
tumor induced angiogenesis to assess the eﬃcacy of nanoparticle
drug delivery on tumor regression (Curtis and Frieboes, 2016; Curtis et al., 2015). 3D models have investigated the interplay between
oxygen and VEGF secretion levels on tumor and vascular growth
(Bloch and Harel, 2016). Earlier 3D models have investigated the
interplay between tumor growth and angiogenesis using an experimentally derived vasculature (Alarcón et al., 2004; Perfahl et al.,
2011) and analyzed the changes in the morphology of the tumor
with angiogenesis from spherical to cylindrical to paddle-shaped
(Shirinifard et al., 2009). Another 3D mathematical model simulated the effects of an anti-angiogenic agent, endostatin, on tumor
growth and angiogenesis (Cai et al., 2016). A hybrid model of cancer cell growth looked at the interplay between stalk cells, tip cells,
healthy cells, and cancer cells and the several factors contributing
to the cell growth, such as oxygen, glucose, VEGF, and the EGFR
and TGF signaling pathways (Zangooei and Habibi, 2017). These
models investigated the interplay between blood vessel growth
and tumor expansion and are the basis for our agent-based angiogenesis model which includes the interplay between endothelial
cells and macrophages and ﬁbroblasts.
Our laboratory has been building multiscale models of cancer including the interactions between tumor cells, tumor vasculature, ﬁbroblasts and immune cells. Agent-based models were
developed examining tumor-associated angiogenesis (Norton and
Popel, 2016), cancer stem cells and CCR5+ cells in triple-negative
breast cancer (Norton and Popel, 2014; Norton et al., 2017) and
immuno-inﬁltrates in tumors (Gong et al., 2017). Receptor-ligand
interactions and intracellular signaling models have been used
to study the dynamics of VEGF and thrombospondin (TSP) ligands and their receptors and their effects on angiogenesis (Bazzazi
et al., 2017; Bazzazi and Popel, 2017). Our laboratory has also
found experimentally that macrophages and ﬁbroblasts in the tumor microenvironment (TME) increase triple-negative breast cancer (TNBC) cells proliferation and migration in vitro (Jin et al.,
2017).
There is a complex crosstalk between immune cells such a
macrophages and tumor vasculature (Huang et al., 2011), that
can promote or hinder cancer development. Combination antiangiogenic therapies and immunotherapies are now in development (Ramjiawan et al., 2017). In this work, we develop a computational agent-based model which combines a triple-negative
breast cancer model with an angiogenesis model and investigates
the contributions of cancer-associated stromal cells to the development of triple-negative breast cancer. The model combines a developing breast tumor, tumor vasculature which responds to hypoxic cancer cells and develops through sprouting angiogenesis,
and considers monocyte recruitment through the evolving vasculature that differentiate into macrophages in the tissue, as well as
cancer-associated ﬁbroblasts.
2. Methods
2.1. Computational
This study develops an agent-based model of triplenegative breast cancer growth based on our previous studies
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Fig. 1. Initial setup for the MB231 tumor. A) This shows the initial setup of the 100 cancer cells and 250 randomly placed ﬁbroblasts and macrophages. B) The initial setup
of the mature vasculature in the simulation.

(Norton and Popel, 2016; Norton and Popel, 2014; Norton et al.,
2017). It includes a triple-negative breast cancer model with
cancer stem cells and CCR5+/− cancer cells (Norton et al., 2017)
and it includes a growing vasculature based on our previous
angiogenesis study (Norton and Popel, 2016). We focus on the
additional aspects of the model in this methods section.

macrophages, ﬁbroblasts, and capillaries each iteration. Each iteration is approximately 6 h in real time. We ran each simulation
in Matlab2016b with the same random seed for comparison unless
otherwise stated.

2.2. Initial setup

The simulation runs randomly through all the MB231 tumor
cells. First, we check whether the cell is hypoxic, based on its distance to the mature vasculature (dead-end capillary sprouts excluded); if the cell is further than 200 μm from the nearest vessel,
we assume it is hypoxic, similarly to Gillies and Gatenby (2007).
This is a surrogate measure of hypoxia, but it reﬂects the diffusion distance for oxygen from blood-carrying capillary vessels.
Then, we check whether there are any free spaces in the 27-cell
neighborhood (Moore neighborhood). If there is free space, we allow the cell to migrate. All parameters with appropriate references
are summarized in Table 1.

The model consists of two grids, a cellular grid of size
100 × 100 × 100 with each voxel having a size of 20 μm
(Lewis et al., 1995), which is approximately the diameter of
a MB231 cell (Norton et al., 2017), and a vascular grid, of
size 20 0 0 × 20 0 0 × 20 0 0, with each voxel having a size of 1 μm
(Lewis et al., 1995). The initial tumor is placed in the cellular grid
at the origin, occupying the 100 × 80 × 100 μm rectangular section
of the grid. The initial tumor comprises 100 cells with 20 cancer stem cells, including 1 CCR5+ stem cell, and 80 progenitor
cells including 5 CCR5+ progenitor cells. Initially, 250 macrophages
and 250 ﬁbroblasts are randomly placed within the cellular grid,
Fig. 1A. The host vasculature is placed within the vascular grid.
The host vasculature consists of 8 vessels with a radius of 5 μm:
with 3 vessels on the x-axis spanning the length of the grid on
the z axis approximately 900 μm apart, and another set of 3 vessels on the y-axis spanning the length of the grid on the z axis
approximately 900 μm apart as shown in Fig. 1B. There are also
two vessels sprouted off the outermost vessels on the y-axis, that
reach towards the middle vessel on the y-axis. Each of the host
vessels consists of 20 endothelial cells that can branch, which are
activated at the beginning of the simulation to start sprouting angiogenesis. We assume that the vasculature can overlap with the
other cells due to there being interstitial space within the tumor
and the fact that vessels often become compressed in tumors. The
model consists of three different sections: a TNBC tumor model, an
angiogenesis model, and a stroma (macrophages and ﬁbroblasts)
model, Fig. 2. Brieﬂy, the TNBC cells determine whether they will
migrate and their migration speed, then determine whether they
will proliferate, and whether they will senesce. The angiogenesis
model determines tip cell migration, stalk cell proliferation, and
phalanx cell sprouting and regression. Fibroblasts and macrophages
migrate, and the macrophage inﬁltration is determined. We keep
track of the number of MB231 progenitor cells, MB231 stem cells,

2.3. MB231 model

2.4. MB231 migration
First, the proximity of the MB231 cell to a macrophage or ﬁbroblast is checked. If the MB231 cell is within 200 μm of a
macrophage or ﬁbroblast, its migration rate is increased by 2.5fold. When examining the parameter space, we vary the increase
in migration rate by 1.5–3.5-fold. If the cell is hypoxic, it migrates
3X as far. When examining the parameter space, we vary the increase in migration rate by 1.5–3.5-fold based on experimental
data (Jin et al., 2017). CCR5+ cells migrate 10X as far as CCR5- cells.
Migration is modeled by random motion, such that the MB231 cell
checks its 27 neighboring positions in the cellular grid and determines which ones are not occupied. It then chooses one of these
positions randomly to move into. This process can occur multiple
times each iteration (6 h) under hypoxic conditions, due to proximity to stromal cells or its CCR5+ state.
2.5. MB231 proliferation
First, the proximity of the MB231 cell to a macrophage or ﬁbroblast is checked. If the MB231 cell is within 200 μm of a
macrophage or ﬁbroblast, its proliferation rate is increased by 3.5fold. When examining the parameter space, we vary the increase in
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Fig. 2. Flowchart of the breast cancer cells, stromal cells, and angiogenesis models. MB231 model: Each cell checks whether there is free space, if so it can migrate, otherwise
it becomes quiescent. A cell then decides whether it will migrate, and it migrates based on its CCR5 level, hypoxia, and proximity to stromal cells. A cell decides if it can
proliferate based on its stemness, hypoxia, and proximity to stromal cells. A stem cell can proliferate symmetrically or asymmetrically whereas a progenitor cell can only
proliferate symmetrically. Each cell then determines if it is hypoxic or normoxic. Senescent cells die probabilistically each iteration. Stroma model: Initially a ﬁxed number of
ﬁbroblasts or macrophages are placed randomly in the cellular grid. Macrophages can migrate and inﬁltrate the tumor from mature vessels probabilistically each iteration.
Macrophages migrate towards MB231 cells in proximity to them. Angiogenesis model: a tip cell checks whether it has a neighboring stalk cell, if not it proliferates to produce
a stalk cell. Otherwise it migrates based on the local VEGF concentrations. Stalk cells proliferate if they have reached their cell cycle. Branching can occur if there are hypoxic
tumor cells in proximity to the vessel.

proliferation rate by 1.5–3.5-fold. If the cell is hypoxic, the proliferation rate is reduced by half. Cancer stem cells have a base proliferation rate of 0.2 per day whereas progenitor cells have a proliferation rate of 0.5 per day. An MB231 cell can only proliferate if it
has an empty space in its neighborhood. The MB231 cell checks its
27 neighboring positions in the cellular grid and determines which
ones are not occupied, and if none are open it becomes quiescent.
Otherwise the new cell is placed in one of the unoccupied spaces

randomly. The cell determines whether it can proliferate this iteration by determining if a random number is lower than its proliferation rate, if so it proliferates. A new cell is created, placed randomly in one of the neighboring positions. The division cycles are
updated if the cell is a progenitor cell, and the CCR5 status of the
cell is determined. A MB231 cell has a 5% chance of being CCR5+.
If a progenitor cell has reached its division limit it becomes senescent and has a 40% chance of dying each day.
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Parameter

Value

Reference

MB231 stem cell symmetric
division probability
MB231 CCR5− migration rate
MB231 CCR5+ migration rate
Senescent cell death probability
Cell diameter
MB231 division limit
MB231 progenitor division rate
MB231 stem cell division rate
Stem cell initial percentage
CCR5+ cell initial percentage
Stem CCR5+ initial percentage
endothelial cell division rate
Endothelial cell migration rate
Host vasculature radius
Chemokine secretion threshold
Macrophage CSF1 migration
speed

5%

(Norton and Popel, 2014)

0.83 μm/h
8.3 μm/h
10%
20 μm
12 divisions
0.5/day
0.2/day
20%
5%
1%
0.025/h
10 μm/h
5 μm
200 μm
8-fold

(Norton et al., 2017)
(Norton et al., 2017)
(Norton et al., 2017)
(Norton et al., 2017)
(Norton et al., 2017)
(Norton and Popel, 2014)
(Norton and Popel, 2014)
(Norton et al., 2017)
(Norton et al., 2017)
(Norton et al., 2017)
(Norton and Popel, 2016)
(Norton and Popel, 2016)
(Qutub and Popel, 2009)
(Gillies and Gatenby, 2007)
(Allen et al., 1998;
Vanhaesebroeck et al., 1999;
Chaubey et al., 2013; Zicha
et al., 1998; Sturge et al., 2007;
Jones et al., 2003)
(Allen et al., 1998;
Vanhaesebroeck et al., 1999;
Chaubey et al., 2013; Zicha
et al., 1998; Sturge et al., 2007;
Jones et al., 2003)
(Qutub and Popel, 2009)

Macrophage migration rate

3.3 μm/h

Endothelial Segment Max
extension
Default migration (noVEGF)
VEGF concentration per cell

1.5∗ length
6.2 μm/h
30 ng/ml
30 μm/h

(Qutub and Popel, 2009)
based on (Qutub and
Popel, 2009)
(Qutub and Popel, 2009)

1 μm

(Qutub and Popel, 2009)

200 μm
2.5-fold

(Gillies and Gatenby, 2007)
(Jin et al., 2017)

3.5-fold

(Jin et al., 2017)

0.5-fold

(Norton et al., 2017)

3-fold
250

(Norton et al., 2017)
(Knutsdottir et al., 2016;
Colegio et al., 2014)
(Knutsdottir et al., 2016;
Colegio et al., 2014)
(Knutsdottir et al., 2016;
Colegio et al., 2014)

Maximum endothelial
elongation
Minimum endothelial segment
length
Threshold for hypoxia
MB231 stromal educated
migration rate
MB231 stromal educated
proliferation rate
Hypoxic MB231 proliferation
rate
Hypoxic MB231 migration rate
Macrophage number
Fibroblast number

250

Macrophage inﬁltration
probability

20–80%

2.6. Hypoxia
We determine whether a MB231 cell is hypoxic based on its
distance from mature vessels within the vasculature. The initial
vessels within the simulation are all mature, and thus we assume
they have blood ﬂow through them. Vessels that have sprouted
and anastomosed are also mature and would have blood ﬂow.
Sprouts that have not anastomosed are considered immature and
would not have blood ﬂow. Any tumor cell that is farther than
200 μm away from a mature vessel is considered hypoxic, as justiﬁed in (Gillies and Gatenby, 2007).

with ﬁbroblasts moving ﬁrst. Fibroblasts randomly migrate one
voxel per iteration, at 3.33 μm/h. A macrophage within 200 μm
of a tumor cell will migrate towards the tumor 8 times as fast,
at 26.67 μm/h, due to the CSF-1 factor that tumor cells release
(Allen et al., 1998; Vanhaesebroeck et al., 1999; Chaubey et al.,
2013; Zicha et al., 1998; Sturge et al., 2007; Jones et al., 2003).
Macrophages check whether they can move towards the nearest
MB231 cell, otherwise they move randomly (Leung et al., 2017). Fibroblasts and macrophages migrate until they reach the edge of
the grid.
2.9. Macrophage inﬁltration
Monocytes are recruited to the tumor through the vasculature
by secreted factors released by tumor cells, such as CSF-1 and
then differentiate into tissue macrophages; for brevity, we refer to
macrophage recruitment. Thus, macrophages can inﬁltrate the tumor through mature vessels in the simulation. If a mature vessel
is within 200 μm of a tumor cell, we assume it receives a signal
through tumor cell secreted factors to recruit macrophages. Any
vessel within 200 μm of a tumor cell has a probability of recruiting a macrophage. If the vessel can recruit a macrophage, it checks
whether there is an unoccupied space in the 27 neighbors of the
cellular grid. If there is an unoccupied space, it randomly chooses
one of those spaces for the new macrophage to move into.
2.10. MB231 interaction with stromal cells
Proximity to macrophages and ﬁbroblasts increases the tumor
cell’s proliferation and migration rates. A tumor cell within 200 μm
of a macrophage increases its proliferation rate by 3.5-fold and its
migration rate by 2.5-fold. A tumor cell within 200 μm of a ﬁbroblast increases its proliferation rate by 3.5-fold and its migration rate by 1.7-fold. In the simulations where the inﬂuence of
macrophages and ﬁbroblasts are varied, the inﬂuence on proliferation rate varies between 1.5-fold and 3.5-fold and the inﬂuence
on migration rate varies between 1.5-fold and 3.5-fold for both
macrophages and ﬁbroblasts.
2.11. Angiogenesis model
The model is a modiﬁcation to that presented in see
(Norton and Popel, 2016). Sprouting angiogenesis is initiated by the
release of VEGF from hypoxic tumor cells and thus in the model it
is initiated once a hypoxic cell appears in the simulation. The simulation starts with a migration parameter which is multiplied by
the elongation of the tip cell during the tip cell migration step and
a proliferation value which governs the cell cycle length of a stalk
cell endothelial cell. The rest of the sprout is made up of quiescent phalanx cells that are not affected by these parameters and
support the rest of the cells.
2.12. Tip cell actions

2.7. Apoptosis
Forty percent of the senescent cells die each iteration. Thus, we
randomly choose 40% of the senescent cells to be eliminated each
iteration. These cells are removed from the simulation and all tallies are updated.
2.8. Macrophages and ﬁbroblasts
In the simulations, macrophages and ﬁbroblasts are randomly placed within the cellular grid of 100 × 100 × 100 voxels.
Macrophages and ﬁbroblasts move randomly throughout the grid,

The simulation loops through all the sprouted vessels and ﬁnds
the tip cell in each capillary. If the tip cell is still active and not
mature, it can migrate or proliferate. A tip cell only proliferates to
produce a stalk cell, after that it no longer proliferates. The tip cell
proliferates once its cell clock has reached its cell cycle, otherwise
its cell clock is incremented. If the cell clock reaches its cell cycle, a
new stalk cell replaces the old tip cell and a new tip cell is created
extending in the direction of the old tip cell with a length of one
μm since that is the minimum length possible for a sprout, for
more details see (Norton and Popel, 2016). The tip cell then checks
whether it has hit another vessel and if so it anastomoses. If the
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tip cell leaves the grid, the capillary becomes mature and can no
longer migrate or proliferate.
The main function for a tip cell is to migrate in the direction
of VEGF gradients. The tip cell searches the 27 grid spaces near it
on the cell grid to ﬁnd whether there are cells occupying any of
those grid spaces. We assume that all cells produce approximately
the same amount of VEGF, resulting in a concentration 30 ng/ml
within their cellular grid space. This is based on the constant VEGF
value of 20 ng/ml in (Norton and Popel, 2016) considering tumors
cell death is around 40% of senescent cells, thus 30 ng/ml per cell
would approximately result in between 12–30 ng/ml in a packed
tumor. The tip cell ﬁnds the positions with cells near it and randomly chooses to migrate towards one of these cells, such that is
does not move backwards. The formula for elongation distance is
M = T2[VEGF] + migNoVegfMatrix, where T2 and migNoVegfMatrix
are constants (Qutub and Popel, 2009). VEGF concentration is calculated by searching the 27 grid spaces near the end of the tip
cell on the cell grid to ﬁnd how many cells are occupying any of
those grid spaces. We multiply the number of cells occupying the
cell grid by 30 ng/ml to ﬁnd VEGF concentration. The cell cannot
elongate greater than 1.5X of its current length nor can it migrate
farther than 60 μm (Qutub and Popel, 2009). The cell does not migrate if migration would cause it to leave the vascular grid. After
migration, the cell checks whether it anastomoses.
2.13. Stalk cell actions
After tip cell actions, we ﬁnd the adjacent stalk cell and determine whether it proliferates. The stalk cell proliferates once its
cell clock has reached its cell cycle, otherwise its cell clock is incremented. Only immature stalk cells proliferate, and they do not
proliferate if proliferating would make the tip cell leave the grid.
Proliferation causes a new stalk cell to be produced, replacing the
previous tip cell location and a new tip cell is created extending in
the direction of the old tip cell with a length of one μm to initialize the start of the sprout. The cell clock is reset after proliferation
and the new cell is added to the capillary. The new tip cell then
checks whether stalk cell proliferation has caused it to hit another
vessel and if so it anastomoses.
2.14. Branching
Only phalanx cells, those following the stalk or tip cell are allowed to branch. Branching is triggered by hypoxic cells, so a phalanx cell can only branch if one of its nodes is within 250 μm of
a hypoxic MB231 cell (Gillies and Gatenby, 2007). If these conditions are met, it has a 20% probability to branch, see (Norton and
Popel, 2016). The phalanx cell ﬁnds the closest hypoxic MB231 cell
and branches in that direction, speciﬁcally the new sprout’s second node is equal to the second node of the phalanx cell plus
3∗ (normalized vector of the phalanx cell’s second node to the nearest hypoxic cell). Branching only occurs if the resulting branch is
within the vascular grid boundary. We include vascular cell regression if the new branch is within 50 μm of a mature vessel, not
including the parent vessels, for more information see (Norton and
Popel, 2016). Once branching occurs, a new tip cell is created, its
nodes are updated, and it is given a new cycle length based on the
simulation proliferation value with random noise.
3. Experimental
3.1. Mouse xenografts
Animal protocols described in this study were approved by the
Institutional Care and Use Committee at the Johns Hopkins Medical Institutions. Before tumor cell inoculation, athymic nude mice
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(female, 5–6 weeks, 18–20 g) were pre-treated by injecting 50 μl
tumor-conditioned media (TCM) of MDA-MB-231 cells subcutaneously for two weeks daily. After two weeks of induction, 2 × 106
MDA-MB-231 cells were injected into the upper inguinal mammary fat pad of the animals with 100 ul of 1:1 PBS/Matrigel (BD
Biosciences, San Jose, CA). When tumors grow to approximately
1.5 cm diameter, they will be excised for immunohistochemistry
(IHC) analysis (Jin et al., 2017)).
3.2. Immunohistochemistry analysis
Immunohistochemical analysis of Iba-1 was performed using monoclonal antibodies against Iba-1 (Ionized calcium binding adaptor molecule 1), a microglia/macrophage-speciﬁc calciumbinding protein (Wako). For the IHC staining, after blocking with
5% goat serum in PBST for 1 h at room temperature, the sections were treated with the Iba-1 antibody overnight at 4 °C, then
the peroxidase-conjugated streptavidin complex method was performed, followed by the 3, 3 diaminobenzidine (DAB) procedure
according to manufacturer’s protocols (VECTASTAIN Elite ABC Kit,
Vector Lab, Burlingame, CA) (Jin et al., 2017).
3.3. Image processing
To estimate the number of macrophages in the xenograft tumor sample, standard image processing in imageJ (Schneider et al.,
2012) was used. First, we binarized the image in the RGB channel,
using threshold ranges of 104–154 in the red channel, 91–141 in
the green channel, and 95–150 in the blue channel to segment out
the areas stained brown, i.e. the macrophages. We then performed
the following morphological functions on the binarized image: “dilate” which increases the region to ﬁll in any gaps due to inconsistent staining, “ﬁll holes” which ﬁlls in any holes in the region,
“erode” which decreases the region back to its original size, and
“convert to mask” which creates a mask which will be applied to
the original image to segment out the macrophages or tumor. To
count the number of macrophages, we used the “mask” to remove
the tumor region and binarized the masked image using ranges of
0–103 in the red channel, 0–122 in the green channel, and 55–193
in the blue channel to segment out the nuclei. We then dilated the
binarized image to seal any holes, used the watershed algorithm
to ﬁnd individual nuclei and erode the binarized image to bring
the image back to its original size. Lastly, we analyzed particles
to count the number of nuclei that are greater than 100 pixels in
size. The same algorithm was used on the masked tumor image to
calculate the number of tumor nuclei in the image. We then calculated the number of macrophages/ (macrophages + tumor cells) to
determine the ratio of macrophages to total cells within the tumor.
4. Results
4.1. An agent-based model of triple-negative breast cancer stromal
interactions
In Fig. 3, we show an example of an in silico tumor progression from 25 days to 75 days. The top row shows the entire tumor progression with progenitor cells, stem cells, ﬁbroblasts, and
macrophages. The middle row shows the progression with a reduced tumor cell size to show the interior of the tumor. The
bottom row shows tumor vasculature. In panel A the tumor has
started to grow but remains fairly solid with few extensions off
the tumor. There were many cells shed from the tumor but overall
it did not demonstrate any clear ﬁnger-like projections. In panel D,
it is clear that macrophages have started to inﬁltrate out of the
vasculature close to the tumor; more accurately, monocytes extravasate from the vasculature and differentiate into macrophages.
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Fig. 3. 3D complete tumor progression. A) Tumor progression on day 25 with the full tumor. B) Day 50 with the full tumor. C) Day 75 with the full tumor. D) Day 25 with
reduced tumor cell size for visualization purpose to show the stroma. E) Day 50 with reduced tumor cell size to show the stroma. F) Day 75 with reduced tumor cell size
to show the stroma. G) Day 25 with just the tumor vasculature. H) Day 50 with just the tumor vasculature. I) Day 75 with just the tumor vasculature. MB231 progenitor
cells are shown in cyan, cancer stem cells are shown in red, macrophages are shown in yellow, and ﬁbroblasts are shown in blue. The vasculature is shown in red. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

On the right side of the tumor, we observe tens of progenitor
cells that seem to have migrated off the bulk tumor with tens of
macrophages in close proximity. In panel B at day 50, these tens
of progenitor cells and macrophages have expanded into larger extensions off the tumor with increasing numbers of macrophage recruitment into the extensions, as shown in panel E. On the bottom
part of panel B there is also a clear invasion of hundreds of progenitor cells off the tumor with seemingly few macrophages or ﬁbroblasts. By day 75, in panel C, both the tumor and the macrophage
recruitment substantially increased. The extension on the right side
of the tumor expanded even farther and continues to be composed
of both progenitor cells and macrophages as shown in panel C. In
addition, even farther to the right of the bulk tumor another extension of progenitor cells has evolved. This second extension has
also established new macrophage recruitment into this part of the
tumor. Interestingly, the hundreds of progenitor cells that could
be seen extending from the tumor in panel B have largely disap-

peared. This leads to the hypothesis that macrophages may contribute to the lifespan of a ﬁnger/extension off the tumor due to
their inﬂuence on proliferation. In panels C and F, the macrophages
are starting to encase parts of the tumor. In panels G though I,
we show the progression of angiogenesis over time. As the tumor
grows larger it recruits new vasculature which eventually leads to
the reduction of its hypoxic regions.
4.2. Increasing stromal inﬂuence on MB231 proliferation decreases
tumor growth whereas increasing stromal inﬂuence on MB231
migration increases tumor growth
To investigate the speciﬁc effects of the inﬂuence of stromal
cells on MB231 cell migration and proliferation, the MB231 proliferation rate was varied between 1.5-fold and 3.5-fold and the
MB231 migration rate was varied between 1.5-fold and 3.5-fold
when a cell was in proximity to either a macrophage or a ﬁbrob-
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macrophages has less of an effect on the tumor growth, Supplemental Figure 3. This is due to two factors, one is that having
large numbers of macrophages can slow tumor growth due to
space limitations and the other is that if there are large clumps of
macrophages then the number of cells they actually affect remains
similar as the cytokines and other factors they release only affect cells within approximately 200 μm of them. We also see “selfmetastases” forming with macrophages but they are more spread
out and less compact than those formed with ﬁbroblasts only. This
is probably due to the fact that the macrophages tend to migrate
with the invading cancer cells, since they migrate toward cancer cells within 200 μm of them, whereas ﬁbroblasts migrate randomly. Macrophages are continually inﬂuencing the cancer cell’s
migration and proliferation rates, whereas a ﬁbroblast may just inﬂuence that cell for a brief period of time.
4.5. Increasing macrophage inﬁltration rates does not increase overall
tumor size

Fig. 4. 3D tumor parameter space with differences in stromal contributions to migration and proliferation rates on day 75. The x-axis shows increasing proliferation
rates from 1.5-fold to 3.5-fold and the y-axis shows increasing migration rates from
1.5-fold to 3.5-fold. We show the changes in the size and morphology of the tumor
with changes in stromal inﬂuence on proliferation and migration rates.

last on day 75, Fig. 4. We ﬁnd that increasing stromal effects on
migration rate, increases the size of the tumor. In contrast, increasing stromal effects on proliferation rate, decreases the size of the
tumor. The tumor with 3.5-fold proliferation rate and 1.5-fold migration rate resulted in a total of 4272 MB231 cells, whereas the
tumor with 1.5-fold proliferation rate and 3.5-fold migration rate
resulted in a total of 35,583 MB231 cells. The other two tumors
resulted in approximately 17,0 0 0 MB231 cells. The growth of the
tumor over time was fastest for a 3.5-fold migration rate and a
1.5-fold proliferation rate and slowest for a tumor with a 1.5-fold
migration rate and a 3.5-fold proliferation rate, as shown in Supplemental Figure 1. Increasing stromal inﬂuence on migration also
seems to decrease the ﬁngers and results in a more disperse tumor.
4.3. Increasing the number of ﬁbroblasts increases invasion and
growth
To determine the individual effects of ﬁbroblasts on tumor
growth and invasion, we varied the number of ﬁbroblasts between
0 and 1,0 0 0 on day 75, Fig. 5. We found that with increasing numbers of ﬁbroblasts, there were increases in “self-metastases” (H. Enderling et al., 2012; Enderling et al., 2009; H. Enderling et al., 2012;
Vermeulen et al., 2009), which are invading tumor cells that have
separated from the bulk tumor. Originally, these self-metastases
start out as invasive ﬁngers (Eddy et al., 2017) but then they continue to migrate off the tumor and become separate entities. We
also ﬁnd that with large numbers of ﬁbroblasts the tumor growth
increases. The tumor with 10 0 0 ﬁbroblasts had a quick increase in
growth and then the cell number ﬂuctuate as the self-metastases
grow and shrink, Supplemental Figure 2. Thus, ﬁbroblasts contribute to cancer cell invasion and metastasis

We investigated the effect of increasing macrophage inﬁltration
rates on tumor growth by varying the rate of macrophage inﬁltration from mature vessels from 0.033 to 0.133 per hour Fig. 7.
We ﬁnd that while increasing the macrophage inﬁltration rate increases the number of macrophages it does not increase the number of MB231 cells, Supplemental Figure 4. In fact, at very high
macrophage inﬁltration rates panel D, it can actually slow the tumor growth by spatially inhibiting the tumor cells. The tumors all
exhibit invasive ﬁngers and “self-metastases” as shown in panels
A–D, which shows all cells within the tumor. In addition, except
at very high macrophage inﬁltration rates, the macrophages are
mostly conﬁned to the tumor E–G, which shows the macrophages
and reduced size tumor cells, so the interior of the tumor is viewable. At an inﬁltration rate of 0.133 per hour shown in panel D and
H, a large cluster of macrophages form around the vasculature on
the left without many tumor cells within the cluster.
4.6. Both in vivo and in silico tumors exhibit varying percentages of
macrophages
We used image processing to calculate the percentages of
macrophages in xenograft mouse models and in the bulk tumor of
the in silico simulations, Fig. 8. The slices on xenograft tumors had
16% and 24% of macrophages, Fig. 9 panel A and B. We also found
comparable macrophage percentages within slices of the in silico
tumor with different inﬁltration rates. The tumor with an inﬁltration rate of 0.067 per hour had an overall macrophage percentage
of 17% within the bulk tumor and the tumor with an inﬁltration
probability of 0.1 per hour, had an overall macrophage percentage
of 20% within the bulk tumor, Fig. 9 panel C and D. Although the
overall macrophage percentage within the tumor with an inﬁltration rate of 0.1 per hour ranged from 8% to 47% within the different slices. We show example slices that had a macrophage percentage of 16% in panel C and a macrophage percentage of 24%
in panel D. While separate slices ranged from between 0–47%, the
macrophage percentages of the entire tumors ranged from 0.02 to
33.7%, comparable to experimental results ranging from 1% to 25%
(Knutsdottir et al., 2016; Colegio et al., 2014). This illustrates that
choosing a representative slice is critical for understanding the actual macrophage percentage within the tumor.

4.4. Small numbers of macrophages increase the size of the tumor

4.7. Comparison of spatial metrics for in vivo and in silico data

To determine the individual effects of macrophages on tumor
growth and invasion, we varied the number of macrophages between 0 and 10 0 0, Fig. 6. We ﬁnd that including 100 macrophages
more than doubles the size of the tumor, while including 10 0 0

We compared an average of 10 in silico simulation results at
day 17, 33, and 50 to in vivo from our tumor xenograft experiments and literature results for several spatial statistical measures
Shannon’s index, Simpson’s index, and Morista-Horn (Maley et al.,
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Fig. 5. 3D tumor progression with just ﬁbroblasts on day 75. A) 0 initial ﬁbroblasts. B) 100 initial ﬁbroblasts. C) 10 0 0 initial ﬁbroblasts. MB231 cells are shown in cyan, stem
cells are shown in red, and ﬁbroblasts are shown in blue. The vasculature is shown in red. (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the web version of this article.)

Fig. 6. 3D tumor progression with just macrophages on day 75. A) 0 initial macrophages. B) 100 initial macrophages. C) 10 0 0 initial macrophages. MB231 cells are shown in
cyan, cancer stem cells are shown in red, and macrophages are shown in yellow. The vasculature is shown in red. (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.)
Table 2
A comparison of spatial metrics between simulations and in vivo results (mean ± standard deviation).
Spatial metric

in silico day 17

in silico day 33

in silico day 50

literature

Reference

Shannon’s index
Simpson’s index
Morista-Horn (1–5 slice)
Morista-Horn (21–25 slice)

0.63 ± (0.06)
1.60 ± (0.13)
0.71 ± (0.05)
0.57 ± (0.27)

0.64 ± 0.05
1.67 ± 0.11
0.60 ± 0.09
0.94 ± 0.08

0.64 ± (0.05)
1.65 ± (0.12)
0.52 ± (0.47)
0.96 ± (0.02)

0–1.6
1.13–2.88
0.68–0.9

(Maley et al., 2006)
(Merlo et al., 2010)
(Maley et al., 2015)

2017). We found that all metrics were comparable between the in
silico and in vivo results (Table 2). Shannon’s Index and Simpson’s
Index were the most robust across days, with very little difference
between them. The Morista-Horn score decreased when compared
across the ﬁrst 5 slices as the days increased. While the tumor is
still small, the Morista-Horn score has not stabilized across slice
21–25 but once the tumor has grown the score stays similar.
5. Discussion
We have developed an agent-based model, based on our previous models (Norton and Popel, 2016, 2014; Norton et al., 2017) of
triple-negative breast cancer cells interaction with their microenvironment, including breast cancer stem cells, cancer progenitor
cells, endothelial cells, macrophages, and ﬁbroblasts. We speciﬁ-

cally model tumor hypoxia, and angiogenesis in response to hypoxia, as well as macrophage recruitment.
Breast cancer cells in the model invade by forming “invasive
ﬁngers” or “self-metastases” and we ﬁnd that these are accompanied by macrophages. Initially, the cancer cells migrate with only
a few macrophages but eventually the inﬁltrating macrophages get
recruited to the invasive self-metastases. This is corroborated by
in vivo evidence showing that macrophages are involved in tumor cell invasion and metastasis and are frequently present at
the invasive fronts of a tumor (Condeelis and Pollard, 2006). This
coupling of macrophages and tumor cells supports metastasis as
macrophages have been shown to migrate together along collagen ﬁbers and intravasate into nearby blood vessels (Noy and Pollard, 2014). In addition, tumor cells and macrophages have been
shown to migrate together and intravasate speciﬁcally at the junc-
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Fig. 7. MB231 tumor growth vs Time with increasing macrophage inﬁltration on day 75. A–D) The number of MB231 cells over time with a 0.3–0.9/h probability of inﬁltration
of macrophages. The tumor increases more quickly with increasing macrophage numbers. E–H) The same tumors as in A–D) but with reduced size tumor cells to show the
stroma. MB231 cells are shown in cyan, cancer stem cells are in red, macrophages in yellow, and ﬁbroblasts in blue. The vasculature is shown in red. (For interpretation of
the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 8. Flowchart of the stromal image processing. First, we binarize the image to segment out only the stromal region using RGB color segmentation on the brown stained
cells. We then create a mask to remove either the tumor cells or the stromal cells. Then we use thresholding to segment out the nuclei. Lastly, we use a watershed algorithm
to identify and count each individual nuclei. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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Fig. 9. Comparison of 2D in silico tumor slices with in vivo samples with macrophage inﬁltration. The top panel shows two in vivo samples with increasing amounts of
macrophage inﬁltration. The bottom panel shows two in silico tumor slices with comparable amounts of macrophage inﬁltration, around 14–16% for the left column and
between 19–25% for the right column.

tion where the endothelial cell, tumor cell and macrophage meet
(Harney et al., 2015). In support of this, another mathematical
model of cancer immunotherapy, showed that more migratory cells
resulted in tumor growth, escape, and relapse (Frascoli et al., 2016).
Fibroblasts also contribute to invasion and spread of tumor cells,
but they tend to form less compact “self-metastases” and more
single-cell invasion events. This is supported by previous adhesive
particle mechanistic modeling, in which clusters with both tumor
cells and stromal cells showed increased invasiveness and had increased displacement (Chang et al., 2013). This supports the role of
macrophages and ﬁbroblasts in the invasiveness of the tumor.
We ﬁnd that macrophage recruitment to the invasive “selfmetastases” contributes to the compactness and long-term survival
of the “self-metastases.” Without macrophage recruitment the ﬁngers that form tend to spread out or disappear. From previous
work, we have found that invasive ﬁngers form due to migrating cancer stem cells as compared to migrating progenitor cells
(Norton et al., 2017). Thus, the increased migration rate due to
the stromal cells contributes to stem cell migration and “selfmetastases” formation. In addition, migrating cancer stem cells
have a higher chance of proliferating symmetrically to create an
additional cancer stem cell due to the lack of spatial inhibition, increasing the growth and survival of the “self-metastasis” and the
overall tumor. This is supported by in vivo work showing that the
depletion of tumor-associated macrophages in a mouse xenograft
model led to a decrease in cancer stem cells (Mitchem et al., 2013)

and in vitro studies that showed co-culture of breast cancer cell
lines and M2-type macrophages increased mammosphere production (Ward et al., 2015). MCF-7 cancer cells co-cultured with M2type macrophages were also found to prevent hypoxia-induced cell
death (Jeong et al., 2017). The increased survival of tumor cells due
to the compact, surviving invasive ﬁngers are a result of migrating stem cells as compared to migrating progenitor cells. Migrating progenitor cells might cause a transient ﬁnger to form but the
ﬁnger will eventually senesce and die due to the limited number
of times the cells can divide. By increasing the migration rate of
the stem cells, macrophages are contributing both to the invasive
morphology of the tumor but also its growth and survival.
There is a trade-off between the effects of increasing proliferation and increasing migration of the macrophage secretome on
MB231 cells. Increasing migration beneﬁts tumor growth while increasing proliferation reduces tumor growth. This is caused by spatial inhibition, where tumor cells with higher proliferation rates
and lower migration rates tend to become overcrowded and stop
proliferating. This is especially important for stem cells because
stem cell proliferation is the only way a tumor can expand in a
non-transient way since progenitor cells eventually stop proliferating and die. Increased migration leads to a more disperse tumor with less contact inhibition which promotes tumor growth.
These results are supported by previous work showing that increasing progenitor cell division led to inhibited tumor growth
(Norton and Popel, 2014; Enderling et al., 2009) due to spatial
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inhibition and that increased cancer cell migration leads to increased tumor growth (Norton and Popel, 2014). Small numbers
of macrophages seem to be enough to increase the tumor growth,
whereas large numbers can inhibit growth due to overcrowding. A computational model of colorectal cancer also predicted
that high numbers of immune cells contributed to reduced tumor
growth and improved treatment (Kather et al., 2017). Inhibiting
macrophage recruitment has shown variable success, anti-CSF-1
treatment early in the primary tumor growth (before macrophage
inﬁltration) decreases primary tumor growth but the effects was
modest (Lohela et al., 2014) while others failed (MacDonald et al.,
2010). Other immunotherapies, speciﬁcally monoclonal antibodies
targeting checkpoint inhibitors on T-cells, have been tested in a variety of cancers (Ott et al., 2017). Normally, the adaptive immune
system targets cancer cells by releasing cytotoxic T-cells that recognize and eliminates cancer cells as threats due to mutations in
their genes (Gong et al., 2017). Unfortunately, some cancers evade
the immune system by tricking them into recognizing them as
self through checkpoint inhibitors such as programmed cell death
protein-1 (PD-1) and its ligand (PD-L1) (Gong et al., 2017). Therapies targeting PD-1/PD-L1 and cytotoxic T lymphocyte antigen-4
(CTLA-4) have been shown to be effective in melanoma, bladder
cancer, and non-small cell lung cancer and are in clinical trials for
breast cancer, especially triple-negative breast cancer (Emens et al.,
2017).
There are several limitations and future directions that could be
taken from this work. It has been shown that macrophages promote stem cell expansion (Wan et al., 2014; Williams et al., 2016).
While we focused on the effects on macrophages and ﬁbroblasts
on overall proliferation rate, which includes stem cell proliferation,
we did not speciﬁcally incorporate the effects on symmetric stem
cell division. This can be examined in further research. We also did
not consider an immune response to the tumor and the effects on
cytotoxic T cells on tumor death. In future studies it would be of
interest to investigate the effects on therapies targeting the MB231
and stromal secretomes to determine how these would affect overall tumor growth and macrophage recruitment.
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