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Abstract
The canonical route from normal tissue to cancer occurs through sequential acquisition of somatic
mutations. Many studies have constructed a linear genetic model for tumorigenesis using the genetic
alterations associated with samples at different stages of neoplastic progression from cross-sectional data.
The common interpretation of these models is that they reflect the temporal order within any given tumor.
Linear genetic methods implicitly neglect genetic heterogeneity within a neoplasm; each neoplasm is
assumed to consist of one dominant clone. We modeled neoplastic progression of colorectal cancer using
an agent-based model of a colon crypt and found clonal heterogeneity within our simulated neoplasms, as
observed in vivo. Just 7.3% of cells within neoplasms acquired mutations in the same order as the linear
model. In 41% of the simulated neoplasms, no cells acquired mutations in the same order as the linear
model. We obtained similarly poor results when comparing the temporal order with oncogenetic tree
models inferred from cross-sectional data. However, when we reconstructed the cell lineage of mutations
within a neoplasm using several biopsies, we found that 99.7% cells within neoplasms acquired their
mutations in an order consistent with the cell lineage mutational order. Thus, we find that using crosssectional data to infer mutational order is misleading, whereas phylogenetic methods based on sampling
intratumor heterogeneity accurately reconstructs the evolutionary history of tumors. In addition, we find
evidence that disruption of differentiation is likely the first lesion in progression for most cancers
and should be one of the few regularities of neoplastic progression across cancers. Cancer Prev Res;
4(7); 1135–44. 2011 AACR.

Introduction
Cancer is an evolutionary system that results from the
accumulation of somatic mutations (1), resulting in cells
that increase their fitness and divide faster, die less frequently, and no longer follow the rules dictated by their
environments. New mutations in individual cells within a
neoplasm can create subclones of genetically identical cells
all sharing the same common ancestor, and these subclones then compete with each other for limited resources.
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Cancer cells are an evolving population of asexually reproducing cells, and the rate and dynamics of adaptation in
asexually evolving populations have been studied experimentally and theoretically in evolutionary biology
(reviewed in ref. 2).
A fundamental goal of research into carcinogenesis, with
implications for cancer prevention, is to determine the
order of mutations that occur in a neoplasm as it progresses
from normal tissue to cancer. This has been explored in
various cancer types including breast cancer (3), lung
cancer (4), and melanoma (5). In a canonical article (6),
the order of mutations for colorectal cancer was reconstructed from 172 colorectal tumor specimens (7). The
specimens were classified according to tumor size and
grade, and a small set of genetic alterations was characterized in these same samples. The order of mutations leading
to colon cancer was constructed from these data by identifying the mutations whose frequency across tumors
increased in conjunction with increases in the tumor size
and grade (6). This analysis has been widely influential and
used as a model for other cancer systems (4, 8, 9). Even at
its conception, this model was not meant to provide a fixed
road map for the accumulation of genetic alterations. In
fact, in observations by the original authors of the linear
genetic model, 2 of 7 tumors were inconsistent with the
linear model, as determined through experiments in which
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the genetic alterations were identified in different stages
within the same tumor. This was independently verified
through experiments identifying the mutational state of
colorectal tumors from more than 100 patients (10). We
analyzed the data from the work of Smith and colleagues
(10) and found that just 26.2% of the neoplasms had a
mutational state consistent with the canonical genetic
pathway inferred from cross-sectional data.
We begin by discussing the following 2 types of models
of progression: the canonical path model and its extension,
the tree model. A path model for a type of cancer is a linear
sequence of mutations that must occur in order, beginning
with wild type (Fig. 1A and B). Because this is a path, each
mutation has at most one following mutation, and a given
mutation increases the chances of finding the next mutation. Oncogenetic tree models were developed to capture
multiple independent mutational events, in effect enumerating several possible paths to cancer (11). Here, the
mutational order can be a tree rather than a path
(Fig. 1C and D). This is not an evolutionary model because
the oncogenetic tree does not represent ancestral relationships within a neoplasm but rather a summary of the
observed co-occurrences of mutations across independent
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Figure 1. Illustration of path and oncogenetic tree mutational models
inferred from cross-sectional data, and all possible temporal orders of
clonal mutations that are consistent with the models. Each arrow between
circles represents the acquisition of a new mutation in models inferred
from cross-sectional data, and squares represent the accumulation of a
new mutation in a clone during the evolution of a tumor. A, the path model
of carcinogenesis implies a linear order of sequential mutations from wild
type through A, B, and C, in order. B, these are the temporal mutations that
a cell lineage, or clone of cells, could acquire during evolution and still be
consistent with the cross-sectional path model in A. All other sequences of
mutations are inconsistent with the cross-sectional path model (e.g., B, C,
AC, and BAC are inconsistent). C, the oncogenetic tree model of
carcinogenesis implies that all tumors begin as wild type and can next
acquire either mutation A or B. In addition, C can only occur at any point
after mutation A has occurred. D, all temporal mutations acquired by a
clone that are consistent with the cross-sectional oncogenetic tree in C.
Note that the order A, B, C is consistent because C occurs after A.
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neoplasms. In this branching tree model, each mutation
occurs just once in the tree and can have multiple independently occurring following mutations. As before, the
interpretation is that a given mutation increases the
chances of obtaining the following mutation. A number
of studies have constructed oncogenetic trees from crosssectional data including for renal cell carcinoma (12),
endometrial adenocarcinoma (13), gastrointestinal stromal tumors (14), oral cancer (15), and colon cancer (16).
Here, we show that the temporal, or evolutionary, order
of mutations acquired in the clones that survive over the
lifetime of a neoplasm are not consistent with the path
order or the oncogenetic tree order reconstructed from
cross-sectional data. We explore why this is so and suggest
an alternative approach by reconstructing the evolutionary
history from samples within a tumor rather than from
across tumors.

Materials and Methods
Model overview
See the Supplementary Methods for a detailed characterization of the model described in the standard (ODD)
format for agent-based models (17). We focused the model
and parameters on a colon crypt. Briefly, cells are represented as agents that can divide, mutate, differentiate, and
die according to rules implemented stochastically using
model parameters on the basis of experimental literature.
In principle, each cell in the model can be different from all
others. Cells can acquire new mutations, expressed as
changes in their phenotypes, when they divide with probability given by the mutation rate. A mutation confers the
loss of differentiation or 1 of the phenotypes of the hallmarks of cancer. The phenotypes and a summary of their
model implementations are given in Table 1 and detailed
characterization of each hallmark of cancer and the loss of
differentiation is given in the Supplementary Methods. Each
phenotype can be in 1 of the following 2 states: normal or
mutated. We chose the parameter values for both states
based on known values for colon cancer whenever possible
(Supplementary Table S5). With high mutation rates, this
often led to competition between clones of similar fitness
because multiple subclones evolved before any one subclone expanded to fill the crypt. The effect of most of the
mutations on the phenotypes increases the fitness of a clone
by allowing it to grow faster, divide less frequently, or selfrenew. In principle, these phenotypes could be conferred
through a variety of genetic alterations in the pathways that
determine the phenotypes, but we do not model the pathways explicitly. By focusing on phenotypically related sets of
genes, we have expanded the focus of this model from genes
to sets of genes, similar to the expansion of cancer genes to
cancer pathways (reviewed in ref. 18), without making a
commitment to the particular genetic structure of the phenotypes. We assume that a mutation for each phenotype has
an equal chance of occurring because the genotype–phenotype map is not well characterized. When a new mutation
affecting a phenotype occurs in a cell, we assume that each
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Table 1. Hallmarks of cancer phenotypes and their effects on the model when mutated
Phenotype

Model effect

Insensitivity to antigrowth signals
Self-sufficiency in growth signals
Evasion of apoptosis
Limitless replicative potential

Cells with this mutation have an increased probability for cell division
Cells with this mutation have an increased probability for cell division
Cells with this mutation have a decreased probability of apoptosis
Mutation eliminates telomere loss during cell division. Cells with this mutation can
divide more times than those without.
Cells with this mutation increase the number of cells that can survive in a tumor.
Cells with this mutation no longer differentiate at cell division.
Cells with this mutation have increased chances to acquire a new mutation.

Sustained angiogenesis
Loss of differentiation
Genome instability

mutation occurs at a different locus in one of the genes
responsible for the phenotype, in the spirit of the infinite
alleles model (19). For each simulation, we recorded
detailed information on mutations, cell lineages, and population size and composition over time.
All cells in the model were initially wild-type cells with no
mutant phenotypes as in a normal crypt; they were then
allowed to divide, mutate, differentiate, and die. Simulations were stopped (i) when the number of cells crossed a
cell population threshold 100 times greater than the target
population size, (ii) after 30 years, or (iii) when all of the
cells in the simulation eroded their telomeres to the point
that they could no longer divide. The first 2 conditions
correspond to the development of cancer and the presence
of a benign neoplasm, respectively. Sensitivity analyses were
conducted in which we varied the parameter values across
the range of realistic values and found to have little effect on
the mean size of the largest clone or the mean diversity
within the neoplasm (Supplementary Table S3). Because of
computational restrictions, our simulations were conducted in the realm of population sizes smaller than detectable clinically. However, when we varied the maximum
possible size of the neoplasm, and thus the detection size of
the tumor, there was little effect on the mean size of the
largest clone or the heterogeneity. Thus, the conclusions
that we draw from smaller tumor sizes apply to larger tumor
sizes. Accumulation of mutant phenotypes in a cell was low
enough that cancer was a relatively rare event. Of the 10,002
simulations, 90 (0.9%) terminated in cancer and 4,639
(46.4%) were benign polyps.
Inferring the path model from cross-sectional data
In our analysis of the simulation data, we made the
following assumptions: a tumor was detected as soon as
it reached some size, a biopsy was taken immediately on
detection, and a mutation could be detected once it comprised 50% of the cells. We biopsied neoplasms at detection
sizes ranging from 700 cells to 10,000 cells (the mean size of
wild-type cell populations were 772 cells, SEM ¼ 7), and
obtained the "genotype" for each biopsy (mutant phenotype status; see Fig. 2A and B for an example). For this
analysis, a biopsy consisted of the entire tumor. From this,
we constructed a matrix of the percentage of biopsies having
a particular mutation in a phenotype for each size threshold.
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This was used to identify the order in which the majority of
tumors (>50%) at a given size had a mutant allele. If
multiple phenotypes reached 50% at the same size threshold, the mutant phenotype occurring in more of the biopsies was given precedence. Mutant phenotypes that did not
occur in 50% of the samples in the final size biopsies were
ordered by the percent of biopsies in which they occurred.
For example, neither self-sufficiency in growth signals nor
insensitivity to antigrowth signal mutations reached majority in 50% of the tumors, but self-sufficiency in growth
signals was found in more biopsies and so we concluded
that it occurred before insensitivity to antigrowth signals.
Inferring the oncogenetic tree model from
cross-sectional data
We used the R Oncotree Package (20) on the same biopsy
data used to infer the path model. We estimated the
confidence in this tree reconstruction by bootstrapping
(98.0%; 1,000 bootstrap samples).
Determining consistent temporal and cross-sectional
orders
A temporal order was classified as consistent with a crosssectional path order if it matched or was a prefix of the path
order. A temporal order was classified as consistent with a
cross-sectional oncogenetic tree order if the temporal mutations in the clone matched or was a prefix of any possible
ordering of mutations along the branches of the oncogenetic tree (see Fig. 1C and D for example). When we
analyzed the data from the study of Smith and colleagues
(10), we defined a biopsy as having a mutational state
consistent with the cross-sectional path order if its genetic
alterations matched with the canonical order or matched a
prefix of the canonical order [adenomatous polyposis coli
(APC); APC and K-ras; or APC, K-ras, and p53].
Obtaining the cell lineages from the genetic
dependency analysis
We sampled 5 or 10 cells for every tumor analyzed.
Because we recorded the exact cell lineage relationship
between all the clones in every tumor, we were able to
obtain the exact cell lineage relationship between the
sampled cells as in Figure 2C. In our analyses, we assume
perfect information and do not simulate experimental noise
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Figure 2. Explanation of sampling strategies using a representative simulation. Each simulation represents a single tumor and the order of mutations
was inferred from the set of all tumors, using 2 alternative strategies. A, the number of cells in this simulation increased over time until it became large enough to
trigger detection of cancer (labeled as "e"). The cross-sectional path model was derived from sampling all tumors on the basis of their size. Most crosssectional studies take 1 biopsy per patient and categorize the tumors by size (and/or grade). To simulate this, we took biopsies of each tumor at prespecified
sizes (dashed lines) and then assayed the majority genotype for the biopsy (B). Data from each size class were summarized across all simulations to measure
the frequency of mutations for each size class (see Fig. 4A). C, the alternative to cross-sectional sampling is to reconstruct the cell lineages for each
tumor. This was done using 5 randomly selected cells from the final time point "e." During simulations, the cell lineages were recorded, as exact lineage
relationships could be derived from detailed genetic data for each cell. The phenotypic effect of each mutation is represented by a different color,
defined in Figure 3B.

in either the cross-sectional or the cell lineage analyses. We
assume that by assaying single crypts (21), cloning single
cells (22), or, in the near future, sequencing single cells,
enough genetic information would be available experimentally to accurately reconstruct the cell lineage. A temporal
order is consistent with the cell lineage if the temporal
mutations in the clone matched or was a prefix of the
phenotypic mutations along the branches of the tree or if
the prefix of a cell lineage order matched the temporal order.

Results
To test whether the temporal order and the order reconstructed from cross-sectional data are consistent, we need
detailed data on the mutational order and timing for every
clone in neoplasms that progress to cancer. It is difficult to
obtain the data to do this experimentally. Thus, we constructed an agent-based model of cell evolution, in which
we simulated the progression of normal cells to cancer cells
computationally. An agent-based model is a discrete-time,
stochastic, computational simulation technique in which
cell behaviors (cell division, mutation, differentiation, and
death) and traits (mutational states) are explicitly encoded
in a computational model. Simulations of a population of
cells are conducted and the resulting system dynamics are
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recorded. Previous computational models of tumorigenesis
(23, 24) explicitly model the phenotypes associated with
the hallmarks of cancer (25). The proper functioning of
differentiation is important in preventing somatic evolution and tumorigenesis (26). Thus, we have a created a
computational model of cancer that incorporates ideas
from previous models with a more realistic representation
of differentiation.
First, we characterized the simulated neoplasms that
progressed to cancer. We found that the necessary and
sufficient mutant phenotypes for progression to cancer
were loss of differentiation, evasion of apoptosis, and
sustained angiogenesis (Supplementary Fig. S1). We
observed that tumors are heterogeneous and are comprised of cells from multiple different clones, which
agrees with recent experimental evidence (27, 28). There
were 327 (mean, SEM ¼ 17) clones generated over the
lifetime of a tumor. When the tumor was large enough to
be detected, it consisted of 256 distinct clones (mean,
SEM ¼ 17), the largest clone of which made up 67%
(mean, SEM ¼ 2%) of the neoplasm. The Shannon Index
of the tumors was 1.7 (mean, SEM ¼ 0.1). The temporal
order of phenotypic mutations in the neoplasms that
progressed to cancer was different between tumors; there
were 50 different temporal orders found in the 91 cancers
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Figure 3. The most common
temporal paths found in clones
that survived to cancer. A, each of
these common temporal paths
makes up on an average at least
1% of the neoplasm, and together
these 26 paths account for 64% of
the cells found in all the cancerous
neoplasms. B, each mutation is
represented by a different color:
loss of differentiation (LD) is green,
evasion of apoptosis (EA) is
purple, limitless replicative
potential (LR) is dark blue,
sustained angiogenesis (SA) is
red, genomic instability (GI) is light
blue, self-sufficiency in growth
signals (SG) is yellow, and
insensitivity to antigrowth signals
(IA) is orange.
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(Supplementary Table S2). This agrees with recent experimental evidence suggesting that the same types of tumors
can have different sets of mutations (29, 30).
To characterize the actual, temporal order of mutations
within a neoplasm, we extracted the temporal order of
mutations for every cell that survived to become part
of a cancer from the summary data. For our analyses,
we focused on characterizing the ordering of mutant
phenotypes. Of the 14,5401 possible temporal paths to
cancer, 381 were observed in cancer and 26 were found
in more than 1% of the cells. Sixty-four percent of the
cells had 1 of these 26 evolutionary paths (Fig. 3). Loss
of differentiation was by far the most common first
step in progression and occurred in 72% of the cells.
For the subsequent mutations, there is at best a weak
tendency for 1 mutation to occur as opposed to another
(Supplementary Fig. S2).
Next, we repeated the experiments to obtain the crosssectional order of mutations, as was done in colon cancer
(6), using our data. First, we obtained the mutational state
of the simulated neoplasms at increasing tumor grades that
we approximated by the neoplasm size, defined as the
number of cells comprising a neoplasm. To do so, we
biopsied neoplasms that progressed to cancer as they
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crossed various size thresholds and genotyped them for
the presence of mutant alleles in the majority of cells. The
frequency-based ordering of mutations inferred from this
analysis was loss of differentiation, evasion of apoptosis,
limitless replicative potential, sustained angiogenesis,
genomic instability, self-sufficiency in growth signals,
and insensitivity to antigrowth signals (Fig. 4A and B).
To quantify how well the temporal order matched the
path order, we determined the percentage of tumor cells
when cancer was detected whose evolutionary order over
time matched the path order obtained from cross-sectional
data. We found that most simulations had few cells in their
tumors with consistent temporal and cross-sectional path
orders [mean  SEM (7.3%  1.0%); Fig. 4C]. In fact, 41%
of tumors had no cells with consistent orders and 68% had
at most 1% of cells with consistent order. Thus, we saw that
the order inferred from cross-sectional data was inconsistent with the temporal order of mutations for most cells.
This is true across a range of parameter, or fitness, values for
the cancer phenotypes including telomere length, neoplasm size, mutation rate, and the probability of cell
division. The sensitivity analyses are summarized in Supplementary Table S3.
Then, we examined whether temporal orders of cells
were consistent with the order reconstructed from an
oncogenetic tree model. We obtained the oncogenetic
branching tree model from our cross-sectional cancer data
(Supplementary Fig. S3) and compared it with the
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Figure 4. The temporal order of mutations in cancer clones rarely matches the path order from cross-sectional data, though the temporal order of
clones matches the order inferred from the genetic dependency analysis from 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 any given
simulated neoplasm whose temporal order is consistent with the cross-sectional path order tends to be low (mean  SEM ¼ 7.3%  1.0%, n ¼ 90). D, the
proportion of cells within any given simulation whose temporal order is consistent with the inferred order from the genetic dependency analysis is high
(mean  SEM ¼ 99.7%  0.1%, n ¼ 90). Each mutation is represented by a different color as given in Figure 3B.

temporal order from individual cells in cancers. We found
that more temporal paths were consistent with the oncogenetic tree models than the simple path model, but most
tumors still had relatively low fractions of temporal paths
consistent with the oncogenetic tree [mean  SEM (11.5%
 2.2%); Supplementary Fig. S3]. Like for the path model
comparison, 41% of tumors have no cells with consistent
temporal orders to the reconstructed oncogenetic tree.
However, the cells comprising the rest of the tumors are
more consistent with the oncogenetic tree order; 54% of
tumors have more than 1% of cells with consistent temporal orders. Like path models, these models do not fully
specify the mutational spectrum observed in experimental
cross-sectional studies of neoplasms. In one study in colon
cancer, 11% of the neoplasms had combinations of mutations that were inconsistent with the oncogenetic tree
identified (16). Of course, characteristics of neoplasms
such as mutation rate, number of cells, cell motility, and
the relative fitness of new mutations affect the probability
that a clone can reach fixation. In turn, this affects the
percentage of clones with consistent temporal and crosssectional mutational orders.
We have shown that using cross-sectional methods to
infer temporal order within tumors is often misleading.
Now, we address whether using intratumor data to reconstruct the cell lineage, or genealogy of mutations, within
individual tumors can better reflect the temporal order. To
do so, we used a genetic dependency analysis on a subsample of cells found in each final neoplasm. We sampled
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5 cells per neoplasm and used these to reconstruct a cell
lineage for each cancer as in Figure 2C. We compared the
temporal ordering of cells in the tumor at cancer to the
genealogy of the same tumor and found that they were
highly consistent [Fig. 4D; mean  SEM (99.7%  0.1%)].
Increasing the number of cells sampled to 10 only slightly
improved the mean consistency between the genealogy of
tumor and temporal order (from a mean of 99.7% to
99.9%, SEM 0.1%). The appropriate number of cells to
sample will depend on the evolutionary dynamics of the
neoplasm (e.g., mutation rate, fitness effects of new mutations, neoplasm size, and cell motility). This approach has
been previously implemented in premalignant tissues (31),
malignant neoplasms (32, 33), and model systems (34). Of
course, within-tumor cell lineage reconstruction could lead
to difficulties teasing apart the order of some mutations
when there are not enough different samples, or if key
mutations occurred prior to recent selective sweeps that
reached fixation. The former problem can be solved by
obtaining more samples, whereas the latter can be solved
by sampling from the same tumor at multiple time points.
In either case, evolutionary methods can overcome the
limitations of cross-sectional sampling.

Discussion
We have used our agent-based model to simulate neoplastic progression. This approach allowed us to record the
cell lineage and population structure of neoplasms that
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progressed to cancer. We have shown that using crosssectional data to infer the temporal order of mutations
for all cells in a neoplasm rarely works; 41% of tumors had
no clones with consistent temporal and cross-sectional
orders. These results are robust and do not depend on
exactly how any one hallmark is implemented. Some of
this mismatch between cross-sectional models and temporal orders can be due to genetic instability and low clonal
expansion rates within tumors. This prevents selective
sweeps from reaching fixation, and thus neoplasms do
not progress through discrete, homogeneous mutational
states as are assumed in path models. In addition, clonal
expansions may be transient during progression due to
regression or competition with other clones. To obtain the
cell lineage for each tumor using intratumor data is a more
accurate method of reconstructing the temporal order of
mutations.
Path models implicitly assume that neoplasms pass
through a series of selective sweeps, each of which
homogenizes a genotype of the tumor. With our model,
we have shown that there are many possible temporal
paths to cancer and that, at detection, neoplasms are
comprised of many clones. This heterogeneity has been
observed experimentally (35–37). Exactly how much
heterogeneity exists depends on the evolutionary parameters of the tumor, including the mutation rate, fitness
advantage of the new mutations, and the level of cell
motility within the neoplasm. As reviewed in ref. 2,
homogeneous and linear clonal evolution occurs when
each clone outcompetes others and reaches fixation
before the next mutation occurs. This tends to occur
when mutations are infrequent, have strong selective
advantages, and there is a high level of cell turnover in
the neoplasm. In this case, the clear temporal path to
cancer is simply the order of clonal selective sweeps and
heterogeneity is likely to decrease as the neoplasm
homogenizes, especially with low mutation rates. Clonal interference tends to occur when new mutant clones
with relatively high fitness advantages occur frequently
enough to interfere with fixation of other clones.
Because there are many competing clones, determining
the single temporal path to cancer for a neoplasm from
its heterogeneous subclones becomes more complicated. Clonal interference, and the heterogeneity that
accompanies it, can occur when mutation rates are high
but the fitness effects of new mutations are small.
Another condition generating exceptionally high intratumor heterogeneity occurs when mutation rates are
high and there is geographical isolation of subpopulations of cells. It is currently unknown which of these
clonal evolution dynamics are found in real tumors,
though there is evidence for high mutation rates and
small fitness effects in colon cancer (38) as well as for
small fitness effects in pancreatic cancer and glioblastoma multiforme (39). We observed dynamics consistent with both clonal evolution and clonal interference
in our simulations, even within the same neoplasm
(Fig. 5C). For example, we observed that heterogeneity
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decreased when a clone that acquired the loss of differentiation mutation fixed in the population, as might
occur during a clonal selective sweep (Fig. 5B). Subsequently, heterogeneity increased as clonal interference
dominated the rest of the neoplastic dynamics. In general, heterogeneity increased over the course of progression in the simulations, with occasional drops that were
immediately followed by increases. Thus, one of the
explanations for the low percentage of clones within a
tumor with matching temporal and path orders is that
there is not a single evolutionary path for tumor.
Instead, there are many clones, each of which can
independently acquire genetic alterations as has been
suggested in Barrett’s esophagus (21).
Another reason the temporal order does not match the
path order in cross-sectional studies is due to the detection
of transient clones. Transient clones increase in size early in
progression only to become extinct, which may occur if a
clone is outcompeted by another clone or if it fails to
stabilize its telomeres. We observed both events (Fig. 5).
For example, we observed a clone that acquired the insensitivity to antigrowth signals mutation early on which
allowed the clone to expand to a detectable size. Then, a
loss of differentiation mutation occurred independently in
a wild-type cell. This new clone quickly expanded and
drove the original clone extinct. Later in progression of
this same neoplasm, a large clone eventually went extinct
due to failure to stabilize its telomeres.
There is a further problem specifically with the construction of path models. Building path models requires the
characterization of several different neoplasms at different
stages. The stages are then ordered according to increasing
size and grade, which is assumed to correspond to a single,
linear order of changes during progression to cancer. This is
how the path model in Figure 4 was constructed. It may be
an obvious point, but by basing the path model on mutations associated with increasing size and grade, we are
identifying those mutations involved in increasing the size
and grade of neoplasms. That these mutations are involved
in progression to cancer is an assumption (40). Thus, if
histologic grading does not reflect the necessary temporal
sequence during progression, then studies based on that
ordering will of course be invalid (41).
Previous work has identified other concerns with the
cross-sectional approach. Szabo and Yakovlev (42) using
a probabilistic framework showed that there are technical limitations in inferring the ordering of genetic
events from frequency and correlation data, regardless
of whether the cross-sectional order obtained was a path
or a tree. In particular, small sample sizes, inherent
undercounting of mutations associated with early tumor
grades, and current methods that assume that the mutations are independent are problematic.
Oncogenetic tree models (11) accommodated more of
the heterogeneity between tumors than path models
because they do not impose a strict order on every mutation
in a tumor. They also relax the assumption that the mutations that lead to neoplasms of increasing size and grade are
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Figure 5. Details of a single simulation as it progresses to cancer. A, plot of the percentage of cells within this neoplasm that contain a given mutation over time.
Note that the IA reaches detection early in progression and regresses. B, plot of the Shannon index for diversity, or information entropy, over time for the
simulation. C, top, the clones, their mutational states, and their rough population sizes over time. The height is proportional to the population size
of the neoplasm, and new mutations are indicated with an arrow. Bottom, the type of neoplasm that would be identified at various points during progression
from normal tissue to cancer, beginning with polyps and ending with cancer. D, the genealogy, or cell lineage, for all of the clones that arose during the
evolution of the neoplasm shows that a single evolutionary run does not have a single evolutionary path. The temporal order of phenotypes is given at
the tips of the genealogy. Because we are modeling phenotypes, the same set of phenotypic mutations can occur in clones that are unique by descent. Each
new mutation for a phenotype is a new mutation in a gene or pathway conferring the phenotype. Thus, we have what looks like convergent evolution—
there is phenotypic homogeneity but it arose through different genetic alterations. Under these parameters, independent acquisition of hallmarks in different
clones is common and leads to clonal interference and the suppression of clonal expansion for any one clone. Note that the most commonly observed
phenotypic order does not correspond to the cross-sectional path order given in Figure 3B. E, the genealogy, or cell lineage, for all of the clones that
arose during the evolution of the neoplasm pictured in Figure 2. Both neoplasms pictured here have relatively high genetic heterogeneity at cancer detection.
As occurs here, genetic heterogeneity may lead to phenotypic homogeneity. Each mutation is represented by a different color as given in Figure 3B.

the same mutations that lead to cancer. However, we have
shown that even the oncogenetic tree order of mutations
does not match the true evolutionary path. Oncogenetic
tree models have already been extended. Distance-based
methods have also been used to reconstruct oncogenetic
tree models (43) and conjunctive Bayesian network models
have used directed acyclic graphs to represent mutation
ordering (44) and have been applied to cross-sectional data
(45). These models still suffer from the weakness of crosssectional data. Recently, a computational approach was
developed to identify the most likely paths through a
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mutational network for colorectal cancer and glioblastoma
using cross-sectional data; the authors found that not all
evolutionary paths are accounted for in the mutational
networks (46), perhaps due to heterogeneity of temporal
orders within cancer types.
Although understanding the dynamics of mutation accumulation has important implications for cancer prevention
and risk stratification, it is difficult to reconstruct temporal
order from cross-sectional data. A fundamental problem in
the use of cross-sectional data to infer the temporal order of
events is the assumption that the state of one tumor is
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informative for the history of a tumor in a different patient.
Both our model and recent cancer resequencing efforts (30,
47, 48) show that there are likely many possible evolutionary paths to cancer not just between types of cancers,
but even within a given type of cancer. Each tumor is a
unique evolutionary trajectory with occasional necessary
and sufficient phenotypic mutations that can be acquired
differently in different tissues. Furthermore, tumors are
populations of heterogeneous clones, each of which is
evolving along a distinct path. Thus, identifying a single
path or oncogenetic tree of mutational events is insufficient
to describe this process. Reconstructing cell lineages within
individual tumors should reveal the true temporal order of
events for the different clones within a tumor (49).
Because cancer is an evolutionary process (50), we can
use some of the powerful tools of evolutionary analyses to
reveal the dynamics of cancer. We have shown that an
evolutionary analysis applied to intratumor samples can
overcome the limitations of cross-sectional analyses. This
can also resolve the conflicting results arising from analyses
using cross-sectional data (10). Finally, evolutionary tools

can help to reveal the dynamics of intratumor genetic
heterogeneity that drives the process of tumor progression
and therapeutic resistance.
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