
In: Advances in Computational Modeling Research ISBN: 978-1-62618-065-9 
Editor: Anna Belya Kora © 2013 Nova Science Publishers, Inc. 

 
 
 
 
 
 

Chapter 5 
 
 
 

AGENT-BASED MODELS IN CANCER  
PREVENTION RESEARCH 

 
 

John W. Pepper, Nadarajen A. Vydelingum,  
Barbara K. Dunn and Richard M. Fagerstrom 

Division of Cancer Prevention, National Cancer Institute, Bethesda, MD, US 

ABSTRACT 

Agent-based models have proven very useful for studying complex dynamic 
processes. As biomedical researchers have turned their attention to the most complex 
diseases, they have made increasing use of agent-based models in various areas, 
including cancer biology. Cancer is arguably the ultimate complex biological system. It 
has recently become clear that much of its complexity arises through Darwinian 
evolution, driven by uncontrolled natural selection among rapidly mutating somatic cells.  

Here we review the application of agent-based models and simulations to five key 
open questions in cancer prevention research. The five research questions we review as 
case studies include: 1) What normally prevents somatic evolution from generating 
cancer? 2) Why do benign growths often progress to malignant cancers? 3) What is the 
chronological sequence of molecular events in cancer progression? 4) Are there reliable 
molecular biomarkers for cancer?; and 5) Will evolved drug resistance stymie efforts at 
long-term cancer chemoprevention?  

We conclude that molecular analysis can be usefully augmented by using agent-
based models to generate plausible and productive hypotheses for empirical testing. 
 
 
Despite substantial progress in the US “war on cancer” declared in 1971, cancer 

incidence and mortality have fallen less than initially hoped and expected (Bailar and Smith 
1986). Even within the most recent five years, cancer incidence in the US declined by less 
than 1%, and cancer mortality declined by less than 2% (Siegel, Naishadham et al. 2012). 
This has led some researchers to focus on the complexities of the disease, and to call for new 
approaches to cancer medicine that can explicitly address the complex dynamics that arise 
from the cellular evolution and adaption that occurs in cancer, as it interacts with its own 
micro-ecology (Gatenby 2009; Drake 2011).  
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Although the research strategy of using molecular reductionism to define a fixed disease-
causing entity has a brilliant track record in infectious disease and inherited genetic disease, it 
has been less successful in cancer biology. Molecular analysis quickly revealed the consistent 
genetic nature of non-human pathogen organisms such as bacteria, and of inherited genetic 
defects. In contrast, cancer reflects a complex process of ongoing genetic change in human 
somatic cells, and it usually has no fixed molecular basis. Thus, in important ways, a cancer is 
not simply a thing to be removed or destroyed, but also a dynamic process to be controlled or 
prevented. This process is pathological Darwinian evolution among somatic cells. 

REPRESENTING THE CENTRAL PROCESS OF CANCER BIOLOGY: 

SOMATIC CELLULAR EVOLUTION  

Agent-based computer models have become important in cancer biology, because they 
are established as being as being effective for modeling and understanding dynamic processes 
such as adaptive evolution, e.g., (An 2010).  

As early as the 1970’s, Cairns (Cairns 1975) and Nowell (Nowell 1976) proposed that 
somatic cell mutation, selection, and resulting Darwinian evolution are the fundamental 
processes by which tumors arise, acquire malignancy, and evade therapy. This hypothesis lay 
dormant for decades before being further developed and confirmed with empirical results 
from modern cancer biology (Frank and Nowak 2004; Crespi and Summers 2005; Pepper, 
Findlay et al. 2009; Greaves and Maley 2012; Podlaha, Riester et al. 2012). Currently, 
“cancer development at the cellular level is widely regarded as a Darwinian evolutionary 
process involving natural selection of genetically variant cells in the context of a complex 
micro-environmental ecology” (Anderson, Lutz et al. 2011). Our only amendment to the 
foregoing quote would be to explicitly recognize that relevant mechanisms of cellular 
heredity include both genetic and epigenetic variation (Podlaha, Riester et al. 2012).  

As molecular techniques have provided an increasing wealth of data, the hypothesis of 
cellular evolution in cancer has been supported in various organs. Somatic cellular evolution 
has been documented in molecular detail in breast cancer (Shah, Morin et al. 2009; Navin, 
Kendall et al. 2011; Shah, Roth et al. 2012), pancreatic cancer (Campbell, Yachida et al. 
2010), renal cancer (Gerlinger, Rowan et al. 2012), ovarian cancer (Ng, Cooke et al. 2012), 
leukemia (Anderson, Lutz et al. 2011; Walter, Shen et al. 2012), colorectal cancer (Hirsch, 
Camps et al. 2012), and head and neck cancer (Masuda, Toh et al. 2012). 

The hypotheses and observations of cellular evolution are central contributors to an 
emerging scientific theory of cancer dynamics, which elucidates origination, progression, 
metastasis, and response to treatment. This enterprise is greatly assisted by a well-developed 
body of concepts and techniques from the classical study of Darwinian evolution in 
populations of organisms. One optimistic assessment is that, despite the extreme complexity 
of cancer, “most, if not all, of this complexity can be explained by classical evolutionary 
principles” (Greaves and Maley 2012).  



Agent-based Models in Cancer Prevention Research 107

AGENT-BASED MODELS FOR STUDYING EVOLUTIONARY PROCESSES 

Armed with an understanding of the basic process behind the complex dynamics of 
cancer, researchers are increasingly adopting agent-based computer models, which have 
proven effective for understanding complex dynamic processes such as cellular evolution. 
This technique allows researchers to reveal not only the molecular components of cancer 
cells, but also the reasons why molecular components vary among cells, and why they change 
over time during cancer progression. Cancer is arguably the ultimate complex biological 
system (Hatzikirou, Chauviere et al. 2012). For coping with such complexity, systems 
biology has gained popularity in much of biomedicine, including cancer biology (Rosenfeld 
and Kapetanovic 2008; Baker and Kramer 2011; Mijušković, Brown et al. 2012). Systems 
biology includes both methods for analyzing large ‘omics’ data sets, and also methods, such 
as agent-based models, for understanding the processes that generate those data.  

Agent-based models and simulations can generate a process of ‘digital evolution’ inside a 
computer, which can provide a detailed, transparent, and predictive model of cellular evolution 
and progression under a specified set of conditions (Adami and Wilke 2004; Pennock 2007). 
The results of such simulations can generate incisive new hypotheses that are empirically 
testable, and that can guide empirical research into productive new directions. The loop between 
experiments and models is thereby closed, allowing continued iterations as new empirical 
results lead to improved theory and new testable hypotheses (Krakauer, Collins et al. 2011).  

When applied to cancer biology, agent-based models usually represent a population of 
tumor cells, with each cell represented by its own software ‘agent’ that can interact with its 
environment, live or die, and divide into two daughter cells that inherit the traits of the parent 
cell. Each time step of such a model is typically calibrated to represent the generation time of 
the cells. Over multiple cell generations, the same kind of Darwinian dynamics that actually 
drive change in real cancer cell populations also arise in this virtual process of ‘digital 
evolution’, where they are more easily observed, measured, and experimented upon. The 
crucial advantage is that in the virtual world, we can measure any variable, and even 
manipulate any variable, making it possible to explore an unlimited range of hypotheses for 
logical consistency, and for consistency with empirical observations.  

AGENT-BASED MODELS IN CANCER PREVENTION RESEARCH 

The process of cellular evolution inside the body can rarely be observed directly, and 
most empirical data can only represent a ‘snapshot’ in time from this dynamic process. 
Explicitly representing the process that is believed to underlie such observable data extends 
their explanatory power. Below, we consider five current questions in cancer prevention 
research, and discuss the application of agent-based models to each of them.  

What Normally Prevents Somatic Evolution from Generating Cancer?  

Once it is clear that cancer arises from natural selection among somatic cells, an 
evolutionary perspective immediately raises the question of how this process is normally 
avoided, so that most people never get cancer. Darwinian evolution among somatic cells, if 
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allowed to proceed unrestrained, would inevitably remove all normal limitations on cell survival 
and proliferation, because these reduce the Darwinian fitness of cells. Removal of all normal 
limitations on cell survival and proliferation is a good cell-level description of cancer. From this 
perspective, the question of why some people get cancer may seem less compelling than the 
question of how anyone avoids cancer through an entire life time. A proposed answer to this 
question was offered as a hypothesis that the characteristic cellular structure of most tissues in 
most animals has the precise function of preventing the inheritance of cellular traits between 
successive generations of mature cells within tissues. (Pepper, Sprouffske et al. 2007). Because 
inheritance of traits from one generation to the next is necessary for Darwinian evolution, this 
simple expedient, according to these authors, is sufficient to largely suppress somatic evolution, 
thereby relegating cancer to being a disease only of advanced age, after a very long period for 
weak somatic evolution. To evaluate the plausibility of this novel hypothesis, the authors used 
an agent-based model to conduct simulation experiments on a population of virtual somatic 
cells inside a simulated tissue. This ‘thought experiment’ made it possible to manipulate 
fundamental properties of cells and tissues that could not be manipulated in a living preparation. 
The results were in accord with theoretical predictions (Figure 1), lending the hypothesis 
enough plausibility to be considered worthy of empirical testing.  

Why Do Benign Neoplasms often Progress to Malignancy? 

The defining (and lethal) feature of cancer, as opposed to benign growths, is tumors that 
invade surrounding tissues, ultimately leading to distant metastasis. Because this process 
emerges from interactions among multiple cells and their micro-environments, agent-based 
models are particularly well suited to its study. For example, ecologists have used discrete 
numerical simulations of spatiotemporal dynamics to compare tissue invasion by cancer cells 
with the invasion of natural ecosystems by artificially introduced species (Marco, Cannas et 
al. 2009). These authors posit that their results can help explain the patterns of genetic 
diversity observed both within and among tumors in a patient. They also describe a “distinct 
geometrical signature” of invasion dynamics, which they suggest may someday be used along 
with advanced imaging technologies to accurately discriminate malignancies from benign 
growths (Martin 2008). 

A central goal of cancer prevention is to block progression from benign pre-malignancies 
to invasive cancers. At a cellular level, this progression entails the acquisition of motility by 
formerly sedentary tumor cells. In seeking ways to block this change, it will help to know 
how it occurs. Building on classical evolutionary ecology, one research group (Aktipis, Maley 
et al. 2012) hypothesized that the intense local competition for vital resources caused by the 
abnormally rapid cell proliferation in tumors selects for motile cells that can thrive by leaving 
the resource-depleted zones where stationary tumor cells languish and die, and that this 
selection drives the evolution of tumor cell motility. Simulations using agent-based 
computational models provided preliminary support for this hypothesis. Their results suggest 
that therapeutic drugs designed to block cell motility, rather than to kill tumor cells, can block 
malignancy and also provide other important advantages. Cells blocked from evolving 
motility will also be selected to adapt to their impoverished environment by reducing cell 
proliferation and thus tumor growth. In contrast to the evolutionary response to cytotoxic 
drugs designed to kill cancer cells, motility-blocking drugs are predicted to be more robust 
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against acquired drug resistance, which causes many cancer therapies to lose effectiveness 
before the patient is cured (Aktipis, Maley et al. 2012).  

 

 

Figure 1. Results of agent-based simulations of the evolution of somatic cell hyper-proliferation. 
Horizontal axis shows time, and vertical axis shows probability of doubling the population average growth 
rate. Inheritance between generations of mature functional cells is prevented when lost cells are replaced 
only through the division of sequestered somatic stem cells, and the symmetric division of transient 
amplifying cells that do not self-renew their own population. Under this condition, hyper-proliferation is 
substantially delayed (p < 0.001). The numbers 5 and 6 refer to the number of transient amplifying stages 
between tissue stem cells and mature functional cells. With more amplifying stages, the population of stem 
cells is smaller, presenting less potential for somatic evolution. After (Pepper, Sprouffske et al. 2007). 

What Is the Chronological Sequence of Molecular Events in Cancer 
Progression? 

A long-standing challenge in cancer biology is to understand and predict the 
chronological sequence of molecular events underlying the initiation and progression of 
tumors (Fearon and Vogelstein 1990). Many early genetic models assumed that tumors were 
genetically homogenous, and thus could be characterized as having a single tumor genotype. 
On this basis, the classic type of model was a linear sequence of events, or a ‘canonical path 
model’, constructed from cross-sectional data on multiple patients (Sprouffske, Pepper et al. 
2011). However, more recent evidence has revealed so much genetic heterogeneity within 
tumors that the assumption of one single genotype per tumor is clearly no longer valid (Nord 
2011; Shibata 2012).  

Agent-based evolutionary models of tumor progression suggest that the temporal, or 
evolutionary, order of mutations acquired in the clones that survive over the lifetime of a 
neoplasm may not be consistent with the path order inferred from cross-sectional data 
(Sprouffske, Pepper et al. 2011). Because cellular evolution during tumorigenesis is a unique 
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process in each patient, it is not valid to assume that the state of one tumor is informative for 
the history of even an apparently similar tumor in a different patient. Independent 
evolutionary trajectories in each patient make it difficult to reconstruct temporal order from 
cross-sectional data. In contrast, observed cellular diversity can be analyzed using 
phylogenetic methods from classical evolutionary biology to reconstruct cell lineages within 
individual tumors. This can accurately reveal the true temporal order of events for the clones 
within a specific tumor (Figure 2).  
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Figure 2. Reprinted with permission from (Sprouffske, Pepper et al. 2011): The temporal order of 
mutations seen in simulated cancer clones rarely matches the path order inferred from cross-sectional 
data, but it does match the order inferred from genetic dependency analysis of intratumor data. (A): 
Plotting the percentage of tumors with a given mutation at increasing neoplasm sizes can be used to 
infer (B): the cross-sectional path model of mutations. (C): However, the proportion of cells within a 
simulated neoplasm that have a history consistent with the cross-sectional path order tends to be low 
(mean [SEM] = 7.3% [1.0%], n = 90). (D): In contrast, the proportion of cells within a simulated 
neoplasm that have a history consistent with order inferred from the genetic dependency analysis is 
high (mean [SEM] = 99.7% [0.1%], n = 90). Each mutation type is represented by a different color in 
panels A & B: loss of differentiation (LD) is green, evasion of apoptosis (EA) is light purple, limitless 
replicative potential (LR) is orange, sustained angiogenesis (SA) is dark purple, genomic instability 
(GI) is yellow, self-sufficiency in growth signals (SG) is light blue, and insensitivity to antigrowth 
signals (IA) is dark blue. 

The two key results of this study (Sprouffske, Pepper et al. 2011) are: (1) that cross-
sectional data can be misleading because of independent cellular evolution within each 
patient; and (2) that even though detailed study of intratumor variation can reveal the average 
ordering of molecular events within that tumor, not all cells in the tumor actually reflect that 
average order of events. As with any results from rigorous simulations, these should not be 
treated as final conclusions, but rather as plausible hypotheses and strong candidates for 
empirical testing. 
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Are There Reliable Molecular Biomarkers for Cancer?  

Another major research direction in cancer prevention is the attempt to identify molecules 
that can serve as ‘cancer biomarkers’ for early detection. The hope here is that molecules can be 
discovered that are characteristic of cancer, but not of normal tissue. To date, most biomarker 
development has not been informed by evolutionary dynamics, but instead has focused on 
examining specific molecules one by one. This strategy has identified many candidate somatic 
genetic and epigenetic ‘biomarkers’ of cancer or cancer risk. However, very few of these 
candidate molecules have proven to be reliably effective for identifying cancer (Ransohoff 
2009). Similarly, no specific molecule has yet been validated as a robust predictor of 
progression to cancer, or been useful to reduce cancer mortality (Li, Blount et al. 2011).  

Will Evolved Drug Resistance Stymie Efforts at Long-term Cancer 
Chemoprevention? 

Developing drugs for chemoprevention is a major line of research in cancer prevention 
that may face pitfalls from cellular evolution. These potential pitfalls have already been 
demonstrated in cancer therapy. Many agents have been developed and used successfully for 
killing cancer cells. A very common limitation on this approach, however, is the acquired 
drug resistance that results from cellular evolution (Pepper 2011). When a tumor acquires 
drug resistance, this often leads to relapse rather than cure. (Cunningham, Gatenby et al. 
2011; Pepper 2011), and most patients who die of cancer are killed by a cancer that has 
evolved drug resistance. The problem of acquired resistance may prove to be even more 
limiting for long-term chemoprevention than it is for therapy. While successful therapy is 
completed within a shorter time frame, cancer prevention might ideally continue throughout 
life. Thus, any prevention drug that can be administered effectively only for a limited time 
may not be entirely satisfactory.  

There is clinical evidence that the time limits on effective drug administration seen 
during cancer therapy can also arise in chemoprevention.  

Achieving life-long protection through chemoprevention may require longer periods of 
effective drug administration, and thus not be possible with any drug that selects for drug 
resistant variants. Whenever somatic cells are dividing and subject to mutation, resistant 
variants are likely to arise. Any drug that kills or suppresses individual drug-sensitive cells 
thereby ‘selects’ more resistant cells to survive with reduced competition after the removal of 
drug-sensitive neighbors (Pepper 2008). This leads to rapid out-growth, or ‘clonal expansion’, 
of a lineage of resistant cells which quickly takes the place of the drug-sensitive cells 
removed by treatment.  

Providing the best possible protection through chemoprevention may require ways to 
reduce cellular evolution of acquired resistance by reducing Darwinian selection for 
resistance among cells. Classical evolutionary theory suggests specific strategies (Pepper 
2008), which have been developed and validated using agent-based models of the evolution 
of resistance against potential new classes of drugs. Therapeutics that change the tumor 
micro-environment to make it less hospitable to tumor growth and invasion can impede all 
cancer cells equally, without selecting among them and thereby driving the evolution of 
resistance. Such existing and potential drug classes could exert less selection on existing 
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variation, and thus slow the evolution of acquired drug resistance. In contrast to most cancer 
drugs, which are designed to kill cancer cells, potential new drugs could exploit the fact that 
cancer cells construct their own micro-environment by producing, and depending on, many 
shared substances that improve the capacity of their shared micro-environment to support 
tumor growth and invasion. Examples include secreted angiogenesis factors, growth and 
invasion factors, and immune suppression factors (Pepper 2008; Pepper 2011). In agent-based 
computer simulations, drugs targeting such shared ‘public goods’ products do not single out 
the specific cells producing them, or those cells producing drug-resistant variants of them. 
Thus they do not select strongly for resistant cells, and do not strongly drive the evolution of 
acquired resistance (Pepper 2012) (Figure 3). This raises the hope that such drugs would 
retain longer-term effectiveness both in treatment, and also in chemoprevention. Specific 
targets for potential drugs of this class have been proposed, and in some cases successfully 
tested in animal models (Pepper 2008; Pepper 2011). 

 

 

Figure 3. Simulation results reprinted with permission from (Pepper 2012): Frequency of drug resistant 
cells after 1000 cell generations of mutation and evolution. High transfer coefficients correspond to 
highly diffusible drug targets produced by one cell that provide benefits to many other neighboring 
cells. A transfer coefficient of zero corresponds to a cell-intrinsic target molecule that is not shared 
among neighboring cells. Each marker represents the mean for a different drug dosage: Filled circle = 
100% of full dose, open circle = 75%, triangle = 50%. Error bars show standard error across 10 
simulation runs with different seed values for the pseudorandom number generator. 

CONCLUSION 

Viewing cancer simply as an entity to be removed or destroyed can overlook important 
aspects of cancer biology, including why cancer is dynamic and adaptive, and why it’s 
difficult to target as a ‘non-self’ entity. Molecular reductionism contributes greatly to 
advances in cancer research, but is even more useful within the framework of understanding 
the somatic cellular evolution that generates the diverse molecules observed in cancer cells. 
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At the heart of cancer biology is change over time in populations of initially normal human 
cells. This process is best understood as somatic cellular evolution. Agent-based models are 
useful tools for understanding this process to generate the most crucial hypotheses for 
empirical testing.  
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