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Endothelial cells have key behavior states regulated by BDNF and VEGF.
The frequency and sequence of transitions in cell behaviors determine angiogenic sprouting.
A Rules-as-Agents framework allows automated, rapid hypothesis testing.
A genetic algorithm correlates cell decision-making to in vitro tissue level response.
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Cell behavior patterns that lead to distinct tissue or capillary phenotypes are difﬁcult to identify using
existing approaches. We present a strategy to characterize the form, frequency, magnitude and
sequence of human endothelial cell activity when stimulated by vascular endothelial growth factor
(VEGF) and brain-derived neurotrophic factor (BDNF). We introduce a ‘‘Rules-as-Agents’’ method for
rapid comparison of cell behavior hypotheses to in vitro angiogenesis experiments. Endothelial cells are
represented as machines that transition between ﬁnite behavior states, and their properties are
explored by a search algorithm. We rank and quantify differences between competing hypotheses
about cell behavior during the formation of unique capillary phenotypes. Results show the interaction
of tip and stalk endothelial cells, and predict how migration, proliferation, branching, and elongation
integrate to form capillary structures within a 3D matrix in the presence of varying VEGF and BDNF
concentrations. This work offers the ability to understand – and ultimately control – human cell
behavior at the microvasculature level.
& 2012 Elsevier Ltd. All rights reserved.
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1. Introduction
Brain ischemia affects over 600,000 people in the U.S. annually,
leading to strokes, vascular dementia, and neurodegeneration.
Despite this, the only FDA approved drug for treating ischemic
stroke is tissue plasminogen activator (tPA), which can only be
given to a subset of patients. No drugs have been approved for
vascular dementia. However, one possible strategy for treating
patients with brain ischemia is improving blood ﬂow through
regeneration of the microvasculature, also known as therapeutic
angiogenesis. One way to achieve therapeutic angiogenesis is by
enhancing or mimicking endogenous capillary regrowth (Arai
et al., 2009).
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Endogenously, hypoxia or low oxygen stimulates angiogenesis
by activating vascular cells of the brain and inducing the expression of chemokines that drive cell movement. In cerebral ischemia, activity of the transcription factor hypoxia-inducible factor 1
(HIF1) increases in viable tissue around an occlusion, causing
increased glycolysis and upregulation of vascular endothelial
growth factor (VEGF) (Fig. 1a). This results in a degree of
neuroprotection and, potentially, neuroregeneration (Beck and
Plate, 2009; Jin et al., 2000; Mu et al., 2003; Pichiule et al., 2003;
Sun et al., 2003). VEGF and its receptors are just one protein
family that can modify brain angiogenic and neurogenic activity
during hypoxia. Many proteins that modulate endothelial cell
growth and migration also have effects on neurons and vice versa
(Carmeliet and Tessier-Lavigne, 2005; Mukouyama et al., 2002).
These include brain-derived neurotrophic factor (BDNF), the AngTie receptor family, nerve growth factor (NGF), ﬁbroblast growth
factor 2 (FGF2), delta-like 1 (Dll1) and Noggin. Studies have
indicated a high degree of complex, temporal-speciﬁc angiogenic responses to signaling among different protein families.
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Step 1. Predict cell behavior
patterns that gave rise to a
given capillary phenotype

Step 2. Design a capillary
structure based on predicted
cell behavior patterns

Fig. 1. Engineering angiogenesis. (a) During hypoxia, the upregulation of HIF1 induces hypoxic cells to secrete growth factors like VEGF and BDNF. Endothelial cells on
adjacent vasculature become activated. Led by tip cells, activated cells migrate towards the growth factor source, proliferate and branch to form new capillaries; the
developing capillary network may help replenish local oxygen supply. (b) From in vitro observations, a framework for controlling cell behavior can be created for producing
capillary growth.

For example, in a rat brain model of ischemia–reperfusion injury,
VEGF, VEGFR1, VEGFR2 and Ang2 levels peaked 1 day after injury,
followed by Ang1 and Tie receptor expression peaking at day 3 postinjury; the latter time correlated with increased angiogenesis (Croll
and Wiegand, 2001). Another study showed administration of VEGF
after focal cerebral ischemia in rat produced an early neuroprotective affect, but showed angiogenesis after 7 days and neurogenesis
only after 28 days (Sun et al., 2003). Notably, even in the same initial
mechanical environment, differences in growth factors determine
vessel structures (Poche et al., 2010). Growth factor levels are as
critical as their timing (Manoonkitiwongsa et al., 2004). Sustained
overexpression of BDNF, VEGF and FGF2 increases neurogenic
activity through interconnected and independent pathways (Chen
et al., 2007; Shi et al., 2009). Their associated genes are upregulated
post-ischemia (Chen et al., 2007; Qu et al., 2007) and have recently
been shown to crosstalk in stroke victims (Manso et al., 2012).
However, detailed mechanisms of how neurovasculature forms as a
function of these compounds have been difﬁcult to study using
existing techniques. Researchers in the ﬁeld emphasize that we need
signiﬁcantly greater understanding of how cells of the human
neurovasculature respond to HIF1 pathway proteins and angiogenic
growth factors in order to design effective therapies for diseases like
stroke (Harten et al., 2010; Lee et al., 2009; Ratan et al., 2007).
Because of the multitude of cellular behaviors they can inﬂuence,
quantitative modeling coupled with experiments becomes essential
to understand how the complex dynamics of these angiogenic
molecules correlate to cell behaviors. Our goal is to develop a

method to systematically and quantitatively study the effects of
neurovascular growth factor combinations on cell behavior with
the ultimate aim of being able to control angiogenic growth
(Fig. 1b). To that end, we ﬁrst applied our analysis to characterize
how endothelial cells respond to combinations of two of these
neurotrophic and angiogenic proteins, VEGF and BDNF.
We present an integrated computational–experimental strategy
to test hypotheses as to what behaviors govern cell movement
during vessel regeneration as a function of VEGF and BDNF
stimulation. While most angiogenesis computational models
represent the neovascularization process at the blood vessel level,
a growing number of studies have explored individual cell behavior
(Supplementary Table D.1). Of those that look at cell behavior, a
handful speciﬁcally address how the different behaviors affect one
another. For example, several studies have explored how Delta and
Notch alter the proliferation and differentiation of tip and stalk
cells, leading to fusion of tip cells and the lateral inhibition of tip
cell phenotypes (Bentley et al., 2008, 2009; Jakobsson et al., 2010).
Previously, we also showed how a speciﬁc sequence of cell
behaviors led to capillary growth (Qutub and Popel, 2009) and
other models have looked at the effects of contact inhibition
(Merks et al., 2008) and cell elongation (Merks et al., 2006). While
these models examine individual cell behaviors, they present only
one hypothesis as to how behaviors affect one another. Here, we
take a systems view of cell behavior and reanalyze assumptions
about cell movement. Rather than assuming that the way
cells interact with one another is known, we systematically test
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Table 1
Migration equations.
Migration equations
1.
2A.
2B.

3.

Tip cell migration speed: Tip cell migration speed: m¼ min(mbaseline þ mchemotatctic, maxmigration)
Version A: Chemotactic component of tip cell migration speed: mchemotatctic
mchemotatctic ¼mbaseline  (c1  [VEGF])
Version B: Chemotactic component of tip cell migration speed: mchemotatctic
minVEGF ¼ eð100c3 Þ=c2
if [VEGF] o minVEGF then xVEGF ¼ 0; otherwise xVEGF ¼ ((c2  ln([VEGF]) þ c3)/100)  1
mchemotatctic ¼mbaseline  xVEGF
Tip cell migration direction: v¼ wgrad  vgrad þ wpers  vpers þwrand  vrand
If this results in a change of direction of more than ymig then the weight of random component, wrand, is reduced until the direction change is ymig.

Table 2
Proliferation equations.

Table 3
Branching equations.

Proliferation equations
4A. Version A (MPB, M2PB, MPMB) Cell growth: g
xVEGF ¼ r1  [VEGF]
If [BDNF]r r2 then xBDNF ¼ r3; otherwise xBDNF ¼ r4
g ¼ volumecell  gbaseline  (1þ xVEGF þ xBDNF)
4B. Version B (State Machine) Cell growth: g0
g0 ¼ g/nactive (g from equation 4A)
5.
Probability of mitosis: p
p ¼(lprop  r5) þr6
Where lprop is the length of the cell if its dimensions were in proportion

possibilities against experimental results. We then identify patterns in cell behavior that appear in response to stimuli.
The computational framework and presented algorithms, coupled
with the in vitro assays, provide a general strategy that could be used
to explore single cell behavior during tissue formation, across cell and
tissue types. Below, we introduce the justiﬁcation and background for
how we approached modeling and characterizing cell behavior.

Branching equations
6.

Cell branching probability: p
If [VEGF] 4b1 or [BDNF]4 b2 then p ¼b3; otherwise p ¼b4

Table 4
Activation and morphological equations.
Activation and morphological equations
7.

8.

Cluster cell activation probability: p
pVEGF ¼ min(1, max(0, (actVEGF25  actVEGF0)/25))
pBDNF ¼ min(1, max(0, (actBDNF50  actBDNF0)/50))
p¼ 1  ((1 pVEGF)  (1  pBDNF))
Cell length-to-width-ratio: q
d¼ distance from cell to tip cell in number of cells
if d 4qdist then q ¼qmin; otherwise q¼ qmax  ((qmax  qmin)  d/qdist)

calculation of branches, and branch lengths were performed in
the Nikon image software program NIS Elements.
2. Materials and methods

2.2. Cell model

2.1. In vitro endothelial spheroid assay

Our computational models were developed using agent-based
techniques. Agents represent endothelial cells. These virtual cells
are analogous to adaptive robots: they can grow, divide, inherit
properties, and change their behaviors as a function of their
environment (Bonabeau, 2002; Maes, 1994). From the combinatorial interactions of single cells, complex capillary structures
emerge (Bailey et al., 2007; Das et al., 2010; Liu et al., 2011; Qutub
and Popel, 2009; Thorne et al., 2007). While agent-based microvasculature models have been applied diversely (Artel et al.,
2011; Bailey et al., 2009; Jakobsson et al., 2010; Qutub and
Popel, 2009) (Supplementary Table D.1), the commonality of the
models lies in their ability to deﬁne cell behavior and molecular
events through the use of rules. Rules are hypotheses based on
published literature data, providing the instructions that guide an
agent’s activity. We ﬁrst derived rules governing three endothelial
cell behaviors (migration, proliferation and branching) from
in vitro data obtained by a literature search, and subsequently
compared the model results to our own spheroid assays (Tables
1–4, Supplementary Fig. C.1, Supplementary Tables D.2–D.5).
During angiogenesis, endothelial cells on quiescent vasculature become activated by stimuli such as VEGF or BDNF, and
migrate towards higher growth factor concentrations. Sprouting
angiogenesis also involves cell elongation and proliferation.
To construct our initial cell behavior rules from literature, we
chose two of the most prevalent angiogenic assays: in vitro 2D
proliferation and migration assays. Proliferation and migration
are main cellular events that drive vessel growth, and these 2D

We performed our in vitro analysis using the human umbilical
vein endothelial cells (HUVEC) spheroid assay, based on published
protocols (Korff and Augustin, 1998, 1999; Laib et al., 2009).
Brieﬂy, HUVEC (Lonza) were cultured in T75 ﬂasks with EBM-2
media and bullet kit (Lonza) until conﬂuent. Cells were trypsined
(0.05% Trypsin-EDTA, Sigma) and resuspended at 4  104 cells/ml
into 20 ml droplets. The droplets (hanging drops) were hung
inverted on 50 mm petri dishes for 24 h. Approximately 400–
500 cells were present in a 100 mm diameter spheroid. We found
that both the recommended 20% methocel (methylcellulose,
Calbiochem) and 15% collagen (BD Bioscience) in media for the
hanging drop worked for our assay. Simultaneously, we purchased the HUVEC angiogenic assay, licensed by Promocell
(Heidelberg, Germany), from the Augustin lab. We choose the
latter for our model comparisons shown in this paper, as the
reproducibility and uniformity of the spheroid shape and initial
size were optimized in the commercial assay. To these spheroids
embedded in collagen, we added growth factors VEGF and BDNF
(Sigma), diluted in endothelial cell media (EBM-2 þbullet kit,
Lonza). In each 24-well plate, we measured at minimum 10
spheroids per condition. We took phase contrast images (Nikon
Ti-E microscope, 10  , 20  resolution) of the spheroids at 6 h,
24 h and 48 h. For our application of the model and genetic
algorithm presented here, we focused on the 24 h in vitro
time point. Measurements of overall angiogenic linear growth,
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assays can be high-throughput in nature, making them popular
ﬁrst screens for drug candidates that target angiogenesis (Staton
et al., 2009). While there is one commonly used form of the 2D
proliferation assay, there are two standard in vitro migration
assays that we used to build the model: the scratch assay and the
Boyden chamber assay. The Boyden chamber assay measures cell
migration across a semi-permeable membrane towards growth
factor stimuli in solution on the other side of the membrane while
the scratch assay measures cell migration across a scratch or gap
in a cell monolayer. These migration assays quantify the effects of
changing stimuli (e.g., a growth factor gradient) on cell motility.
After identifying cell behaviors of interest to develop the rules, we
deﬁned their form computationally and described how the rules
interact with each other. We also setup initial model conditions to
parallel the in vitro assays.
In this paper, we present on our three-dimensional, discrete
time, agent-based model of endothelial cells forming angiogenic
sprouts in response to varying concentrations of VEGF and BDNF
in their microenvironment. Chains of endothelial cells sprout
from a cluster of cells (a spheroid) and subsequently migrate,
elongate, proliferate, and branch. At each time-step, cells act in a
randomly determined order. Rules for behaviors were created
from experimental observations relating each cell action to its
local concentrations of VEGF and BDNF and physical properties.
Migration rules specify the magnitude and direction of cell
movement. Similarly, the proliferation rule deﬁnes the relative
amount of cell volume increase. The branching rule determines if
a branch will form and the orientation of the new branch cell.
Below, we describe the details of the model and the rules for cell
behaviors. Parameter values and their justiﬁcation are provided in
Supplementary Tables D.1–D.5.
2.2.1. Set up
The model starts with a cluster of spherical endothelial cells each
of diameter dsphere packed into a sphere of diameter dspheroid (Korff
and Augustin, 1998). These cells are packed in a face-centered cubic
arrangement (Conway and Sloane, 1999) as shown in Fig. 2a and b.
2.2.2. Activation
Cells placed at the start of the simulation are in an inactive,
dormant state. At each time-step, each inactive cluster cell is
allowed to stochastically activate and become angiogenic. While
the inﬂuence of VEGF on cell activation has been observed
(McLaughlin and De Vries, 2001), we posit a similar, but lesser,
effect for BDNF. The probability that a cell becomes active is a
function of the cell’s local VEGF and BDNF levels according to
Equation 7. Cells that become active permanently laterally inhibit
other cells within a rinhibit cell neighborhood around them from
becoming active. This inhibition prevents all cells from starting
sprouts (Hellstrom et al., 2007). During activation, a cluster cell

creates a pair of sprouting stalk and tip cells of lengths lentip and
lenstalk and radius rinit and places them along the line passing
through the cluster’s center and the cell’s center. Sprout cells are
represented as sequences of one or more cylinders (see Fig. 2c).
Each cylinder of a cell has the same radius, but different cells in
the same sprout may have different radii.
2.2.3. Sprout cell shape
A sprout takes on a tapered shape as it grows. The cylinders of
a tip cell have the maximum length-to-diameter ratio, qmax
(Yu et al., 1997). The cylinders of stalk cells have uniformly
decreasing length-to-diameter ratios according to their distance
from the tip cell as measured in number of cells (Equation 8).
However all stalk cells at or beyond a distance of qdist cells from
the tip cell have a length-to-diameter ratio of qmin. A cell attempts
to achieve its length-to-diameter ratio after creating a new
branch or increasing its volume, but before undergoing division
(see Fig. 3). A cell meets its length-to-diameter ratio by changing
its length and radius with three restrictions: (1) a cell’s length
cannot decrease; (2) a cell’s radius cannot become greater than
the radius of a sprout cell immediately behind it; and (3) a cell’s
radius cannot become less than the radius of a sprout cell
immediately ahead of it.
2.2.4. Sprout connectivity and movement
Sprout cells are connected to each other in a single-ﬁle, endto-end manner. The front of each cell is joined to the rear of the
cell ahead of it. The leading tip cell of each sprout determines the
path of all cells in its sprout, and sprout movement is similar to
that of an eel’s body led by its head. It is known that endothelial
cells adhere to one another (Alberts et al., 2002) and that they can
be stretched by external forces (Chang et al., 2003). Our model of
tip cell migration thus includes elongation of the tip cell itself and
the tip cell’s immediately adjacent stalk cell. As such, the distance
that a tip cell migrates can be restricted by the amount that it and
the stalk cell behind it can stretch.
When a tip cell migrates, it ﬁrst stretches to span the desired
distance. The amount that a cell can elongate is determined by
ﬁrst calculating, from its current volume, the length necessary to
attain its length-to-diameter ratio as estimated by endothelial cell
measurements (Supplementary Table D.5). This distance is then
increased by the factor e (Wang et al., 2003), yielding the
maximum possible length of the cell. The difference between this
maximum possible length and the tip cell’s current length is the
distance that it can elongate. If the tip cell attempts to move
farther than it can elongate, it then tries to continue migrating by
elongating the stalk cell immediately behind it. Any additional
distance that the tip cell can migrate is then limited by the
distance that the adjoining stalk cell can elongate. No other stalk
cells can change during tip cell migration. Note that a stalk cell is

Fig. 2. Cell model. (a) Three partial layers of spheres packed in a face-centered cubic lattice. (b) A cluster of spherical cells packed into a larger sphere. (c) An initial
activated cell in the spheroid and four cell agents in alternating shading sprouting from it. Initial placement and orientation of stalk and tip cell agents are determined by
the centers of the cluster and the initial cell agent. Cell agents may have different radii, but each cylinder segment of a cell agent has the same radius.
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Fig. 3. Cell dimensions. (a) A growing cell changes its dimensions such that l1/d1 ¼ l2/d2 and undergoes mitosis. In the next time-step, the newly divided cells change shape
and share the original length to diameter ratio: l1/d1 ¼l3/d3. (b) An elongating cell reduces its diameter (l2 4l1, d2 o d1), and when later increasing in volume, moves
towards its preferred dimensions without shortening its length (l3 ¼l2, d3 4d2).

Fig. 4. Directional changes in the model. (a) A new cell shares endpoints with the cell from which hit branches. Its orientation is determined by the angles y and j.
(b) During proliferation (left), a white stalk cell will push its tip cell forward. After proliferation (right) the tip cell’s length is unchanged and its front maintains its
orientation. (c) Migration: Migration must be within ymax of the forward direction of a tipcell. The actual migration direction (arrow4) is computed from a gradient, a
vector in the forward direction, and a vector in a random direction.

not allowed to elongate at all if its front end forms a junction with
two other cells (via branching) instead of just one tip cell.
The direction that a tip cell migrates is determined by three unit
vectors. The ﬁrst is a persistence vector that represents the tip cell’s
inertia (Harms et al., 2005). The second vector is determined by the
VEGF gradient sensed by the front of the tip cell. The angle formed by
the gradient and the persistence vector can be at most ymax (currently
parameterized to prevent backwards migration). If the angle is greater
than ymax, then a replacement for the gradient is selected among
those vectors that point to the greatest change of VEGF concentration
while being within ymax of the persistence vector. The third vector has
its direction randomly selected and is used to represent nonuniform
conditions not explicitly modeled. The results of weighting these
vectors by wpers, wgrad, and wrand, respectively are summed (Equation 3) to determine the migration direction of the tip cell. If the sum
is not within ymax of the persistence vector, then the random vector is
reduced in magnitude until the sum is within ymax. See Fig. 4a.

A change in a cell’s direction results in the creation of a new cylinder
oriented in the direction change.
The magnitude of cell migration is computed from a baseline
distance (Korff and Augustin, 1999; Rupp et al., 2004) and adjusted
for the tip cell’s local VEGF concentration (Equation 1). Two rules
have been created reﬂecting the results of the Boyden chamber assay
and the scratch assay. We derived the ﬁrst rule using a linear
regression of Boyden chamber data (Nakashio et al., 2002; Noiri
et al., 1998; Wilson et al., 2006; Yamaguchi et al., 1999). Scratch assay
data (Dimmeler et al., 2000) was used to construct Supplementary
Fig. C.1a yielding the parameters c2 and c3 (Equation 2B). For both
migration rules, the maximum distance is limited (Stokes et al., 1991).

2.2.5. Sprout cell proliferation
A sprout cell proliferates by increasing in volume. The rate of
volume increase is derived from an extrapolation of cell count
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assays (Varma et al., 2005). This volume increase is accounted for
by a change in radius, length, or both. If the length of a tip cell
increases, then the tip cell moves forward by increasing the length
of its front-most cylinder. Hence a tip cell grows forward with no
change in direction. A stalk cell’s volume increase is limited by the
existence of branches ahead of it in the sprout. If there is a branch
ahead of the stalk cell, then it is assumed that the stalk cell is
unable to push the entire structure forward. In such cases, the cell’s
volume increase is limited to a radial increase. When a stalk cell’s
length does increase, it pushes the cells ahead of it forward without
compression as in Fig. 4b. The length increase is ultimately
manifested as the tip cell moving in the direction of the main axis
of its front cylinder distance equivalent to the length by which the
original stalk cell increased.
If there is no branch ahead of a stalk cell, then after a volume
increase, the cell may divide into two cells. Division is stochastic,
and is more probable as the cell’s volume increases. The length of
the cell at its desired length-to-width ratio is used as a proxy for
volume. Only if its length is at least lenmin, can the cell divide with
the probability given in Equation 5 (Neufeld et al., 1986). A cell
divides across its main axis by evenly splitting at its length
midpoint.
We determined the effect of VEGF on cell proliferation by
performing linear regression of proliferation data (McLaughlin
and De Vries, 2001; Wilson et al., 2006; Wu et al., 2006, 2000)
(Supplementary Fig. C.1d).
2.2.6. Sprout cell branching
When a branch can be formed, the probability of a cell
branching is a function of the cell’s local VEGF and BDNF levels
(Equation 6). A cell cannot form a branch at a point where one
already exists. Branching is a total volume preserving action, and
the volume of a new branch cell is taken from the volume of the
cell from which it branches. The original cell and the new branch
cell share their rearmost locations. The original cell remains on
the sprout and the new branch cell extends away from it. In order
to orient the new branch cell, two angles are required. The ﬁrst is
the angle of declination which is measured between the axis of
the original cell’s rearmost cylinder and the axis of the new
branch cell’s cylinder. It is randomly chosen between ymin and
ymax. The second is the azimuth and is selected at random
between 01 and 3601 (see Fig. 4c). A new branch is started with
a single cell of one cylinder of length lb and radius rb.
In both the constant-action (see Section 2.2.8) and state
machine models (Section 2.2.9), newly created branches receive
a boost in proliferation. This affects all cells along newly created
branches in both types of models for a period of tbranch hours.
For constant-action models, the proliferation volume of any cell in
the branch is scaled by a factor of fbranch. For state machine
models, the proliferation volume is unchanged, but the frequency
of reaching the branching state is increased in two situations.
First, when a cell on a branch reaches the idle state, it is instead
immediately redirected to the proliferation state with a probability of pbranch. Second, if a tip cell is the only cell on a branch,
then it is forced to its proliferation state whenever it attempts to
make a transition to its migration state.
2.2.7. Time-step & transition time between events
Time-steps are 1 h intervals. We considered choosing the time
interval between events in the state machine model one of three
ways: mapping event to cell cycle and performing PI/BrdU assays
over time, observing event changes by time-lapse videos, and
allowing a search algorithm to choose times for us. In the end, we
stayed with observations from live-cell imaging. Our choice of
time interval length aligns with the 1 h interval used for

measuring the baseline net migration speed for endothelial cells
(Rupp et al., 2004).
2.2.8. Constant-action models
In the constant-action models, each rule is applied at each
time-step in a predetermined sequence (Fig. 5b). We tested three
different constant-action models. The M–P–B model has each cell
migrate (M), proliferate (P), and branch (B), in that order. The
M–P–B model’s migration rule was derived from experimental
data based on the Boyden chamber assay. The M2–P–B model also
has each cell migrate, proliferate, and then branch, but its
migration rule was based on experimental data derived from
the scratch assay. The M–P–M–B model uses the sequence:
migrate, proliferate, migrate, branch, where the migration rule
is derived from the Boyden chamber assay but is at half the usual
magnitude of distance in each application.
2.2.9. State machine models
A state machine is deﬁned by a ﬁnite set of states and a
corresponding set of state-to-state transitions (Fig. 5d). These
transitions control the sequence of states that a state machine
may assume. Our state machine model is comprised of two
separate state machines—one for tip cells and another for stalk
cells (Supplementary Fig. C.2). Each basic endothelial cell behavior (i.e., migration proliferation branching elongation) is represented by a single state. In addition, we introduce an idle state for
all cells which allows a cell to take no action during a time-step.
Each transition is associated with a probability of the cell changing from one state to the other. A cell behaves as follows: when a
cell is in a given state during a time-step, it randomly decides on a
new state according to the probabilities of transitions from its
current state. After a speciﬁc transition is selected, the cell
performs the behavior and assumes its new state. Note that there
are no transitions from a stalk cell state to the elongation state.
Instead, the elongation state is synchronized with the tip cell’s
migration state. When a tip cell reaches the migration state, its
adjacent stalk cell is forced into its elongation state (see Section
2.2.4). Each cell stores its own current state, and, with the
exception of the case of elongation, each cell chooses its transition
independently of other cells.
We assume that scratch and Boyden chamber assays of cell
migration detect and measure only those cells that actually
migrate, i.e., a derivation of a migration rate from these assays
can exclude cells that did not migrate. Thus our state machine
models can reuse the migration rules. The scratch assay migration
rule was used by all state machine models considered.
For proliferation, we assumed that a ﬁxed percentage of cells at
any moment are actively increasing in volume and that this
increase is assigned to the entire population. This allows the cell
volume increase computed by the proliferation rule to be
adjusted by a constant factor when used by state machine
models. The baseline migration rates (without growth factors)
were estimated for migration in three-dimensions, and then the
relative change in migration based on the scratch and Boyden
chamber in vitro assays was extrapolated to consider migration
with growth factor stimulation.
The basic state machines with transition probabilities as used
here produce behavior that can be characterized as a Markov
chain (Grinstead and Snell, 1997). Our focus on state machines
reﬂects our initial view of cell control, and our adaptations are
done at this level. Hence we are free to alter them in ways that do
not adhere to the deﬁnition of a Markov chain. The use of a
genetic algorithm to ﬁnd transition probabilities (see Section 2.3)
is consistent with this in that it makes no assumptions on the
structure of our state machines. As a case in point, we have
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Fig. 5. Modeling cell behavior control. (a) Traditional agent-based models have rules (cell behaviors) hard-coded into the deﬁnition of a cell (gray cell). Rules as agents (tan cells) are modularized and separated from the cells.
With the rule-oriented approach, rules can be rapidly replaced without extensive changes. Additionally, the rules can be tested and shared across labs or models. M ¼migration, P ¼proliferation, B ¼branching. (b) Original ruleoriented model where all cell behaviors are performed during a single time-step. (c) Schematic illustrating how the rule-oriented approach allows comparison of multiple sets of rules (hypotheses about cell behaviors) with
experimental results. (d) Edges are labeled with transition probabilities in a state machine representation of a tip cell. Tip cell migration includes stalk cell elongation in both the original and state machine model.
P¼ proliferation. M¼ migration. B¼ branching. I¼ idle. E¼ elongation. (e) Genetic algorithm steps: a set of models is generated (blue); the models’ output is compared to in vitro data and the models that best match experiments
are selected (red); from a set of top models, a new generation of models is produced through ‘‘cloning’’ (dashed arrows) or ‘‘sexual reproduction’’ (solid arrows). The process is iterated until an optimal matching model or sets of
models are found. (f) ‘‘Sexual reproduction,’’ involves parent models (U and V) passing on their features (un, vn) to the next generation of models (X), with a mutation factor (m). (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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altered how our state machine handles branching by allowing
different behavior on a branch for a parameterized number of
time-steps (see Appendix A). We made this change directly to the
model without changing the number of states, and then immediately proceeded with a search for appropriate transition
probabilities.

2.2.10. Rules-as-agents framework allows rapid hypothesis testing
One reason agent-based modeling is a ﬂexible, attractive
approach for modeling biological systems is that rules can take
any form, including algebraic equations, differential equations,
and propositional logic statements. The varied ways rules can be
deﬁned make it challenging to systematically compare agentbased models. More recently, parameter searches have been
employed to optimize agent-based models (Ropella and Hunt,
2010), and results of parameterized models have been compared
iteratively with experiments (Engelberg et al., 2011; SheikhBahaei and Hunt, 2011). We advance this by allowing the form,
frequency and sequence of cell behaviors to be rapidly exchanged,
through development of the ‘‘Rules-as-Agents’’ (RAA) approach
(Fig. 5a). In the RAA framework, rules themselves are agents and
independent from the agents that they control. The framework
also provides ﬂexibility and modularity that allow candidate rules
to be interchanged in order to discover rule combinations that
better predict in vitro growth (Fig. 5c).
Our ﬁrst application of the RAA framework was to test out the
two different hypotheses for cell migration derived from Boyden
chamber and scratch assays and the effect of different sequences

of cell behaviors. In addition, each individual rule was used by
both the constant-action models and the state machine models.
2.3. Genetic algorithm searches for optimal transition probabilities
The reuse of individual rules from the constant-action models
leaves transition probabilities to be determined for a state
machine model. We determine transition probabilities by searching for a set of probabilities that result in model behavior that
best matches the in vitro measurements of total sprout length,
branch count, and average branch length. We use a genetic
algorithm to accomplish this. Each possible state machine model
is represented as a vector of transition probabilities. The genetic
algorithm scored each model by ﬁrst simulating it 20 times in
each of 6 initial conditions: 0 ng/ml VEGF and 0 ng/ml BDNF;
0 ng/ml VEGF and 50 ng/ml BDNF; 0 ng/ml VEGF and 100 ng/ml
BDNF; 25 ng/ml VEGF and 25 ng/ml BDNF; 25 ng/ml VEGF and
50 ng/ml BDNF; and 50 ng/ml VEGF and 0 ng/ml BDNF. The
simulation results were converted to a model score by comparing
18 values (the average total sprout lengths, branch counts, and
branch lengths for each initial condition) to measurements from
the in vitro assays. The score for a model is the 18-dimensional
distance (in units of standard deviations) between the model
results and in vitro results:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
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Fig. 6. Comparison of selected simulation results for the M–P–B, M2–P–B, M–P–M–B and state machine models and in vitro results after 24 h.
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where I is the set of initial conditions, M is the set of measurement types, vi,m is the average of in vitro measurement m for the
initial condition i, si,m is the standard deviation of the in vitro
measurement m for condition i. It is convenient to think of the
score as a distance measurement in units of standard deviations
between in vitro results and model results. Note that the score is
actually dimensionless. The genetic algorithm was run for 100
steps at a time. See Appendix A for details on the repopulation of
models across generations. To better employ the genetic algorithm as an optimization tool and uncover transition probabilities
that represented the experimental data, the best scoring models
were used as initial populations of subsequent runs of the
algorithm.

2.4. Principle component analysis identiﬁes key transitions
Principle component analysis (PCA) was performed on the
entire set of models created during all runs of the genetic
algorithm in order to identify key transitions in cell behavior
corresponding to the capillary growth observed in vitro. Each
model’s 28 transition probabilities were ﬁrst reduced to 20.
(The probabilities of transitions leaving a state sum to 1, and
this restriction means the remaining 8 probabilities can be
determined when the 20 are known). We then performed
PCA on all models using the reduced set of probabilities. The
best scoring models were those that on average were within
one standard deviation of in vitro results for each measurement
(score o4.2426).
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3. Results
We model three cell behaviors by rules based on experimental
observations: migration, proliferation and branching. Facilitated
by the RAA approach, we then place these individual cell behaviors in context of an organizing structure by the use of a
constant-action model, which applies these behaviors in a predetermined sequence per time-step. To reproduce in vitro data
more closely than the constant-action model allowed, we next
developed state machine models to represent cell behavior, in
which the cells do not switch states in a constant sequence but
with speciﬁed probabilities. These probabilities are derived from
our in vitro vessel level data with the help of genetic algorithm.
Finally, to cluster good state machine models and to ﬁnd the
optimal cell behavior patterns as a function of BDNF and VEGF
stimuli, we performed PCA analysis.
The three constant-action models were simulated using six
initial growth factor combinations. Fig. 6 shows example capillary
growth from the models and the in vitro spheroid assay for the
same conditions after 24 h with the addition of VEGF and/or
BDNF. Quantitative results are presented in Fig. 7 for total vessel
length and branch counts for 20 simulations of each model and
10–12 in vitro spheroids per condition. The three constant-action
models yielded more overall vessel length and branching than the
in vitro angiogenesis assays under all conditions. We also computed p-values for Welch’s t-test comparisons of model results
and in vitro measurements for total vessel length and branch
count. For each model and measurement, the null hypothesis is
that the model’s mean and the in vitro mean are equal. Using this

Fig. 7. Quantitative results for angiogenic measurements after 24 h for three constant-action models (M–P–B, M2–P–B, M–P–M–B), the state machine and in vitro assays.
(a) Overall vessel growth. (b) Branching. Comparison of in vitro and model measurements for: (c) total vessel growth, and (d) branching. The y-axis displays the probability
of the model output having equivalent means to the experimental measurements. The absence of bars indicates values between 0 and the minimum scale value. Conditions
refer to the concentration of VEGF and BDNF in ng/ml; V ¼VEGF, B¼BDNF.
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metric, higher p-values indicate a greater probability of model
results matching in vitro data (Fig. 7c and d).
Figs. 6 and 7 show that the M–P–B and M2–P–B models
produce similar linear sprout growth across the combinations of
growth factors tested. In contrast, Supplementary Fig. C.3a shows
the difference in predicted migration distance (without regard to
stalk cell elongation) between the two rules. The Boyden chamber
migration rule yields more motile tip cells, but in its implementation, there is negligible long term difference compared to the
scratch assay (Supplementary Fig. C.3b). This is because the initial
dimensions of the ﬁrst sprout cells allow them to elongate enough
for the difference in migration distances to be clearly evident, but
the cell volume increases at each time-step are so low that after
the third time-step, the limits on cell elongation severely cap
migration distance and effectively hide the difference between
the two migration rules.
3.1. Cells as state machines capture cell behavior patterns
However ubiquitous the use of 2D migration and proliferation
assays as angiogenesis screens, the assays rarely predict 3D
in vitro results, let alone in vivo or human trials (Goodwin,
2007; Phung and Dass, 2006; Staton et al., 2009). One reason for
the discrepancy is that the 2D environment provides different
mechanical stimuli and growth factor distribution compared to a
3D assay (Grifﬁth and Swartz, 2006; Lee et al., 2011). Another
reason is the cellular events do not exist in isolation like the
monolayer assays assume (Zervantonakis et al., 2011). In fact,
migration of one cell affects whether an adjacent cell will
proliferate or migrate (Yung et al., 2009). The migratory state of
a cell also affects whether the cell itself will continue to migrate
or decide to proliferate over the next several hours. Ultimately,
synergy or inhibition between cell events leads to complex
behavior that migration and proliferation assays do not capture.
Moreover, existing computational models also do not model this
interaction. In order to study synergy and inhibition between
behaviors, we augmented our agent-based model with a state
machine representation of cell activities.
23,130 state machines were created by the genetic algorithm. Models were scored according to the Euclidean distance,
as measured in standard deviations, between their simulation
results and in vitro measurements. Scores assigned to models
during actual runs of the algorithm ranged from 3.13 to 607.
A model whose performance was one standard deviation away
from eachpof
ﬃﬃﬃﬃﬃﬃthe 18 average in vitro measurements received a
score of 18  4:2426. Accordingly, we deﬁned a good state
machine as one that received a score of less than 4.2426. The
genetic algorithm found 5159 (22%) good models. Both quantitative and qualitative results of the state machine more
closely matched in vitro data than the constant-action models
(Figs. 6 and 7).
The genetic algorithm played an important part in ﬁnding
state machine transition probabilities. Both the best and worst
scoring models of a population improved over generations (Supplementary Fig. C.4a and b), demonstrating the algorithm creates
models better than those created at random.
In order to evaluate how properties of the good state machine
models related to all other models considered, and whether there
were trends of biological signiﬁcance, principle component analysis was performed on all models. Table 5 shows the loading
vectors of the ﬁrst three principle components. The ﬁrst, second,
and third principle components accounted for 22%, 18% and 14%
of the model variation. Much of the variance in models along the
ﬁrst principle component is due to differences in just four key
transition probabilities: tip cell idle to migration; tip cell branching to migration; tip cell branching to branching; and stalk cell

Table 5
Loading vectors of the ﬁrst three principle components computed from all models
generated by the genetic algorithm.
Tr an si t ion
idle → migration

Tip
Tip idle → proliferation
Tip idle → branching
Tip migration → migration
Tip migration → proliferation
Tip migration → branching
Tip proliferation → migration
Tip proliferation → proliferation
Tip proliferation → branching
Tip branching → migration
Tip branching → proliferation
Tip branching → branching
Stalk idle → proliferation
Stalk idle → branching
Stalk elongation → proliferation
Stalk elongation→ branching
Stalk proliferation → proliferation
Stalk proliferation → branching
Stalk branching → proliferation
Stalk branching → branching

PC1

PC2

0.46240
0.05130
0.15880
-0.06460
0.06170
-0.13730
-0.01460
0.02070
-0.03080

0.19970
-0.01800
-0.22790
-0.39530
0.02170
0.19920
0.15400
0.15450
-0.33240

-0.00180
-0.00330
-0.29140
0.34690
-0.19110
-0.26900
-0.01080
-0.04030
0.15870

PC3

0.33670

-0.09970

0.32120

0.08750

0.05580

0.13870

-0.38230
0.08490
-0.00920
-0.17220
0.13050
0.10880

0.08900
0.00530
-0.47270
0.10420
-0.03920
0.15100

-0.44150
-0.11680
-0.07220
0.17600
-0.31090
0.02430

-0.61910
0.11400
0.02450

0.00990
0.14880
-0.50140

0.26890
0.11500
-0.33010

proliferation to branching. Fig. 8a shows that the good models
form three clusters when plotted along the ﬁrst three principle
components. Average cell behavior transition probabilities for
these models are given in Table 6. Notably, they reveal a tendency
for tip cells, once idle, to remain idle, and for a stalk cell’s
idle state to inhibit proliferation in its next time-step. In the
time-step after elongation, a stalk cell is most likely to proliferate.
Tables 7 and 8 support these observations and give the expected
amount of time that the average good state machine would spend
in each state and the expected frequency of each transition. Time
series images and a video showing the predicted behavior transitions over 2 h for control conditions and stimulated 25 ng/ml
VEGF and 50 ng/ml of BDNF of the lowest (best) scoring state
machine model shows the cell states by color (Fig. 8b, Supplementary Videos 1 and 2).
As a test of the state machine model’s predictive ability, our
best scoring state machine model was simulated in 25 ng/ml
BDNF, a new condition for which we also had in vitro data, for
both 24 and 48 h. (All model scoring by the genetic algorithm was
for 24 h). Overall vessel length is compared in Fig. 9a, and b
provides a visual comparison of simulated and in vitro sprouts.
The average overall vessel length of the 24 h simulation is near
the in vitro vessel length and falls between the model results at
0 ng/ml BDNF and 50 ng/ml BDNF (cf. Fig. 7a). State machine
overall vessel length measurements were statistically indistinguishable from in vitro results at 24 h (p-values for the Welch’s ttest were 0.420 for the 24 h simulations and 0.037 for the 48 h
simulations).

4. Discussion
Our computational strategy to characterize the sequence and
magnitude of cell activities, allows us to quantify how cell
behaviors inhibit or augment each other as a function of
hypoxic-response associated growth factors. Thus far, the established research literature has studied these behaviors as if they
were independent of each other (Supplementary Table D.1). Our
results, in contrast, demonstrate how cell migration, proliferation,
and branching as functions of local VEGF and BDNF levels can
combine synergistically to form new capillary networks from a
three-dimensional spheroid of endothelial cells.
Additionally, our results show that a Rules-as-Agents approach
to agent-based modeling facilitates the creation and testing of
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Fig. 8. Best scoring state machines. (a) Best scoring models plotted along the ﬁrst three principle components. The color bar indicates model score. (b) Examples of the best
scoring state machine model sprout growth for: Top: Control. Bottom: 25 ng/ml VEGF, 50 ng/ml BDNF. Cell states are color coded at their respective time-steps:
Green ¼ Idle, Blue¼ Proliferation, Yellow¼Branching, Red¼ Migration, Black ¼Elongation. Bar¼ 100 mm.

Table 6
Average transition probabilities of the best (score o4.2426) models found by the
genetic algorithm.

Table 7
Average expected applications of each behavior rule by cell type over 24 timesteps. These estimates were computed from the state machine speciﬁed in Table 6.
Tip (%)
Idle
Migr./Elong.
Prolif.
Branching

Stalk A (%)

68.87
49.60
8.24
8.24
2.55
6.41
20.33
35.74
Stalk A—adjacent to tip cell.
Stalk B—not adjacent to tip cell

Stalk B (%)
56.29
0.00
4.02
39.69

biological hypotheses via computer. It provides a framework to
rapidly test different rules and rule organizations for governing cell
(or agent) behavior. The separation of rules from the agents that
they control and their promotion to the status of agents allows the
power of agent-based modeling to apply to the development of
rule structure—an entirely novel approach. This technique assists
in both the evolution and also the sharing of agent-based models.
In previous agent-based models of angiogenesis, the rules that
govern agent behavior are part of the agents themselves rather
than independent agents. On the other hand, the use of the RAA
approach along with Java’s packages and dynamic linking feature
permit ‘‘plug and play’’ rule modules that can be selected and
exchanged at program run-time. This ability speeds the testing of
models and also gives the model implementer greater ﬂexibility in
creating programs. As such, the RAA approach provides a
Please cite this article as: Long, B.L., et al., Cells as state machines: Cell behavior patterns arise during capillary formation as a function
of BDNF and VEGF. J. Theor. Biol. (2013), http://dx.doi.org/10.1016/j.jtbi.2012.11.030i
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Table 8
Average expected usage of individual state machine transitions over 24 timesteps. These estimates were computed from the state machine speciﬁed in Table 6.

Tip cell

Stalk cell
Adjacent to tip

Not adjacent tip

Transition

Expected usage (%)

Idle-idle
Idle-migration
Idle-proliferation
Idle-branching
Migration-idle
Migration-migration
Migration-proliferation
Migration-branching
Proliferation-idle
Proliferation-migration
Proliferation-proliferation
Proliferation-branching
Branching-idle
Branching-migration
Branching-proliferation
Branching-branching

56.49
1.79
0.92
9.79
2.40
3.49
0.24
2.07
1.24
0.50
0.12
0.68
7.39
2.82
1.39
8.67

Idle-idle
Idle-proliferation
Idle-branching
Elongation-idle
Elongation-proliferation
Elongation-branching
Proliferation-idle
Proliferation-proliferation
Proliferation-branching
Branching-idle
Branching-proliferation
Branching-branching
Idle-idle
Idle-proliferation
Idle-branching
Elongation-idle
Elongation-proliferation
Elongation-branching
Proliferation-idle
Proliferation-proliferation
Proliferation-branching
Branching-idle
Branching-proliferation
Branching-branching

29.22
0.36
20.16
2.88
3.33
1.99
1.34
0.57
4.46
18.40
3.09
14.19
33.13
0.41
22.85
0.00
0.00
0.00
0.84
0.36
2.80
20.42
3.43
15.75

framework in which new cell behavior rules can be added and rule
interaction changed with minimal programming. In this paper, we
showed the utility of the RAA approach in testing out the effects of
different hypothesized migration behaviors and sequences on
angiogenesis (Figs. 6 and 7).
Notably, the introduction of a distinct frequency component to
individual behaviors via the state machine paradigm allowed us
to create a predictive model that produced results that were on
the whole better matched to the in vitro results, than when we
considered the magnitude (and/or direction) of behaviors alone
(Figs. 6 and 7). This was done with minimal changes to the
individual rule agents, allowing them to maintain ﬁdelity to the
previous research from which the rules were originally derived.
The relative frequency of cell behaviors as represented by transition probabilities gives a new way to characterize our models as
illustrated by the use of PCA to ﬁnd clusters of good models
(Fig. 8a). In general, state machines allow a degree of ﬂexibility in
scaling a model over a range of time-steps that constant-action
models do not allow. At very small time scales, a constant-action
model would implausibly have a cell migrate, proliferate and
branch at almost the same time. For large time scales, a state
machine model could be augmented to allow transitions representing a combination of actions to occur during a time-step.
We also developed a way to rank competing hypotheses for cell
behaviors. Qualitatively, many angiogenesis models produce results
that resemble vessel growth, whether the modeling involves

Fig. 9. Model predictions for new cases. (a) Quantitative comparison of in vitro
overall growth vs. state machine results for criteria (25 ng/ml BDNF and 48 h) not
used by the genetic algorithm for state machine selection. (b) Sprout images
comparing state machine performance and in vitro observations under the
novel conditions. Cell states are color coded at the last time-step: Green¼ Idle,
Blue¼ Proliferation, Yellow¼ Branching, Red¼ Migration, Black¼ Elongation.
Bar¼100 mm. (For interpretation of the references to color in this ﬁgure legend,
the reader is referred to the web version of this article.)

differential equations (Chaplain and Anderson, 1996), cellular automata or agents (Bailey et al., 2009; Peirce et al., 2004), or algebraic
assumptions (Ji et al., 2006); whether it is 2D or 3D (Qutub et al.,
2009a), and whether it employs a Cellular Potts energy minimization assumption (Bauer et al., 2007) or not (Qutub et al., 2009a,
2009b). In select studies, some model output is compared quantitatively with experiments (Bentley et al., 2009; Jakobsson et al., 2010;
Peirce et al., 2004; Serini et al., 2003; Thorne et al., 2007). However,
there have been no systematic studies exploring the performance of
competing angiogenesis models. Here, we quantiﬁed the criteria for
‘goodness’ and ranked competing models. We proposed a strategy
where a genetic algorithm runs and scores thousands of agent-based
models to choose the sets of cell behavior transitions that correspond
best to the observed growth and branching from our experimental
assays. This approach is a step towards reverse engineering angiogenesis in terms of individual known cell behaviors. Typically, based
on model output, parameters are adjusted in order to align the
output with experimental observation. However, we started with no
a priori theory on cell behavior interactions and used in vitro
measurements to guide construction of a state machine that controls
cell actions to replicate capillary structure.
The key outcome of this analysis is our ability to show distinct
patterns in cell behaviors that could give rise to unique capillary
phenotypes in the presence of the growth factors VEGF and BDNF
(Fig. 8b and Supplementary Videos 1and 2). The transition probabilities of our state machine directly predict the likelihood of an
endothelial cell performing an action based on its last activity. It is of
interest to note that in the best scoring models, in the time-step
after elongation, a stalk cell is most likely to proliferate. This works
to the advantage of tip cell migration. An elongated stalk cell is
limited in the amount it can be further elongated, and hence limits
subsequent tip cell migration distance, unless the stalk cell
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proliferates between elongation phases. In addition, our state
machine model was able to transcend the set of in vitro measurements used by the genetic algorithm and showed an ability to
predict growth for novel situations (Fig. 9). The state machine model
and its key transition probabilities (Table 6) predict several interesting
cell behavior trends which differ from the constant-action models.
Tip cells spend about 82% of their time making transitions involving
only the idle and branching states (Tables 7 and 8). Since the
probability of branch formation is very low (5–10% per the branching
rule and Section 2.2.6), tip cells often remain inactive. In this model,
inactivity represents any cell behavior other than migration, proliferation, or branching. Hence, an inactive cell can be performing other
activities vital to its own existence or ﬁlling an unspeciﬁed (not
modeled) role in the growth of a sprout. On the occasion that a tip cell
migrates, it usually returns to the idle/branching state or migrates
again. Although an immediate, second migration behavior yields little
movement (Supplementary Fig. C.3b), it does serve to stimulate
proliferation in the adjacent stalk cell about 40% of the time. Finally,
proliferation is done rarely by tip cells, less than once every 24 h of
simulated growth. The dominance of stalk cell proliferation over tip
cell proliferation conﬁrms other research on tip cell proliferation
(Gerhardt et al., 2003; Hellstrom et al., 2007). Since a single set of
transition probabilities was selected by the genetic algorithm to apply
to all combinations of growth factors, the transitions in tip cell
behavior described here hold regardless of VEGF and BDNF levels.
Instead, growth factors manifest themselves as changes in migration
distance, proliferation volume, and branching probability. For example
an increase in the local concentration of VEGF will result in more
proliferation for a cell, but not in more frequent proliferation.
Similarly, stalk cells also spend much of their time in the idle
and branching states. Although proliferation is relatively rare for a
stalk cell, if any stalk cell does proliferate, it can result in its sprout
tip moving (provided that there are no branches between the
proliferating cell and the sprout tip) as described in Section 2.2.5.
Thus stalk cells collectively act to push the sprout tip forward.
In total, these results lend support to pro-angiogenic therapeutic
approaches that target both proliferating stalk cells and activated
cells in an ‘‘idle’’ state to help control vasculature phenotypes,
through the use of combinatorial BDNF and VEGF stimulation.
Despite low rates of proliferation, the contribution of endothelial
cell proliferation to the vascular phenotype is biologically signiﬁcant
through its inﬂuence on elongation, and statistically, it is a dominant
factor in determining overall vessel length and branching
(Tables 5 and 6). Results also support that BDNF and VEGF levels
contribute to the frequency of cell branching behaviors, and hence
modulation of BDNF and VEGF signaling could potentially be used to
as a means to regulate capillary network branching. In terms of the
interactions between VEGF and BDNF and their inﬂuence of vessel
morphology, the model and assays support an additive role of the
two growth factors in their contribution to vessel length (Fig. 7a),
which is consistent in endothelial cells with a proposed feedforward loop between BDNF–HIF1a–VEGF, previously shown in
neuroblastoma cells (Nakamura et al., 2006). Targeting both of these
compounds, rather than one, would then be expected to yield the
greatest control of endothelial cell proliferation and branching
frequency, and hence overall growth potential. Notably, the vessel
branching rate appears signiﬁcantly more stochastic in vitro and in
our state machines than overall vessel length, and less inﬂuenced by
levels of the two growth factors (Fig. 7b).
Along with the beneﬁts of the model, limitations of the current
implementation should also be noted. VEGF and BDNF concentrations
were assumed uniform in space and constant in time. This does not
reﬂect the behavior of these growth factors in in vivo circumstances
and simpliﬁes the in vitro conditions. Only three basic cell behaviors
were modeled, whereas other behaviors such as anastomosis and
apoptosis have also been identiﬁed as playing a part in angiogenesis.
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The current study has also been limited to the ﬁrst 24 h of sprout
growth. The RAA framework of our modeling paradigm allows for
these and other considerations to be readily revised as our experimental knowledge expands.
Since our starting point relies on our interpretation of in vitro
observations of cell actions as distinct behaviors we call ‘‘migration’’, ‘‘proliferation’’, and ‘‘branching’’, our model is subject to
reﬁnement as we learn more about endothelial cell behavior.
We are open to the possibility that an attempt to map, say,
migration to subcellular processes may reveal a constellation of
microstates that combine to effect migration and other behaviors.
Still, we are conﬁdent that our approach would be applicable and
could help to form a descriptive bridge between the original cell
behaviors that we have observed and cellular processes that may
be better described by other modeling techniques.
In sum, the results presented here are a step towards understanding and quantifying patterns of cell behaviors as a function
of the local microenvironment. We have predicted the patterns of
endothelial cell decisions (‘‘behavior signatures’’) which gave rise
to unique capillary phenotypes as a function of VEGF and BDNF,
shown the utility of the state-machine paradigm in capturing cell
behaviors, and uncovered key behavior transitions that can now
be tested experimentally. Recently proposed regenerative therapies aimed at stroke and neurodegenerative diseases share a
common feature: they are multi-modal and affect multiple cell
behaviors (Freeman and Barone, 2005; Harten et al., 2010;
Wu et al., 2010; Zhang and Chopp, 2009). By applying our modeling
to new growth factor conditions or targeting cell behaviors in the
state machine, the presented approach can be used to help test and
guide the development of vascular regenerative therapies.
5. Conclusions
We presented an integrated experimental–computational strategy
to characterize cell behavior patterns from capillary structures. The
state machine paradigm allowed us to explore the difference between
the frequency and intensity of cell behaviors. A key beneﬁt of this
approach is to understand how the synergy or inhibition between cell
events leads to complex behavior that migration and proliferation
assays do not capture. Using our technological advances, we predicted
the patterns of endothelial cell decisions which gave rise to unique
capillary phenotypes as a function of combinations of VEGF and BDNF
levels. These results offer the ability to understand – and ultimately
help to control – human cell behavior of the microvasculature. Our
RAA framework allows rapid hypothesis testing, useable in research
across labs and ﬁelds. Overall, the integrated state machine-genetic
algorithm introduced here can be broadly applied to study patterns in
cell behavior, which can in turn be linked to molecular signaling.
Insight from this work will allow us to help guide vessel regeneration
strategies for neurovascular diseases.
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Appendix A. Methodology of the Agent-Based Model Implementation
1. Model Details
1.1 Determination of Cell Proliferation Rates
The rule for a cell’s volume increase was determined from in vitro experiments. First, a baseline
proliferation rate for endothelial cells was calculated from the logistic-shaped portion of the growth curve
in previous research on proliferation (Varma et al., 2005 ). This was approximated by the Verhulst model
(Verhulst, 1838) relating population and time:
𝑑𝑁
𝑁
= 𝑟𝑁 �1 − �
𝑑𝑡
𝐾

where 𝑟 is the growth rate and 𝐾 is an asymptotic population maximum. The solution can be expressed

as:

𝑁(𝑡) =

𝐾𝑁0
(𝐾 − 𝑁0 )𝑒 −𝑟𝑡 + 𝑁0

where 𝑁0 is the size of the initial population. This curve can be fit to the data by first re-expressing it:
We then let:

𝐾𝑁0
ln �
− 𝑁0 � = −𝑟𝑡 + ln (𝐾 − 𝑁0 )
𝑁(𝑡)
𝐾𝑁0
− 𝑁0 �
𝛼 = ln �
𝑁(𝑡)

The linear regression of Supplementary Figure C.1c then gives the baseline endothelial growth rate
parameter, gbaseline. This calculation of the growth rate is then used in a uniform way that is consistent with
constant-action models – that a growth rate for a group can be uniformly applied to individual cells
provided that each cell performs its proliferation behavior at each time-step. (Equation 4A) However, in a
state machine model, this situation is different because proliferation need not be performed at every timestep. A rate of volume increase for when a cell is actually proliferating is required. Under the assumption
that at any moment, nactive fraction of a group of cells is actively proliferating, the baseline growth rate is
adjusted as per Equation 4B.
Studies have shown a positive correlation between BDNF and endothelial cell proliferation (Lam
et al., 2011) and proliferation related metrics such as vessel density (Kermani et al., 2005), vessel length
(Kim et al., 2004) and vessel structure count (Hu et al., 2007). However, BDNF is introduced into the
biological system of study by many ways, such as by injection into tissue (Hu et al., 2007) and genetically
engineering cells to produce BDNF (Kermani et al., 2005; Kim et al., 2004; Lam et al., 2011), that cannot
readily be translated into our model. Since all of these correlations are positive compared to control, we
decided to include the effect of BDNF on proliferation as a threshold model (see Equation 4A).
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1.2 Modeling of Growth Factors
VEGF and BDNF concentrations were modeled as being uniform in space and constant in time.
Endothelial cells in the model sense these levels, but do not alter them.
1.3 Cell Junctions
There are only two types of sprout cell junctions: two-cell junctions and three-cell junctions. A
two-cell junction is typical along a sprout and is formed from two cells when the rear end of a cell is
connected to the front end of the cell behind it. A three-cell junction is formed when a branch is created.
A new branch cell has its rear end connected at the same point as the original cell. Thus the rear ends of
two cells are connected to the front end of another cell. Since there are no four-cell junctions, a sprout
can split into two branches, but not more than two at any particular location.

2. Genetic Algorithm
A genetic algorithm is a biologically inspired search technique that abstractly mimics evolution
(Whitley, 1994). An initial generation of a population is created (usually at random) and each member is
assigned a fitness score. Members with better scores survive into the next generation where they are used
to create new members to replace those that did not survive. This score-cull-regenerate cycle typically
repeats until a limit in the number of generations is reached or an acceptable member is found. See Figure
5e. A genetic algorithm is useful when the structure of the set of possible members to be searched is not
well understood. It is also appropriate if the search space has local minima. In our model the fitness score
was defined by the 18-dimensional distance between the model results and experiments (Equation (*),
Section 2.3).
Each successive generation was replenished with new models created by combining two
surviving models. To create each new model, two different surviving models were selected at random.
For each transition probability in the new model one of the corresponding transition probabilities was
selected at random from the two models with probability p that the transition from the higher scoring
(worse) model would be chosen. The selected probability was then mutated by scaling it by a randomly
selected factor between 1 – m and 1 + m. After these values are computed, they are normalized so that for
each state, probabilities of outgoing transitions sum to 1 (see Figure 5f). Both p and m are functions of the
generation number and decay towards 0. The intended effect is that models created in later generations
are more similar to a parent model than those created in earlier generations.
Performance of the genetic search was measured in terms of the best and worst models at each
generation. Supplemental Figure C.4a shows how the score of the best model changed during the first 8
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runs of the algorithm. Each time, the search procedure started with a population of models randomly
created. The preservation of the top models across generations by our implementation acted as a ratchet
that prevented the top model at each generation from having a worse score than that of a previous
generation. This raised the question that our method for creating new models to replenish a culled
population might be no better than simply creating new models at random. In the case of replenishment
by randomly created models, we would expect that the worst model at each generation would usually be a
newly created one and its score subject to fluctuations both up and down due to the random way in which
it was created. Supplemental Figure C.4b shows that although there were slight fluctuations, the scores of
the worst models dropped in a manner similar to that of the best models. Hence each population as a
whole was being improved by our method of creating new models in a way that replenishment at random
could not.

3. Implementation Notes
3.1 Rules-As-Agents
To rapidly explore and test different ways that rules for behaviors can be combined, we
developed a Rules-As-Agents architecture (RAA). Typically in agent-based modeling, the rules that
control an agent are considered to be part of the agent itself (Fig. 5a). The RAA separates the rules from
their cell agents and promotes them to the status of agents themselves. Migration, proliferation, and
branching rules are separate entities from cells. To organize these rules, we created a rules manager. The
rules manager is responsible for controlling rule interactions and also serves as a central receiver of
behavior requests from cell agents (Supplementary Fig. 5a). A standardized rule-cell interface was
defined for rule agents to command cell agents to act.
3.2 Modularity
The simulator was designed with the goal of allowing independent development of modules for
basic endothelial cell behavior, angiogenesis rules controlling endothelial cells, growth factor diffusion
rules, physical geometry, and a graphical user interface. Along with this goal was the desire to limit the
extent to which modules could interfere with each other.
The implementation architecture is given in Supplementary Figure C.5a. Simulations are
controlled by the model environment module which serves as the simulation engine. It starts/initializes all
other modules, serves parameters, steps the agents during the simulation, and collects statistics.
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3.3 Simulations
The models were implemented in the Java programming language (version 1.6) using the
MASON simulation toolkit (http://cs.gmu.edu/~eclab/projects/mason/). Simulations were performed on a
Lenovo TS200 server with 24 GB of main memory running Red Hat Linux. Simulation output was
rendered by the POV-Ray ray tracing tool (version 3.6.1). Principle component analysis was done in
MATLAB (version 7.10.0).
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Appendix B. Quantification of Results
Measurements
Measurements of simulation results were taken directly from the implementation’s data
structures. In order to be consistent with in vitro measurements, simulation measurements were taken
after the three-dimensional sprout data was projected onto the Z=0 plane. The sphere into which the initial
cells were packed was also projected onto the same plane. Any sprout growth or branches within this
circular projection were not measured. Sprout lengths were calculated by summing the lengths of cylinder
axes. Branches were identified by locating the rearmost point of the branch, where two cylinder axes
intersect. Thus if a branch started within the circular projection of the initial cell cluster, the growth was
not considered as a branch, but the part or parts of it outside of the sphere projection were included in the
total growth measurement.
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Appendix C. Supplementary Figures
Supplementary Figure C.1. Model parameter derivation. Graphs depicting how the rules were obtained
for migration using the scratch assay (a), migration using the Boyden chamber assay (b), baseline
proliferation (c), and proliferation as a function of VEGF (d).
Supplementary Figure C.2. An example of state machines for tip cells and stalk cells. Each transition is
labeled with a probability. The dashed arrow represents a tip cell's migration state forcing its adjacent
stalk cell to its elongation state.
Supplementary Figure C.3. Migration rule performance. (a) Comparison of migration rules derived
from the Boyden chamber assay and the scratch assay without regard to the effects of stalk cell
elongation. Distance is per one hour time-step. (b) Actual migration distances over the course of a
simulation at VEGF 50ng/ml. Each time-step is one hour. The ability of a stalk cell to increase its volume
and then elongate limits tip cell migration distance.
Supplementary Figure C.4. Genetic algorithm performance. Scores of the best (a) and worst (b) models
at each generation for 8 runs of the genetic algorithm. First generation worst model scores are not
displayed and ranged from to 63.5 to 607.4.
Supplementary Figure C.5. Model implementation. (a) Model Architecture. The rule-oriented portion of
the model is at left. An arrow from one module to a second indicates method invocation of the second by
the first. (b) Flow diagram showing behavior of endothelial cells in a time-step. The order of cell events is
a model parameter.
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Supplementary Figure C.1.
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Supplementary Figure C.2.
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Supplementary Figure C.3.
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Supplementary Figure C.4.
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Supplementary Figure C.5
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Appendix D. Supplementary Tables
Supplementary Table D.1. Summary of cell behaviors modeled in discrete angiogenesis models that
explicitly mention the order of behaviors.
Supplementary Table D.2. Migration parameters.
Supplementary Table D.3. Proliferation parameters.
Supplementary TableD.4. Branching parameters.
Supplementary Table D.5. Activation and morphological parameters.
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Supplementary Table D.1.
Model Reference

Discrete Behaviors

Behavior Interactions

(Bauer et al.,
2007; Bauer et al.,
2009)
(Bentley et al.,
2009; Jakobsson et
al., 2010)

Mitosis,
proliferation,
migration
Filopodia retraction,
Cell shuffling

(Chaplain, 2000)

Branching, mitosis

(Das et al., 2010)

Migration,
proliferation,
apoptosis
Migration,
proliferation,
branching,
elongation,
phenotypic changes
Proliferation,
differentiation,
migration

Cells have clocks to indicate place in cell cycle. Cells
cannot proliferate and chemotactically move at the same
time.
Retraction starts after the top membrane agent has failed
to extend for some number of consecutive time-steps.
Cells shuffle (swap) positions with probabilities
determined by active Notch level and VEGFR-2 receptor
level.
Branching is allowed after some threshold age when
sufficient space is available. Cell division on an 18 hour
cycle after 36-48 hours.
Transitions to the start of each cell behavior are
probabilistic and functions of the cell’s local environment

(Qutub and Popel,
2009)

(Peirce and
Skalak, 2003;
Peirce et al., 2004)
(Thorne et al.,
2011)
(Shirinifard et al.,
2009)

Proliferation,
apoptosis, matrix
production and
degradation
Proliferation,
migration

(Merks et al.,
2006)

Elongation,
migration

(Szabo et al.,
2008)

Elongation,
migration

(Milde et al.,
2008)

Migration,
branching,
anastomosis
Migration,
branching

(Merks and
Glazier, 2006;
Merks et al., 2008)

All cells respond independently to a set of rules.
Rules for the tip and stalk cells depend on each other: tip
cell migration drives stalk cell elongation; stalk cell
growth leads to tip cell migration
Cells independently express select migration-promoting,
proliferation-, and differentiation-regulating growth
factors if a certain set of pre-defined conditions are met.
Cell-cell contact stimulates differentiation.
Cells respond independently to a set of rules. Interactions
are governed by growth factor production.
Vascular endothelial cell patterning defined by
chemotaxis. Contact-inhibition defines neovascular
growth.
Endothelial cell elongation is driven by cytoskeletal
remodeling. Cells respond independently to a set of rules
governing chemotaxis.
Cells are preferentially guided toward adjacent elongated
cells via a modified energy minimization (Cellular Potts)
model.
Cells respond independently to chemotactic and
haptotactic directional cues. Cell cycle enforces a refractor
period between deterministic branching events.
Cells secrete chemoattractant to allow for auto-/intercellular signaling. Cell-cell contact inhibition allows for
sprouting and vascular network organization.
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Supplementary Table D.2.
Migration Parameters
Name

Description

Value

Reference

mbaseline

Baseline cell migration speed
(Equations 1,2A, 2B)

6.2 µm/hr

(Korff and Augustin, 1999;
Rupp et al., 2004)

c1

Cell migration constant (Equation 2A)

0.1894 ml/ng

(Nakashio et al., 2002; Noiri et
al., 1998; Wilson et al., 2006;
Yamaguchi et al., 1999)

c2

Cell migration constant (Equation 2B)

1.863 1/ln(ng/ml)

(Dimmeler et al., 2000)

c3

Cell migration constant (Equation 2B)

137.4

(Dimmeler et al., 2000)

maxmigration

Maximum total migration speed
(Equation 1)

40 µm/hr

(Stokes et al., 1991)

wpers

Weight of persistence vector (Equation
3)

3

Approximates observed in vitro
tortuosity

wgrad

Weight of VEGF gradient (Equation 3)

1

Approximates observed in vitro
tortuosity

wrand

Weight of random vector (Equation 3)

.05

Approximates observed in vitro
tortuosity

θmig

Maximum deviation of migration

90°

Prevents backwards turns
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Supplementary Table D.3.
Proliferation Parameters
Name

Description

Value

Reference

r1

Cell VEGF growth rate (Equation 4A)

0.032577 ml/ng

(McLaughlin and De Vries,
2001; Wilson et al., 2006;
Wu et al., 2006; Wu et al.,
2000)

r2

Cell growth BDNF threshold (Equation 4A)

0 ng/ml

Estimated from in vitro
observations

r3

Cell BDNF growth rate (Equation 4A)

0

Estimated from in vitro
observations

r4

Cell BDNF growth rate (Equation 4A)

1

Estimated from in vitro
observations

gbaseline

Baseline cell growth rate (Equation 4A)

0.027676 1/hr

(Varma et al., 2005 )

nactive

Fraction of cells within a group actively
proliferating at any moment (Equation 4B)

.12

(Bachetti et al., 2004)

lenmin

Minimum possible (proportioned) cell length
for mitosis

20 µm

(Neufeld et al., 1986)

r5

Mitosis probability constant (Equation 5)

0.012617 1/µm

(Neufeld et al., 1986)

r6

Mitosis probability constant (Equation 5)

-0.13738

(Neufeld et al., 1986)

fbranch

Extra branch proliferation factor for constant
action models

4

Selected to approximate in
vitro preliminary branch
length data

pbranch

Forced branch proliferation probability for state
machine models

0.75

Selected to approximate in
vitro preliminary branch
length data

tbranch

Time that fbranch and pbranch are in effect for a
branch after it is created

10 hours

Selected to approximate in
vitro preliminary branch
length data
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Supplementary Table D.4.
Branching Parameters
Name

Description

Value

Reference

θmax

Maximum cell branching angle

90°

Prevents backwards branches

θmin

Minimum cell branching angle

9°

Estimated as 1/10th of
maximum; avoids cell
overlap

b1

VEGF threshold for cell branching probability
b3 (Equation 6)

0 ng/ml

Estimated from in vitro
observations

b2

BDNF threshold for cell branching probability
b3 (Equation 6)

0 ng/ml

Estimated from in vitro
observations

b3

Cell branching probability above VEGF or
BDNF threshold (Equation 6)

0.1

Estimated from in vitro
observations

b4

Cell branching probability at or below VEGF
and BDNF thresholds (Equation 6)

0.05

Approximates in vitro
branching of control case
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Supplementary Table D.5.
Activation and Morphological Parameters
Name

Description

Value

Reference

actVEGFX

Probability of an endothelial cell on the surface of
the embedded spheroid becoming activated due to
local VEGF concentration during a 1 hour period
when [VEGF] = X ng/ml (Eqn. 7)

When X = 0
ng/ml, 0.01

Estimated from in vitro
observations

Probability of a cluster endothelial cell becoming
activated due to local BDNF concentration during a
1 hour period when [BDNF] = X ng/ml (Eqn. 7)

When X = 0
ng/ml, 0.01

lentip

Initial tip cell length

10 µm

Estimated from in vitro
observations

lenstalk

Initial stalk cell length

10 µm

Estimated from in vitro
observations

rinit

Initial sprout radius

4 µm

Approximation of base
width of smallest
discernible in vitro sprout
at 6 hours

rinhibit

Radius of inhibition of an activated cell

3 cells

Approximates observed in
vitro sprout count

dspheroid

Diameter of initial spheroid cluster of cells

120 µm

Selected from our own
spheroids

dsphere

Diameter of each spherical cell in spheroid

13 µm

(Korff and Augustin,
1998)

lb

Length of new branch cells

7 µm

At 6 hours 26% of all in
vitro branches had lengths
of less than 7 microns

rb

Radius of new branch cells

1 µm

Approximation of
narrowest discernible in
vitro branch width at 6

actBDNFX
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When X = 25
ng/ml, 0.90

When X = 25
ng/ml, 0.90

Estimated from in vitro
observations, assumed
identical toVEGF
activation

hours
qmin

Minimum sprout cell length-to-width ratio
(Equation 8)

1

Assumption that a cell
will orient itself along its
sprout

qmax

Maximum sprout cell length-to-width ratio
(Equation 8)

4.5

(Yu et al., 1997)

qdist

Minimum to maximum sprout cell length-to-width
transition distance (Equation 8)

5 cells

Approximate maximum of
longest observed in vitro
sprout

e

Maximum stalk cell elongation factor

0.2

(Wang et al., 2003)
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