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Abstract The tumor-associated microvasculature is one of the key elements of the

microenvironment that helps shape, and is shaped by, tumor progression. Given the

important role of the vasculature in tumor progression, and the fact that tumor and

normal vasculature are physiologically and molecularly distinct, much effort has

gone into the development of vascular-targeting drugs that in theory should target

tumors without significant risk to normal tissue. In this chapter, a multiscale hy-

brid mathematical model of tumor-vascular interactions is presented to provide a

theoretical basis for assessing tumor response to vascular-targeting drugs. Model

performance is calibrated to quantitative clinical data on tumor response to angio-

genesis inhibitors (AIs), preclinical data on response to a cytotoxic chemotherapy,

and qualitative preclinical data on response to vascular disrupting agents (VDAs).

The calibrated model is then used to explore two questions of clinical interest. First,

the hypothesis that AIs and VDAs are complementary treatments, rather than re-

dundant, is explored. The model predicts a minimal increase in antitumor activity

as a result of adding a VDA to an AI treatment regimen, and in fact at times the

combination can exert less antitumor activity than stand-alone AI treatment. Sec-

ond, the question of identifying an optimal dosing strategy for treating with an AI

and a cytotoxic agent is addressed. Using a stochastic optimization scheme, an inter-

mittent schedule for both chemotherapy and AI administration is identified that can

eradicate the simulated tumors. We propose that this schedule may have increased

clinical antitumor activity compared to currently used treatment protocols.
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1 Introduction

Solid tumors maintain their vascular needs through a combination of co-option of

existing host blood vessels and the creation of new blood vessels from existing ones

in a process termed angiogenesis. While a tumor can partially fill its vascular needs

through vessel co-option, growth beyond a few millimeters in diameter and inva-

sion beyond the primary tumor site requires angiogenesis [4]. Therefore, the tumor-

associated vasculature is a key component of the microenvironment that helps shape,

and is shaped by, tumor progression.

The angiogenic process is influenced by a broad range of pro- and anti-angiogenic

molecules, and can also be triggered by microenvironmental cues such as hypoxia

and mechanical stress [4]. While angiogenesis is a speedy process for directing oxy-

gen and nutrients to a tumor mass, the rapid nature of the process results in signifi-

cant differences between angiogenic and normal vasculature. While the architecture

of normal tissue vasculature is generally mature with an organized structure, the

angiogenic vasculature is typically immature, leaky and tortuous [4]. These phys-

iological differences, along with the different repertoire of proteins expressed by

angiogenic vessels, make the angiogenic vasculature and process an exciting target

for drug developers [23]. In particular, drugs that target the angiogenic vessels or

process hold the promise of interfering with tumor growth and spread while having

limited impact on normal tissue and its associated vasculature.

Drugs developed for this purpose are termed vascular-targeting compounds, and

they can generally be classified into one of two categories. First, there are the angio-

genesis inhibitors (AIs) which are designed to inhibit the formation of new blood

vessels via the angiogenic process. These drugs are expected to limit the oxygen

and nutrient supply of the tumor, and as a result indirectly inhibit tumor growth

and metastasis. Many different aspects of the angiogenic process have been tar-

geted through AIs, including inhibiting pro-angiogenic molecules, delivering anti-

angiogenic molecules, blocking angiogenic receptors, and inhibiting the prolifera-

tion of endothelial cells (ECs) that comprise blood vessels [4, 23]. Hundreds of AIs

have been or are currently undergoing clinical trial testing, and in the United States

five AIs have been approved by the Food and Drug Administration: bevacizumab,

sorafenib, sunitinib, pazopanib, and everolimus1. Bevacizumab (Avastin R©), the first

approved AI, has resulted in increased progression free survival times for several

cancer types. However, the impacts of the drug are transient, with regrowth typi-

cally occurring several months after treatment [1].

The second class of vascular-targeting drugs are the vascular disrupting agents

(VDAs). These drugs are designed to selectively target and collapse the vascular

structure inside of an existing solid tumor [13, 16]. Therefore, they differ in their

mode of action from AIs, which attempt to prevent new blood vessel formation

without targeting pre-existing vasculature. No VDAs have been clinically approved

for use in the United States, although a number of VDAs can be found at various

1 http://www.cancer.gov/about-cancer/treatment/types/immunotherapy/angiogenesis-inhibitors-

fact-sheet
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stages in the clinical trial process. A non-exhaustive list includes the microtubule

destabilizing agents derived from combretastatin (fosbretabulin, OXI4503, ombrab-

ulin), plinabulin and vadimezan [18]. In vitro experiments on vascular ECs with

tubulin binding VDAs show that VDAs induce rapid changes in EC morphology

that cause these cells to retract, round and detach [16]. Preclinical studies in animal

models have shown significant reductions in blood flow through the tumor; as one

example, vadimezan has been shown to selectively decrease tumor blood flow and

cause necrosis [18] and as another, studies using fosbretabulin triggered death in as

much as 95% of the tumor mass [26]. Although these preclinical results are promis-

ing, independent of the VDA tested a thin rim of cancer cells survive at the tumor

periphery [26], limiting the antitumor activity of this class of drugs.

Although AIs have not achieved the promising clinical outcomes that were ini-

tially anticipated, and although no VDAs have received clinical approval, there is

still significant research being conducted to determine the optimal schedules, doses

and even the combination of these vascular-targeting drugs [21, 19]. The purpose of

this work is to demonstrate how a validated mathematical model can be calibrated

to predict the efficacy of a hypothetical AI and VDA. With such a calibrated model,

we then ask a number of questions related to drug dosing, scheduling and combi-

nations. In this work, we particularly explore what additional clinical benefits, if

any, are achieved through treating with a combination of an AI and VDA. Using

a stochastic optimization scheme, we also identify an optimal dosing protocol for

treating with an AI and a standard cytotoxic chemotherapeutic agent.

2 Mathematical Model of Tumor Progression and Treatment

The vascular microenvironment of a solid tumor mass is highly heterogeneous. The

properties of individual tumor cells are partially dictated by their proximity to this

heterogeneous vasculature. For these reasons we used an explicit spatial representa-

tion of the blood vessels and a discrete model of cancer cells to study the complex

interactions that occur when a solid tumor grows in a heterogeneous vascular mi-

croenvironment [8].

Before explaining the model we have developed in any detail, it is essential to

understand the co-option-regression-growth experimental framework for tumor evo-

lution in well-vascularized microenvironments [12]. This framework hypothesizes

that a growing tumor mass co-opts the normal blood vessels in the associated healthy

tissue. These vessels express a range of proteins that contribute to their maturation

and stabilization, including the constitutive expression of angiopoietin-1 (Ang-1)

[15]. The process of tumor expansion then leads to the upregulation of the antago-

nist of Ang-1, angiopoietin-2 (Ang-2), in the tumor and the surrounding microenvi-

ronment. Upregulation of Ang-2 creates competition with Ang-1 for binding to their

target receptor, Tie-2 [12]. This competition can result in destabilization of the vas-

culature. A third protein, the hypoxia-inducible VEGF, determines vessel response

to destabilization. Not only is VEGF an anti-apoptotic signal for blood vessel ECs,
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it also promotes EC proliferation and chemotaxis [3]. Vessels destabilized by the

balance of Ang-2 to Ang-1 can therefore survive in the presence of VEGF, and are

marked for regression without sufficient VEGF levels [12]. Vessel regression in the

absence of vessel growth leads to the formation of hypoxic tumor regions that subse-

quently upregulate VEGF production. In turn, the upregulation of VEGF promotes

the formation of new blood vessels via angiogenesis.

2.1 Spatial Model of Tumor-Vascular Interactions

The mathematical framework we have developed to study tumor-vascular interac-

tions is a spatial hybrid cellular automaton model. It is initialized by defining two-

dimensional tissue space using a discrete grid of automaton cells, with each automa-

ton cell representing a cluster of approximately seven biological cells. Overlaid on

top of the cells in the tissue space is a discrete network of microvessels. Tumor

growth is initialized by designating a single automaton cell at the center of the space

to be a proliferative cancer cell. As time progresses in the algorithm, this automaton

cell and its progeny can divide according to their cell doubling time, provided the

cell remains in normoxic conditions. As the cells respond to the oxygen conditions

determined by the microvessels, the vascular network is also modified by the tumor

cells. In particular, the spatial configuration of the cancer cells feeds into a system

of partial differential equations (PDEs) that describe the dynamics of the key lig-

ands involved in vessel evolution: Ang-1, Ang-2, VEGF, and their receptors. The

numerically-determined concentration profile of these proteins at the next day is in-

put into a biologically-inspired set of rules to determine vessel response (growth or

regression) to its protein levels. In turn, the change in vessel configuration alters the

oxygen levels at each cell site, and therefore determines whether each cancerous au-

tomaton cell is normoxic (and capable of proliferating), hypoxic (low oxygen state

without any proliferation), or necrotic (dead) [8]. The algorithm is summarized in

Fig. 1.

To provide more details, the algorithm can be divided into the following steps:

1. Generate discrete grid of cells. We use a Voronoi tessellation of points generated

via random sequential addition of hard circular disks to determine the underlying

two-dimensional lattice for the model. Length scales are determined by defin-

ing tissue space to be 24 mm × 24 mm. Under this assumption, the disks that

determine the size of the automaton cells have an average diameter of 120 µm.

Assuming an average cancer cell diameter of 40 µm, each of the automaton cells

contains approximately seven cancer cells [8].

2. Overlay normal vascular network. A modified Krogh cylinder model is used to

place randomized parallel line segments representing microvessels on a trian-

gular grid until all cells in the space are well-vascularized (within a specified

distance from a vessel). To determine when a cell is well-vascularized, a char-

acteristic diffusion length of oxygen/nutrients in tissue of 250 µm is used [30].
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Fig. 1 Summary of the tumor-vasculature interaction model, partially adapted from [10]. (a) de-

picts the interactions modeled in the system of PDEs given in eqns. (1)-(8), where V represents

VEGF, A1 is Ang-1, A2 is Ang-2. Curved arrows indicate the cell type that produced the refer-

enced protein. (b) depicts the physiological change in the vasculature in response to ligand-receptor

binding. (c) illustrates the potential transition between cell types, where normoxic cells are blue,

hypoxic cells are yellow, and necrotic cells are black. The processes in (a) through (c) are repeated

for as many days of tumor growth as desired.

When a cell is within this distance from a vessel, it is considered normoxic. Oth-

erwise, it is considered hypoxic or necrotic (necrosis occurs when the distance to

the nearest vessel exceeds 1500 µm). The line segments representing vasculature

are constrained so that no two parallel vessels can be too close together, and that

three vessels cannot intersect at one lattice site. More details can be found in [8].

3. Introduce tumor. The center automaton cell is designated as a proliferative cancer

cell, with all remaining cells representing healthy tissue.

4. Tumor and vessel evolution algorithm. Time is discretized into one-day units. At

each time point, the following processes are repeated, as illustrated in Fig. 1.

a. Numerically solve PDEs. A stable forward difference scheme on a triangular

grid is employed to solve the system of PDEs given in eqns. (1)-(8) that de-

scribes the evolution of the key proteins involved in vessel evolution. Variables

are defined as follows: VEGF concentration v, unbound VEGFR-2 (receptor

for VEGF) rv0, VEGF/VEGFR-2 complex rv, Ang-1 a1, Ang-2 a2, unbound

Tie-2 ra0, Ang-1/Tie-2 complex ra1, and Ang-2/Tie-2 complex ra2.

∂v

∂ t
= Dv∆v

︸ ︷︷ ︸

di f f usion

+bvhi

(
h− v2/Kv

)

︸ ︷︷ ︸

production

− k0vrv0
︸ ︷︷ ︸

complex f ormation

+ k−0rv
︸ ︷︷ ︸

breakdown

− µvv
︸︷︷︸

decay

(1)
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∂a1

∂ t
= ba1ei(pi +hi +ni)

(
e0−a2

1/Ka

)

︸ ︷︷ ︸

production

− k1a1ra0
︸ ︷︷ ︸

complex f ormation

+ k−1ra1
︸ ︷︷ ︸

breakdown

−µa1a1
︸ ︷︷ ︸

decay

(2)

∂a2

∂ t
= Da2∆a2

︸ ︷︷ ︸

di f f usion

+ba2ei(pi +hi +ni)
(
e0−a2

2/Ka

)

︸ ︷︷ ︸

production

+ba2hi

(
h−a2

2/Ka

)

︸ ︷︷ ︸

production

− k2a2ra0
︸ ︷︷ ︸

complex f ormation

+ k−2ra2
︸ ︷︷ ︸

breakdown

−µa2a2
︸ ︷︷ ︸

decay

(3)

∂ rv0

∂ t
= −k0vrv0

︸ ︷︷ ︸

complex f ormation

+ k−0rv
︸ ︷︷ ︸

breakdown

(4)

∂ ra0

∂ t
= −k1a1ra0

︸ ︷︷ ︸

complex f ormation

+ k−1ra1
︸ ︷︷ ︸

breakdown

− k2a2ra0
︸ ︷︷ ︸

complex f ormation

+ k−2ra2
︸ ︷︷ ︸

breakdown

(5)

∂ rv

∂ t
= k0vrv0

︸ ︷︷ ︸

complex f ormation

− k−0rv
︸ ︷︷ ︸

breakdown

(6)

∂ ra1

∂ t
= k1a1ra0

︸ ︷︷ ︸

complex f ormation

− k−1ra1
︸ ︷︷ ︸

breakdown

(7)

∂ ra2

∂ t
= k2a2ra0

︸ ︷︷ ︸

complex f ormation

− k−2ra2
︸ ︷︷ ︸

breakdown

(8)

The equation for the three ligands VEGF, Ang-1, and Ang-2 all include the

production by the appropriate cell types (either proliferative/normoxic cells

pi, hypoxic cells hi or necrotic cells ni, where the subscript i denotes an indi-

cator function) with a carrying capacity term, as well as a linear decay term.

Since Ang-1 is thought to act in a paracrine manner upon ECs, diffusion is

only considered for VEGF and Ang-2. For the receptors VEGFR-2 and Tie-2,

the equations represent the association and dissociation of the ligand-receptor

complex. All variable concentrations are initially set to zero, with the excep-

tion of unbound Tie-2 and the Ang-1/Tie-2 complex at a blood vessel site,

as Ang-1 is constitutively expressed by healthy vessels. Identical (Dirichlet)

conditions are imposed at the boundary of the tissue space [8].

The schematic in Fig. 1(a) graphically illustrates the processes being modeled

in eqns. (1)-(8). A complete list of parameter definitions and values is found

elsewhere [8].

b. Evolve vasculature. Vessels with a concentration of Ang-2/Tie-2 six times

greater than that of Ang-1/Tie-2 regress [15], provided the concentration
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of VEGF/VEGFR-2 is below its critical value. Vessel tips with a sufficient

amount of VEGF/VEGFR-2 sprout along the VEGF gradient [8].

c. Evolve automaton cancer cells. A nonmalignant cell undergoes apoptosis if

vessel regression causes the oxygen concentration of the cell to drop below a

critical threshold (distance to the nearest vessel is greater than 250 µm) [8].

Other than this, nonmalignant cells are inert. Similarly, necrotic cells are inert.

Hypoxic cells can transition to either a necrotic or normoxic state. They turn

necrotic if they are further than 1500 µm from a vessel, and they turn nor-

moxic (with the potential to proliferate) if the growth of a vessel results in the

cell being within 250 µm from an oxygen/nutrient source [8].

Normoxic cells can transition to a hypoxic state if oxygen levels fall too low

(cell is further than 250 µm from a vessel). If the cell remains normoxic, it

may attempt to divide into the space of a nonmalignant cell. The probability

of division, pdiv depends on the location of the cell from the tumor center r,

reflecting the effects of confinement pressure in the tissue space. Assuming a

maximum tumor extent of Rmax, the following equation is used to describe the

probability of division:

pdiv = p0

(

1−
r

Rmax

)

, (9)

where the base probability of division p0 depends on the distance to the near-

est vessel, and is calibrated so that the average cell doubling time corresponds

to approximately four days [9].

2.2 Treatment Protocols

The model has previously been calibrated to data on the growth of glioblastoma

multiforme (GBM), the most aggressive of the tumors arising from the glial cells

in the central nervous system [8]. Herein, we will discuss how the model has

been expanded to include treatment with vascular-targeting drugs and a cytotoxic

chemotherapy.

2.2.1 Vascular-Targeting Drug 1: Angiogenesis Inhibitors

The simulated angiogenesis inhibitor will be based on the first clinically-approved

AI in the United States, bevacizumab. Bevacizumab is a monoclonal antibody that

binds to and inhibits VEGF [1]. To incorporate such an AI into our model, a drug

will be considered that inhibits the production rate of VEGF (the bv parameter in

eqn. (1)) by a factor of TAI [10]. The impact of varying the inhibition of VEGF over

three orders of magnitude (from 10-fold to 1000-fold inhibition) will be explored.
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Unless otherwise specified, the simulated AI is administered every two weeks

[14]. This time interval has been chosen because the half-life of bevacizumab is

approximately 20 days, with effective concentrations being found in the brain two

to three weeks after administration [14]. For the sake of simplicity, drug is available

immediately upon injection and remains at therapeutic levels (decreasing bv by the

factor TAI) for the entire two week period of time.

2.2.2 Vascular-Targeting Drug 2: Vascular Disrupting Agents

The simulated VDA will be based on one of the most well-tested of these agents,

fosbretabulin. Fosbretabulin is a compound that interacts with the colchicine bind-

ing site of β -tubulin. The resulting microtubule destabilization disrupts the cellular

cytoskeleton and mitotic machinery of tumor-associated vessels [18]. To incorporate

such a VDA into our model, it assumed that during each period of drug administra-

tion, the VDA destroys angiogenic vessels with probability pV DA (0 ≤ pV DA ≤ 1)

[10] .

Unless otherwise specified, the simulated VDA will be administered once every

three weeks, as this was the protocol followed in a Phase I pharmacokinetic study

of fosbretabulin given as single-dose [7]. The VDA will only exert its destructive

effects on the vasculature the day the drug is administered, as preclinical studies

have demonstrated that in vivo effects peak 4-6 hours after drug exposure, and are

sustained for up to one day [5]. Just as with the AI, drug is available immediately

upon injection, and remains at therapeutic levels (destroys angiogenic vessels with

probability pV DA) for the entire day.

2.2.3 Cytotoxic Chemotherapy

The simulated cytotoxic chemotherapy will be based on temozolomide, as this

drug is standard of care for treating patients with GBM. Temozolomide is an alky-

lating agent that preferentially targets rapidly dividing cells, like most cytotoxic

chemotherapies [25]. To incorporate such a chemotherapy in our model, a drug

will be introduced that kills a certain proportion pchemo (0 ≤ pchemo ≤ 1) of nor-

moxic/proliferative cancer cells each day the drug is administered [10].

To calibrate this parameter value, we consider a preclinical setup in which mice

genetically engineered to develop gliomas are treated with temozolomide for five

days [17]. In this system, the log cell kill was calculated to be 0.4 log units, where

log cell kill satisfies the following equation:

L = log10

(
V0

V5

)

≈ log10

(
N0

N5

)

. (10)

In this equation, V represents tumor volume either pre- (t = 0) or post-treatment

(t = 5), and N represents the number of tumor cells. Under the assumption that each



Microenvironment-Mediated Modeling of Tumor Response to Vascular-Targeting Drugs 9

cell has a fixed volume, the expression for log cell kill can be expressed in terms of

cell number, instead of cell volume.

To extract a value for pchemo from L, we further assume that per day during the

five day treatment window, each glioma cell divides at a rate r, and is killed by drug

with probability pchemo:

Nt+1 = (r− pchemo)Nt . (11)

In eqn. (11), we use the fact that the doubling time for glioma cells is approximately

four days [28] to compute a growth rate (without treatment, so pchemo = 0) of r =
21/4. Using this information and an initial population size N0, the solution to the

difference equation after five days is:

N5 = N0

(

21/4− pchemo

)5

. (12)

Solving (10) for N5 with the measured value of L = 0.4 and equating it to N5 in

eqn. (12) allows us to approximate the chemotherapy-induced death rate as:

pchemo = 21/4−10−2/25 ≈ 0.36. (13)

For this reason, simulation experiments will be conducted with pchemo close to this

value.

From numerous years of use in the clinic, it has been established that a con-

tinuous administration schedule of temozolomide can be sustained for six to seven

weeks [25]. For this reason, any simulations we conduct with chemotherapy will be

constrained by the fact that the chemotherapy can be administered for, at maximum,

six consecutive weeks in a row. Given that the half-life of temozolomide is 1.8 hours

[22], it can be assumed that therapeutic concentrations of the drug are maintained

each day the cytotoxic agent is administered (meaning pchemo stays fixed in a one

day window of time). As done previously, we assume drug is available immediately

upon injection and we further assume no drug is available the next day, unless drug

is re-administered.

3 Benchmarking Model Performance Against Preclinical and

Clinical Data

Now that we have introduced treatment with vascular-targeting drugs and a cyto-

toxic chemotherapy, here we will explain how the model has been calibrated to

some available clinical and preclinical data on the treatment of GBM or other solid

tumors. Note that for any treatment results presented, ten simulations have been run

and the average tumor response is reported. Treatment is only applied once a tumor

achieves a 4 mm radius (assumed size at detection).
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3.1 Angiogenesis Inhibitor in Isolation

To benchmark model performance when simulating treatment with AIs, in silico

predictions will be compared to a clinical dataset treating twelve GBM patients with

bevacizumab. For each patient, an MRI was taken before the start of treatment, and

a follow-up MRI was taken 40-83 days later (with the average being 53 days). By

performing image analysis on each pair of MRIs, the relative changes in the volume

of Gd-enhancement (∆Gd =Vstart−Vend), edema and necrosis were determined [20].

Here, we will focus on comparing the relative change in the Gd-enhancement

volume to model predictions on tumor response to a simulated AI. In order to com-

pare the clinical data to in silico data, we have assumed that the Gd-enhanced region

corresponds to areas of high vascularity and therefore corresponds to the normoxic

region of our simulated tumors. Among the twelve patients, the average relative

change in the Gd-enhanced volume (calculated as ∆Gd/Vstart ) was 59.5% with a

standard deviation of 19.2% [20].

To compare these numbers to model predictions, for each AI model parameter

(TAI = 10,1000,1000), ten simulations were conducted. For each simulation, the

start of AI treatment time was recorded (this time is determined by when the unique

realization of the tumor achieves a radius of 4 mm), as is the area of the prolifer-

ative/normoxic tumor region (assumed to correlate with Gd-enhanced volume) at

that time. AI is administered for 53 days (the average length of time in the patient

study [20]), and the area of the proliferative tumor region is again recorded. From

there, the relative change in proliferative tumor area is calculated for that unique tu-

mor. This process is repeated for all ten tumor realizations per parameter value and

the average and standard deviation in the relative change of the proliferative area is

calculated. This is compared to the patient data in Table 1.

Table 1 Relative change in proliferative tumor area after 53 days of AI treatment. Patient data is

averaged over 12 patients. For a fixed model parameter, the percent change is averaged over 10

simulations from the precise start of treatment for each of those simulations.

Relative Change in Proliferative Area 53 Days Post-AI

Patient Data (from [20]) 59.5% ± 19.2% (Gd-enhanced tumor volume)

TAI = 10TAI = 10TAI = 10 -9.6% ± 34.3%

TAI = 100TAI = 100TAI = 100 58.2% ± 7.7%

TAI = 1000TAI = 1000TAI = 1000 72.7% ± 7.2%

By comparing in silico results to clinical data, we find that TAI = 100 gives a

similar reduction in the proliferative tumor area (average of 58.2%) as is observed

in the clinical data (average of 59.5%) [20]. On the other hand, reducing VEGF

production by a factor of TAI = 10 actually results in an increase in the relative

change in the proliferative area. In other words, the proliferative area is continuing

to expand at this level of drug efficacy (Fig. 2), although the rate of expansion is very

slow compared to the case of no treatment (data not shown). Finally, reducing VEGF
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production by a factor of TAI = 1000 gives an average reduction in the proliferative

tumor area that falls within one standard deviation of the mean of the patient data;

that is, it falls within the range [40.3%,78.7%] [20].

Fig. 2 Average area of the proliferative tumor region (averaged over 10 simulations) per AI treat-

ment parameter is shown as a function of time. The thick grey line indicates the minimal average

start time of treatment, and the thin grey line indicates 53-days post the maximal average start

of treatment. It is on this thin grey line that the model predictions can be compared to clinical

data. The yellow box contains the average size of the proliferative tumor region that would be pre-

dicted by the clinical dataset (within one standard deviation from the mean), with the solid black

line running horizontally through the yellow box indicating the mean response predicted by the

clinical data. Also included is a snapshot of one tumor treated with TAI = 100 that happens to be

44 days into AI treatment at day 180. In this visualization, viable nonmalignant cells are labeled

white, nonmalignant cells that have undergone apoptosis are green, necrotic tumor cells are black,

hypoxic tumor cells are yellow, and normoxic (potentially proliferating) tumor cells are blue. Fur-

ther, vessels that are originally part of the healthy tissue vascular network are red, and vessels that

grew via angiogenesis are purple.

Figure 2 also allows us to compare model performance for different values of

VEGF inhibition to the clinical dataset in Table 1. However, the numbers in the

table cannot be directly extrapolated from the numbers in the figure. In the figure,

the average proliferative tumor area is being compared from the minimum average

start of treatment (that is, the average start time of treatment per 10 simulations

is determined for each parameter value, and the minimum of those three values is

plotted in the thick grey line.) The thin grey line then indicates the latest end of the

treatment window (that is, the maximum of the average start times plus 53 days).

The average proliferative tumor area among all thirty tumors at the start of treatment

(thick grey line in Fig. 2) is determined; it works out to 13.76 mm2. Assuming the
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clinical prediction that 53 days of treatment should result in a 59.5±19.2% reduction

in average proliferative tumor area [20], the model predictions should be in the

range 2.93-8.21 mm2 (yellow box in Fig. 2), with an average value of 5.57 mm2

illustrated as the center line in the box. So, the data in Table 1 is a bit more accurate,

as each individual simulation is compared from its unique start time to 53-days post-

treatment initiation. However, Fig. 2 still allows us to see that TAI = 10 does not give

results comparable to the clinical data, whereas TAI = 100 and 1000 give predictions

comparable to that observed clinically.

The time course plots in Fig. 2 also allows us to understand the sensitivity of the

model to the AI treatment parameter. We observe that for TAI ≥ 100, the prolifera-

tive tumor region appears to stabilize during the course of treatment. The stabilized

area of the proliferative region does depends on the strength of the drug, with the

tumor stabilizing at a smaller size for larger values of VEGF-inhibition. However

in neither case is the proliferative tumor region fully eliminated by the AI. The rea-

son for tumor survival in spite of the use of a perfectly-penetrating VEGF inhibitor

(which is already a theoretical idealization) is as follows: AI treatment leaves a num-

ber of proliferative cells surviving at the tumor periphery that obtain their oxygen

and nutrients from the co-opted vasculature [10]. This can be seen in the tumor in-

sert in Fig. 2, which clearly still contains normoxic cells with proliferative potential

(labeled blue) at the tumor periphery. The fact that tumor survival is largely a con-

sequence of the well-vascularized environment in which the mass grows highlights

the important role the microenvironment plays in treatment response.

3.2 Vascular Disrupting Agents

To benchmark model performance when simulating treatment with a VDA, model

simulations will be compared to some qualitative and quantitative preclinical data.

Generally speaking, VDAs qualitatively result in characteristic patterns of widespread

central necrosis which can extend to as much as 95% of the tumor. However, a thin

rim of normoxic cells typically survive at the tumor periphery, which ultimately

results in tumor regrowth [26].

Quantitative data has been extracted from a preclinical study using ZD6126 (one

of many tubulin-binding VDAs) to treat a range of solid tumors grown as xenografts

in nude mice [2]. Tumors were grown to approximately 200-700 mm3 in volume,

treated with ZD6126, and after one day, tumors were excised, processed and stained.

Level of necrosis was then scored on 10-point grading system, with 1 representing

0-10% necrosis, and each additional point representing the next 10% range, up to

10 representing >90-100% necrosis. Median necrosis score was calculated for four

or more tumors over a range of ZD6126 doses grown from the following human cell

lines: Calu-6 lung cancer, HT-29 colorectal cancer, and LoVo colorectal cancer. The

median necrosis score ranged from 4 to 9.5 depending on the drug dose and tumor

type, while the median necrosis score without treatment is in the range of 1-4 [2].
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To compare this preclinical data our in silico output, we first observe that the

model predicts a median necrosis score of 4 in the case of no treatment. This is on

the high end, but still is consistent, with preclinical measurements. Contrarily, the

model predicts a median necrosis score of 5 for pV DA ≥ 0.3, and a median necrosis

score of 4 when pV DA ≤ 0.2. In other words, the model does not exhibit the wide

range of median necrosis scores seen in the experimental tumor models over a range

of VDA doses. The narrow range of median necrosis scores predicted by the model

compared to the preclinical data may indeed be indicative of the strong role of the

microenvironment in determining response to VDAs: the cell lines were implanted

into nude mice, making the microenvironment quite distinct from malignancies that

develop de novo with the tumor microenvironment.

Although this preclinical data doesn’t assess the impact of multiple rounds of

treatment, clinical trials with the VDA fosbretabulin are looking to assess the longer-

term antitumor activity of VDAs. In the first trial done with fosbretabulin, the drug

is administered every three weeks for 8 to 40 cycles [7]. Here, we explore the an-

titumor activity of different doses of a VDA (controlled by the pV DA parameter,

0 ≤ pV DA ≤ 1). An average of ten cycles of treatment will be used, but the precise

number will depend on how much time passes between the initiation of treatment

(when the tumor attains the “detectable” radius of 4 mm) and one year from the

initiation of simulated tumor growth.

The antitumor activity of different “doses” of the VDA over approximately ten

cycles is found in Fig. 3. We find that the VDA does limit tumor growth relative to

the untreated case, but tumor growth does persist in spite of treatment. Consistent

with qualitative preclinical observations [26], the sustained growth of the in silico

tumors in spite of VDA treatment can be explained by a thin rim of normoxic cells at

the tumor periphery (see insert in Fig. 3). Somewhat surprisingly, we also found that

increasing the VDA dose (modeled as increasing fraction of angiogenic vessels the

VDA can collapse from 10% to 100%) does not significantly increase the antitumor

activity of the VDA (Fig. 3). The lack of a dose-dependent effect can be explained

because no amount of destroying angiogenic vessels will interfere with the survival

of the proliferative rim, as this rim is overwhelmingly dependent on the co-opted

vasculature, and not the physiologically distinct angiogenic vasculature. Elsewhere,

we have also shown that reducing the spacing between doses to less than three weeks

does not significantly improve VDA efficacy [11], as the proliferative rim is still

maintained in spite of more frequent dosing.

4 Antitumor Activity of Combination Therapies

Rarely is a new cancer drug given as a stand-alone treatment. For instance, in the

treatment of GBM, bevacizumab is typically administered in combination with a

cytotoxic chemotherapeutic agent that targets actively dividing cells, such as temo-

zolomide [6]. And although no VDAs are yet approved for use in the clinic, numer-

ous clinical studies have been conducted combining AIs and VDAs. For instance,
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Fig. 3 Dose-response curves to administering a VDA once every three weeks for approximately

10 cycles. The average area of the active tumor region (normoxic + hypoxic) predicted by the

algorithm is shown for each parameter value [10]. The insert shows a snapshot of a tumor one day

after VDA administration when pV DA = 0.6. Note the lack of angiogenic (purple) vessels and the

presence of the normoxic (blue) rim at the tumor periphery.

a phase I study showed that combining bevacizumab with fosbretabulin produced a

39% persistent reduction in vascularization [21]. Given that the treatment was also

generally well tolerated, a randomized phase II trial is being conducted to see if

there are survival benefits for adding fosbretabulin to a bevacizumab regimen.

In this section, the benchmarked model will first be utilized to quantify the ben-

efits of adding a VDA to an AI treatment protocol. Second, we will focus on opti-

mizing a combination therapy involving an AI and cytotoxic chemotherapy, subject

to toxicity constraints.

4.1 Angiogenesis Inhibitors with Vascular Disrupting Agents

Preclinical studies have shown that the addition of an AI to a VDA regimen reduces

the revascularization at the rim of the treated tumor, and thus significantly increases
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antitumor activity [24]. Further, a Phase I trial of fosbretabulin in combination with

bevacizumab in patients with advanced solid tumors demonstrated this combina-

tion to be safe and found that the vascular changes induced by fosbretabulin alone

were maintained when bevacizumab is added to the treatment protocol [21]. Our

mathematical model can be used to explore the hypothesis that targeting the tumor

vasculature with AIs and VDAs is complementary, rather than redundant [23].

With this goal in mind, the impact of adding an AI to a VDA treatment protocol

(Fig. 4(a)) and the impact of adding a VDA to an AI treatment protocol (Fig. 4(b))

have been explored. The effect of both drugs will be tested over a range of “doses”,

with values of the VDA parameter pV DA ranging from 0.1 to 1 and values of the

AI parameter ranging from TAI = 100.9 to 1000. Note that a normalized value for

TAI is presented on the x-axes in Fig. 4, where the normalized value is computed

as T̄AI = (TAI − 1)/999. As the VDA parameter is defined to be the proportion of

angiogenic vasculature shut down each day of drug administration, by definition it

is already normalized to values in the range [0,1].
Ten simulations are run per normalized treatment value in the following in-

stances:

• Treat with VDA only for pV DA = 0.1 j, ∀ j ∈ {i ∈ Z : 1≤ i≤ 10}
• Treat with AI only for T̄AI = 0.1 j, ∀ j ∈ {i ∈ Z : 1≤ i≤ 10}
• Treat with AI and VDA at the same normalized treatment value. That is, if

pV DA = x, then T̄AI = x as well, where as previously x = 0.1 j, ∀ j ∈ {i ∈ Z :

1≤ i≤ 10}.

As done in Section 3, treatment is initiated when a tumor reaches a size of 4 mm in

radius. AI is administered once every two weeks, and therapeutic levels are main-

tained throughout the treatment window. VDA is administered once every three

weeks [7], and therapeutic levels are only maintained the day the drug is admin-

istered. Treatment is continued for four months, and the average tumor size as a

function of time at each normalized drug level is determined.

First we will consider the impact of adding an AI to a VDA dosing protocol, as

was explored in [21]. To this end, we have computed the average percent reduction

in tumor size gained by adding an AI to a VDA treatment protocol:

∆+AI
perc(t) =

AV DA(t)−AV DA+AI(t)

AV DA(t)
×100, (14)

where AV DA(t) is the average active tumor area (normoxic + hypoxic) t days from

the initiation of VDA treatment, and AV DA+AI(t) is the average active tumor area

t days from the initiation of treatment with a VDA and AI. Subsequently, we will

consider the impact of adding a VDA to an AI dosing protocol. The metric used is

∆+V DA
perc , the average percent reduction in tumor size gained by adding a VDA to an

AI treatment protocol:

∆+V DA
perc (t) =

AAI(t)−AV DA+AI(t)

AAI(t)
×100, (15)
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Fig. 4 The x axis shows the normalized drug concentration of both the AI and the VDA. (a) Percent

reduction in the active tumor area as a function of time as a result of adding an AI to a VDA

treatment regimen (∆+AI
perc(t)). (b) Percent reduction in the active tumor area as a function of time

as a result of adding a VDA to an AI treatment regimen (∆+V DA
perc (t)).

where AAI(t) is the average active tumor area t days from the initiation of AI treat-

ment. The larger the value of ∆perc, the greater the impact that adding the second

drug has on the antitumor efficacy of the first drug.
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The model predicts a sustained benefit that increases with time when an AI is

added to a VDA treatment protocol over the full range of normalized drug concen-

trations. Near the start of treatment, tumor burden is reduced by approximately 40%

due to the addition of the AI, and after four months a reduction of approximately

75% is observed (Fig. 4(a)). However, the same benefit is not observed when adding

a VDA to an AI treatment protocol (Fig. 4(b)). In that case, the maximum reduc-

tion in tumor burden gained by adding a VDA to an AI protocol is approximately

8%. Further, there are multiple drug concentrations and time points for which the

addition of the VDA actually negatively impacts tumor response (that is, measured

active tumor area is actually larger when treating with an AI and VDA than just

treating with an AI).

These observations allow us to conclude that, in the model, tumor response to

the combination protocol of an AI and VDA is largely driven by the AI. There is

little to no benefit gained by adding the VDA to the AI regimen (Fig. 4(b)), and an-

titumor activity is significantly improved when the AI is added to the VDA protocol

(Fig. 4(a)). This strongly suggests that AIs and VDAs may not be as complemen-

tary as has been proposed (see [23]); the efficacy of a bevacizumab-like AI is not

significantly enhanced by the inclusion of a VDA [11].

4.2 Optimal Dosing Schedule for Angiogenesis Inhibitor and

Chemotherapy

Given the limited benefit of adding a VDA to an AI treatment protocol, in this sec-

tion we will only consider treatment with an AI and a cytotoxic chemotherapy. Our

goal here is to identify an 8-week treatment protocol that minimizes the average

number active (normoxic + hypoxic) tumor cells at the end of two treatment cy-

cles (a 16-week window). To accomplish this goal, simulated annealing, a stochas-

tic optimization scheme, will be employed. This approach allows us to begin with

an initial treatment parameter set (specifying the number of days that the AI and

chemotherapy will be given in isolation or in combination) and to evolve the treat-

ment parameter set until an optimal protocol is identified [11].

More particularly, the goal is to minimize the average number (averaged over ten

realizations) of active tumor cells remaining after two cycles of an 8-week treatment

protocol, Λ(t). The variables that determine the value of this objective function are:

• λAI : the number of days in the 8-week treatment protocol that therapeutic levels

of AI are maintained in the tissue without having therapeutic levels of chemother-

apy. We will use TAI = 1000 (a stronger AI gives quicker convergence to the

optimal solution), and initially we assume λAI = 28 days.

• λAIC: the number of days in the 8-week treatment protocol that both the AI and

the chemotherapeutic are simultaneously maintained at therapeutic levels in the

tissue. We will use pchemo = 0.44 (again, a strong chemotherapeutic gives quicker

convergence to the optimal solution), and initially we assume λAIC = 28 days.
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• λC: the number of days in the 8-week treatment protocol that only chemotherapy

is maintained at therapeutic levels in the tissue. Initially, we assume λC = 0 to

ensure the first treatment tested is an 8-week protocol.

Since at best the treatment can remove all active cancer cells, the aim is to solve

Minimize z = (Λ(t)−0)2

subject to λAIC +λC ≤ 36 (16)

λAI ,λAIC,λC ≥ 0.

Notice that minimizing z is equivalent to min[Λ(t)], and that the second constraint

simply indicates that no treatment can be given for a negative number of days. The

first constraint is to limit the toxic side effects of chemotherapy. In particular, temo-

zolomide can only be safely tolerated approximately six week [25], so 36 days was

chosen to remain below this threshold, as the simulated treatment protocol is being

administered twice [11].

Simulated annealing proceeds by perturbing λAI and λAIC by random integers

in the range [−4,4], and λC is then calculated to preserve the 8-week treatment

window. Provided the new protocol satisfies the constraints in eqn. (16), the 8-week

protocol is twice applied to ten different growing tumors, and the average number

of active cells surviving treatment is recorded as Λ̂(t) [11]. The probability that

the new treatment parameter set is accepted depends on ∆Λ = Λ̂(t)−Λ(t) and the

Metropolis acceptance rule [27]:

p(∆Λ) =

{
1, ∆Λ ≤ 0

exp(−∆Λ/(51.5(0.94)k)), ∆Λ > 0,
(17)

where k is equal to the number of parameter sets tested. According to this rule,

any treatment protocol which decreases the number of actively surviving cancer

cells (∆Λ < 0) is accepted, and those protocols that increase the number of actively

surviving cells (∆Λ > 0) are accepted with some nonzero probability in order to

avoid converging to a local minimum.

New protocols are created and accepted with probability p(∆Λ) (eqn. (17)) until

the objective function is within a specified tolerance of the optimal value of zero

(we use z = Λ(112) ≤ 2) [11]. Figure 5(a) shows the change in the three treatment

parameters as a function of the accepted annealing step k̄, along with the corre-

sponding average number of active automaton cancer cells that remained at the end

of the treatment window for each accepted parameter set.

The optimal treatment discovered is a pulsed or intermittent protocol in that nei-

ther the AI or the chemotherapy are maintained at therapeutic levels during the entire

treatment window [11]:

• Days 1-20: Maintain therapeutic levels of AI only (λAI = 20)

• Days 21-32: Maintain therapeutic levels of AI and chemotherapy (λAIC = 12)

• Days 33-56: Maintain therapeutic levels of chemotherapy only (λC = 24).
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Fig. 5 Simulated annealing results. (a) Left axis (blue) shows the change in the treatment param-

eters λAI , λAIC , and λC as a function of accepted annealing step k̄. Right axis (green stars) shows

the change in the average number of active automaton cells remaining after 16 weeks of treatment,

also as a function of accepted annealing step. Optimization was conducted using treatment param-

eters T1 = 1000 and pchemo = 0.44. (b) Comparison of tumor response to four cycles of the initial

“naive” 8-week treatment protocol (4 weeks of AI followed by 4 weeks of AI + chemotherapy)

and the optimal protocol. Simulations were conducted using treatment parameters TAI = 100 and

pchemo = 0.34.
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On average, this left only 1.4 active automaton cells (approximately 10 active cancer

cells) remaining after two cycles of the 8-week treatment protocol (Fig. 5(a)). Next,

we considered what happens when we apply this 8-week protocol over four cycles

at the treatment parameter values calibrated from data (T1 = 100 and pchemo = 0.34,

with the latter being very close to the average value of 0.36 calculated from preclin-

ical data). Tumor response for this optimal protocol is compared to a more “naive”

8-week protocol that maintains AI at therapeutic levels for the entire eight week

period, and for the final four weeks, chemotherapy is also maintained at therapeutic

levels. Figure 5(b) shows that unlike the more naive protocol that results in tumor

regrowth at the cessation of treatment, the optimal protocol can eradicate the entire

active tumor mass and therefore prevent regrowth [11].

As both the naive and optimal treatment protocol give chemotherapy intermit-

tently to avoid toxicity, it must be the pulsing of the AI that explains the drastic

difference in tumor response between the two dosing schedules. What removing the

AI for certain periods of time does is allow angiogenesis to occur during the course

of treatment. This has two positive impacts on treatment response. First, it increases

blood flow through the tumor, and therefore allows chemotherapy access to parts of

the tumor that would otherwise receive little to no drug due to poor vascularization.

Second, angiogenesis also increases the flow of oxygen through the tumor. This per-

mits a portion of the hypoxic cells (that cannot be targeted by the chemotherapy) to

enter a normoxic state, allowing them to be targeted by the chemotherapy [11].

The success of the optimal protocol in eradicating the simulated tumors certainly

does not suggest that the protocol would have equal success in the clinic. A number

of simplifying assumptions are inevitably built into any mathematical model, and

these limit the direct quantitative translation of in silico predictions to the clinic.

However, the model provides strong evidence that a treatment schedule that pulses

AI administration may do better to prolong progression-free survival than currently

utilized protocols.

5 Conclusions

A previously validated hybrid spatial model has been extended to account for the

activity of three cancer drugs. In particular, the model is calibrated to accurately

predict antitumor activity of an angiogenesis inhibitor such as bevacizumab. Within

the range of calibrated parameter values, the model correctly predicts that treat-

ment with an AI results in a period of growth inhibition, followed by eventual re-

growth. The model also made predictions regarding the efficacy of a VDA such as

fosbretabulin that agreed with preclinical and clinical observations that this treat-

ment allows a rim of proliferative cells at the tumor periphery to survive and main-

tain tumor growth. Finally, the implementation of a cytotoxic chemotherapy in the

model was calibrated to the log cell kill value for glioma cells treated with temo-

zolomide. Model predicted responses to drug administration are highly dependent



Microenvironment-Mediated Modeling of Tumor Response to Vascular-Targeting Drugs 21

on the vascular nature of the tumor microenvironment, in which vessel co-option

occurs alongside angiogenesis.

As the model predicted limited antitumor activity for VDAs, we sought to ex-

plore if this was a result of the drug “dose”. Surprisingly, we did not find a strong

dose-dependent change in response to treatment with VDAs. The relative inefficacy

of VDAs was further uncovered when used in combination with an AI. In particular,

while the addition of an AI to a VDA protocol resulted in great reductions in the

active tumor area (between 40-75% reduction depending on the time passed since

treatment initiation), the addition of a VDA to an AI protocol did not result in sig-

nificant reductions in the active tumor area. Taken together, this suggests that these

two approaches to targeting the vasculature may not be complementary.

Finally, our mathematical model was also extended to search for an optimal de-

livery schedule for treating a solid tumor with an AI and cytotoxic chemotherapy.

Using a simulated annealing algorithm to solve our objective function of minimiz-

ing active tumor size subject to toxicity constraints, an optimal intermittent dosing

strategy was uncovered. The protocol is intermittent in that it specifies that therapeu-

tic levels of AI are, counterintuitively, not maintained at all times during treatment.

This results in increased tumor vascularization with the consequence that some hy-

poxic cells are able to re-enter a normoxic state, making them more vulnerable to

killing by the chemotherapy (which is also now more widely distributed throughout

the tumor tissue due to angiogenesis that can occur when the AI is not at thera-

peutic levels). Three to four rounds of the optimal intermittent protocol resulted

in permanent growth inhibition of the simulated tumors, strongly suggesting that

this intermittent schedule may prolong progression free survival compared to the

currently utilized dosing schedule for an AI and chemotherapeutic. This result war-

rants testing in a preclinical setting, and such experiments are now feasible since

noninvasive methods have been developed to visualize and assess angiogenesis and

vascular changes in live tumor-bearing animals [29].
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