Copyright © 2011 by the Genetics Society of America
DOI: 10.1534/genetics.110.125724

Intratumor Heterogeneity in Evolutionary Models of Tumor Progression

Rick Durrett,*' Jasmine Foo,"* Kevin Leder,"* John Mayberry’ and Franziska Michor""*

*Department of Mathematics, Duke University, Durham, North Carolina 27708, T Department of Biostatistics and Computational
Biology, Dana-Farber Cancer Institute, and 1De;bartment of Biostatistics, Harvard School of Public Health, Boston,
Massachusetts 02115 and §De[)aﬁmmt of Mathematics, University of the Pacific, Stockton, California 95211

Manuscript received December 7, 2010
Accepted for publication March 1, 2011

ABSTRACT
With rare exceptions, human tumors arise from single cells that have accumulated the necessary number
and types of heritable alterations. Each such cell leads to dysregulated growth and eventually the formation
of a tumor. Despite their monoclonal origin, at the time of diagnosis most tumors show a striking amount of
intratumor heterogeneity in all measurable phenotypes; such heterogeneity has implications for diagnosis,
treatment efficacy, and the identification of drug targets. An understanding of the extent and evolution of
intratumor heterogeneity is therefore of direct clinical importance. In this article, we investigate the

evolutionary dynamics of heterogeneity arising during exponential expansion of a tumor cell population, in
which heritable alterations confer random fitness changes to cells. We obtain analytical estimates for the
extent of heterogeneity and quantify the effects of system parameters on this tumor trait. Our work
contributes to a mathematical understanding of intratumor heterogeneity and is also applicable to
organisms like bacteria, agricultural pests, and other microbes.

UMAN cancers frequently display substantial
intratumor heterogeneity in genotype, gene ex-
pression, cellular morphology, metabolic activity, mo-
tility, and behaviors such as proliferation rate, antigen
expression, drug response, and metastatic potential
(FipLErR and HarT 1982; HeppNER 1984; NicoLsoN
1984; CampBELL and Poryak 2007; Dick 2008). For
example, a molecular and phenotypic analysis of breast
cancer cells has revealed defined subpopulations with
distinct gene expression and (epi)genetic profiles
(SHIPITSIN el al. 2007). Heterogeneity and the existence
of subpopulations within single tumors have also been
demonstrated via flow cytometry in cervical cancers and
lymph node metastases (NGUYEN et al. 1993) as well as
in leukemias (WorLMAN 1986). Virtually every major
type of human cancer has been shown to contain dis-
tinct cell subpopulations with differing heritable alter-
ations (HEPPNER 1984; MERLO ¢t al. 2006; CAMPBELL
and PorLyak 2007). Heterogeneity is also present in
premalignant lesions; for instance, genetic clonal di-
versity has been observed in Barrett’s esophagus, a
condition associated with increased risk of developing
esophageal adenocarcinoma (MALEY et al. 2006; LAl
et al. 2007).
Tumor heterogeneity has direct clinical implications
for disease classification and prognosis as well as for
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treatment efficacy and the identification of drug targets
(MERLO et al. 2006; CAMPBELL and Poryak 2007). The
degree of clonal diversity in Barrett’s esophagus, for
instance, is correlated with clinical progression to
esophageal adenocarcinoma (MALEY et al. 2006). In
prostate carcinomas, tumor heterogeneity plays a key
role in pretreatment underestimation of tumor aggres-
siveness and incorrect assessment of DNA ploidy status
of tumors (WoLMAN 1986; HAGGARTH et al. 2005). Het-
erogeneity has long been implicated in the develop-
ment of resistance to cancer therapies after an initial
response (GEISLER 2002; MERLO et al. 2006) as well as in
the development of metastases (FIDLER 1978). In ad-
dition, tumor heterogeneity hampers the precision of
microarray-based analyses of gene expression patterns,
which are widely used for the identification of genes
associated with specific tumor types (O’SULLIVAN et al.
2005). These issues underscore the importance of ob-
taining a more detailed understanding of the origin and
temporal evolution of intratumor heterogeneity.

To study the dynamics of intratumor heterogeneity,
we construct and analyze a stochastic evolutionary
model of an expanding population with random muta-
tional fitness advances. Evolutionary models of popula-
tions with random mutational advances have been
studied in the context of fixed-size Wright-Fisher pro-
cesses for both finite and infinite populations (GERRISH
and Lenskr 1998; Park and Kruc 2007; PARK et al.
2010); GerrisH and Lensk1 (1998) studied the speed
of evolution in a Wright-Fisher model with random
mutational advances in the context of finite but large
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populations while PARK et al. (2010) obtained accurate
asymptotic approximations for the evolutionary dy-
namics of the population, following ideas presented in
PARkK and KruG (2007). The latter work and references
therein constitute a substantial exploration of the ef-
fects of random mutational advances in fixed-size pop-
ulations. Our present work complements this research
by exploring the effects of random mutational advances
in the context of exponentially expanding populations
and in particular the implications of these mutational
advances on population heterogeneity. Models of ex-
ponentially expanding populations are appropriate for
the study of situations arising during tumorigenesis, but
are also applicable to other organisms undergoing bi-
nary replication such as bacteria, agricultural pests, and
other microbes and pathogens. Bacterial populations,
for instance, are diverging quickly in both genotype
and phenotype, as studied by Lenski and colleagues.
These investigators examined the dynamics of pheno-
typic evolution in populations of Escherichia coli that
were propagated by daily serial transfer for 1500 days,
yielding 10,000 generations of binary fission (LENSKI
et al. 1991; LENskI and TravisaNO 1994). The fitness
of the bacteria improved on average by 50% relative to
the ancestor, and other phenotypic properties, such as
cell size, also underwent large changes. Similarly, sin-
gle malaria isolates have been found to consist of het-
erogeneous populations of parasites that can have
varying characteristics of drug response, from highly
resistant to completely sensitive (FOLEY and TILLEY
1997). These findings have implications for treatment
strategies, as not all pathogen populations are sensi-
tive to therapeutic interventions, and necessitate the
study of diversity dynamics in growing populations of
cells.

In this article, we consider an exponentially expand-
ing population of tumor cells in which (epi)genetic
alterations confer random fitness changes to cells. This
model is used to investigate the extent of genetic
diversity in tumor subpopulations as well as its evolution
over time. The mathematical framework is based on the
clonal evolution model of carcinogenesis, which postu-
lates that tumors are monoclonal (i.e., originating from
a single abnormal cell) and that over time the descend-
ants of this ancestral cell acquire various combi-
nations of mutations (MERLO et al. 2006; CAMPBELL
and Poryak 2007). According to this model, genetic
drift and natural selection drive the progression and
diversity of tumors. Our work complements studies
of the effects of random mutational fitness distri-
butions on the growth kinetics of tumors (DURRETT
et al. 2010) and contributes to the mathematical in-
vestigation of intratumor heterogeneity (COLDMAN and
GoLpIE 1985, 1986; MICHELSON et al. 1989; KANSAL
et al. 2000; Komarova 2006; HAENO ef al. 2007;
ScHWEINSBERG 2008; Bozic et al. 2010; DURRETT and
MoseLEY 2010).

MATERIALS AND METHODS

We consider a multitype branching process model of
tumorigenesis in which (epi)genetic alterations confer an
additive change to the birth rate of the cell. This additive
change is drawn according to a probability distribution v,
which is referred to as the mutational fitness distribution.
Cells that have accumulated i = 0 mutations are denoted as
type-i cells. Initially, the population consists entirely of type-
0 cells, which divide at rate a, die at rate b, and produce type-
1 cells at rate w. The initial population, whose size is given by
Vb, is considered to be sufficiently large so that its growth can
be approximated by Z(t) = Vy exp[hot], where Ny = @y — by
and time ¢ is measured in units of cell division. Type-1 cells
divide at rate ay + X, where X = 0 is drawn according to the
distribution v, and give rise to type-2 cells at rate u. All cell
types die at rate by < ap. In general, a type-(k — 1) cell with
birth rate a,—, produces a new type-k cell at rate u, and the
new type-k cell type divides at rate @, ; +X, where X =0 is
drawn according to v. Each type-k cell produced by a type-
(k — 1) cell initiates a genetically distinct lineage of cells, and
the set of all of its type-k descendants is referred to as its
family. The total number of type-k cells in the population at
time ¢is given by Z,(¢) and the set of all type-k cells is called the
kth wave or generation k. The total population size at time
tis given by Z(t).

Note that in our model, mutations are not coupled to cell
divisions but instead occur at a fixed rate per unit of time. This
model can be modified to exclusively consider (epi)genetic
alterations that occur during cell division by assuming that
type-0 individuals divide at rate o and during each division,
there is a chance p that a mutation occurs, producing a type-1
individual. These two model versions are equivalent for wave-1
cells if qy = ap(1 — p) and u = agp. For later waves, the model
must be altered so that the mutation rate is dependent upon
the genetic constitution of the cells, since accumulation of
alterations modifies the fitness of the cell and hence the rate
at which further changes are accumulated. Analysis of this
model would then require the mutation rate term to be inside
the integral over the support of the fitness distribution; how-
ever, this modification does not alter the limiting results sig-
nificantly. Our model and results can also be modified to
account for generation-dependent mutation rates (COLDMAN
and GoLDIE 1985; PARK et al. 2010).

The mutational fitness distribution v determines the effects
of each (epi)genetic change that is accumulated in the pop-
ulation of cells. We consider fitness distributions concentrated
on [0, b] for some b > 0. We discuss two distinct classes of
distributions: (i) v is discrete and assigns mass g; to a finite
number of values by < by < . . . <by = b; (il) vis continuous
with a bounded density g(x) that is continuous and positive
at 0. Figure 1 shows a snapshot of the population decomposi-
tion in a sample simulation for case ii and illustrates the com-
plex genotypic composition of the population of cells generated
by our model.

The determination of the distribution v in the context of
bacteria and viruses has been the subject of several experi-
mental studies (IMHOF and SCHLOTTERER 2001; SANJUAN
et al. 2004), which have generally produced results leading
to the conclusion that v has an exponential distribution.
However, more recently Rokyta and colleagues (RokyTa
et al. 2008) presented studies of bacteriophages, in which
the distribution of beneficial mutational effects appears to
have a truncated right tail. One possible explanation for this
result is that the experiments were done at an elevated tem-
perature that might have led to a limited number of available
beneficial mutations. A similar scenario might arise during
tumorigenesis when only a limited number of (epi)genetic
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FIGURE 1.—A sample cross-
section of tumor heterogen-
eity. (A) The composition of
a tumor cell population at
t = 150 time units after tu-
mor initiation. Each “wave”
of cells, defined as the set
of cells harboring the same
number of (epi)genetic al-
terations, is represented by
a different color. Individual
clones of cells with identical
genotype are shown as cir-
cles, positioned on the hori-
zontal axis according to
fitness (i.e., birth rate) and
on the vertical axis accord-
ing to clone size. Note that
. 100 later waves tend to have
larger fitness values. (B)
The time at which individual
clones of cells were created
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alterations allow a cell to progress to a more aggressive
phenotype.

RESULTS

There are two sources of heterogeneity present in
the population: variability in the number of mutations
per cell (heterogeneity between generations) and geno-
typic variation between members of the same generation
(heterogeneity within a generation). We investigate
these two sources of heterogeneity and derive analytic
results that quantify the relationship between model
parameters—e.g., mutation rate and mutational fitness
distribution—and the amount of genotypic variation
present in the population over time.

Between-generation heterogeneity: Asymptotic results
for the size of generation k were obtained in (DURRETT
et al. 2010; DURRETT and MosELEY 2010); see Equations
Al and A2 in the ApPENDIX for restatements of the rel-
evant results from these articles. Equation Al implies
that in case i, for example, we have the approximation

logZi(t) ~ Nt — (k+ pr)log(1/u) +logVas, — (2)
when ¢ is large, where N, = Ng+kb is the maximum
growth rate that can be attained by generation k mutants,

Zk 1)\k
— =0T
b N

and Vg is a positive random variable with known Lap-
lace transform. In case ii there is an additional term in

0.34

during tumor progression.
The color scale depicts
the time of emergence of
each clone. In A and B,

0.36 0.38 0.4

parameters are ay = 0.2,
b = 0.1, v~ U([0,0.05]),
and u = 0.001.

(2) of the form (k + fpy)log ¢. Dividing both sides of (2)
by L = log(1/u) and speeding up time by a factor of L,
we note that the log size of generation k approaches
a deterministic, linear limit as the mutation rate be-
comes very small. In particular, as ©— 0, we have

Nt = (k)] =Nt —B)
(3a)

(1/L)log™ 7y (Lt) = % (t) =

in probability, where

k—1

Zi

k+pk

Br= (3b)

The limiting process depends on A, the growth rate of
type-0 cells, and b, the maximum attainable fitness in-
crease, but is otherwise independent of the particular
choice of fitness distribution. An example of the limit-
ing process is displayed in Figure 2, a and b.

As a consequence of Equation 3, we obtain the
following insight regarding the birth time of type-k cells:

if T, = inf{t=0: 7,(¢t) >0} is the first time a type-k in-
dividual is born, then, as u— 0,
Ty
— 4
7 =B (4)

in probability for all £ = 0. From the definition of 3,, we
have that B, —B;_; = 1/\; is decreasing so that the
increments between the birth times for successive gen-
erations decrease as k increases. This effect leads to an
acceleration in the rate at which new mutations are
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accumulated (Figure 2c). This acceleration occurs re-
gardless of the choice of fitness distribution, assuming
that i or ii holds. Since 1/\; is inversely proportional
to b, distributions that allow for larger fitness increases
tend to exhibit shorter increments.

Bozic et al. (2010) observed a similar acceleration of
waves in their model of mutation accumulation. On the
basis of approximations by BEERENWINKEL ¢t al. (2007),
they concluded that this acceleration was an artifact of
the presence of both passenger and driver mutations
and that it does not occur when only driver mutations
conferring a fixed selective advantage are considered—
i.e., when the fitness increments are deterministic. In
contrast to these conclusions, we find that the acceler-
ation of waves occurs regardless of the choice of mu-
tational fitness distribution and is due to the difference
in growth rates between successive generations: type-k
cells arise when generation k — 1 reaches size O(1/u)
and since the asymptotic growth rate of generation k
is larger than the asymptotic growth rate of generation
k — 1, generation k + 1 reaches size O(1/u) faster than
generation k. We observed another example of this
phenomenon earlier during our study of a related
Moran model for tumor growth in which the total
population of cells grows at a fixed exponential rate
(DURRETT and MAYBERRY 2010). In this model, the cause
of acceleration was similarly related to growth rates—later
generations take longer to achieve dominance in the
expanding population of cells, and hence new types are
born with a higher fitness advantage compared to the
population bulk, allowing them to grow more rapidly.

As a second application of Equation 3, we derive an
analytic expression for the time at which type-k cells
become dominant in the population. Let §; = inf

{t=0: Z.(t)>Z(t), for all j # k} be the first time that
type-k cells become the most frequent cell type in the
population. Then, as ©— 0, we have

S h=b 4B, (5)
L

in probability for all k= 1. The limit ¢ is the solution to
)\k(tk - Bk) = )\kfl(tk - Bk*l)’ i.e., the time when Zk(t)
first overtakes z,—(¢). Figure 2d demonstrates how the
index m(¢) of the largest generation at time ¢, defined as
Zn(i) (1) = max{z(t) : k=0}, changes over time. The
transitions between periods of dominance are sharp
only in the small mutation limit. At any given time,
the population consists primarily of members of the
current dominant generation; e, (1/L)log Z(Lt)—
Zn(y(f) as u—0. Therefore, for small mutation rates,
the amount of genetic heterogeneity present in the
population is determined by the amount of heteroge-
neity present in the dominant generation.

To determine the accuracy of our results when the
mutation rate is small, we compare our limiting ap-
proximation in Equation 3 with the results of numerical
simulations, using a mutational fitness distribution
corresponding to a point mass at b [i.e., v ~ 3(0)]. Given
that there are ~3 billion base pairs in the human ge-
nome and the mutation rate per base pair is
0(1078)—0(1071%) (SESHADRI et al. 1987; OLLER el al.
1989; KuNkEL and BEBENEK 2000), point mutations oc-
cur at a rate of 0.3-30 per cell division. However, since
advantageous mutations constitute only a fraction of all
possible mutations, the mutation rate per cell division
for advantageous mutations is smaller than the overall
mutation rate per cell division. In the following exam-
ple, we use a mutation rate per cell per time unit of
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Ficure 3.—The size of the first four genera-
tions of cells. The log size of generations 1-4 is
shown as a function of time ¢ Both time and space
are plotted in units of L = log(1/u). (A) The av-

erage values of the log generation sizes over 10
sample simulations. (B) The limiting approxima-
tion from Equation 3 for the log size of the gen-

Log population size O
Log population size O

erations. (C) The approximation from Equation 6
using the mean of log Vg ;. (D) The approximation
from Equation 6 using a value two standard devia-
tions above the mean of log Vg, to demonstrate an
extreme scenario. Parameters are u = 1077,
v~ 8(b), ap = 0.2, bp = 0.1, and b = 0.05.

u = 107° and a cell division rate of a = 0.2. In Figure 3,
we compare the average size of the kth generation in
simulations (Figure 3a) with the approximation given
by Equation 3 (Figure 3b). Although the behavior is
qualitatively similar to the small mutation limit, the ap-
proximation consistently underestimates the times at
which new waves appear. To explain the source of this
bias, we use the alternative approximation given by the
right-hand side of Equation 2, which can be rewritten as

25(1) = Ly (t/L) + log Vi, (6)

where L = log(1/u). Using the expression for the Lap-
lace transform of Vg, and the numerical algorithm pre-
sented in RipouT (2008), we sample 1000 variates from
the distribution of Vg ;. Table 1 shows the sample mean
and standard deviation of log Vg, for £ = 1,2, 3. The
distribution of log Vi, has a positive mean and is
skewed to the right (Figure 4), implying that the limit
in Equation 3 in general underestimates the size of
generation k for positive mutation rates. The approxi-
mation obtained by replacing log Vg with the sample
mean of log Vg 1 is displayed in Figure 3c. After an initial
period in which the number of type-k cells is small, the
behavior of the process closely resembles the one shown
in Figure 3a. The variance of log Vi, increases with k
and hence, we expect an increasing amount of variabil-
ity in the simulations in the time when type-k cells arise.
Figure 3d displays the right-hand side of Equation 6,
replacing log Vg, with the value two standard deviations
above its mean to illustrate an extreme scenario.
While the limit in (3) depends on the fitness distri-
bution only through the maximum attainable fitness

increase b, the distribution of Vg, also depends on the
fitness distribution through the probability of attaining
a fitness advance of bif vis discrete and the value of the
probability density function at & if v is continuous (see
Equation 4.9 in DURRETT et al. 2010). As a consequence,
our finite time approximation (6) takes into consider-
ation the shape of the fitness distribution near b and the
corrector term log Vi, accounts for variations in the
likelihood of attaining the maximum possible fitness
advance.

Within-generation heterogeneity: We begin our in-
vestigation of within-generation heterogeneity by exam-
ining the extent of diversity present in the first
generation of cells. We use two statistical measures to
assess heterogeneity: (i) Simpson’s index, which is given
by the probability that two randomly chosen cells from
the first generation stem from the same clone, and (ii)
the fraction of individuals in the first generation that
stem from the largest family of cells. To obtain these
results, we derive an alternate formulation of the limit
in Equation 1 that shows the limit is the sum of points in
a nonhomogeneous Poisson process (see the APPENDIX
for more details). Each point in the limiting process

TABLE 1

Means and standard deviations for log Vg for k=1, 2, 3, as
specified by Equation 1

Generation Mean Standard deviation
1 4.7638 1.3738
2 10.6010 2.2434
3 17.0519 3.0282
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FiGUrRe 4.—The distribution of log V4 ;. The relative fre-
quency histogram of 1000 random samples from the distribu-
tion of log Vg1 is shown, as specified by Equation 1.

represents the contribution of a different mutant line-
age to 7 (¢) so that it suffices to calculate i and ii for the
points in the limiting process.

Simpson’s index: Let us introduce some terminology
by defining X,, to be the nth largest point in the limiting
point process and by setting S, = >_7_ , X;. Then Simp-
son’s index for the point process is defined by

i=1

We may also consider Simpson’s index for a random
walk R, = Z:-l:l(Yz/Wn)?, where the Y; are indepen-
dent random variables with a tail probability
P(Y; >x) = x~ % and W, = > ", Y. Then the limit as
n goes to infinity of R, is 1 —a (FucHs e al 2001),
where a = Ng/\; € (0,1) denotes the ratio of the
growth rate of type-0 cells to the maximal growth rate
of type-1 cells. Furthermore, the expected value of R,
converges to the expected value of R so we have

ER=1-a. (7)

See the ApPENDIX for details of this calculation. Equa-
tion 7 shows that the average amount of heterogeneity
present in the first generation depends only on a.
Figure 5 displays the sample mean of Simpson’s index
of Z as a function of time for different values of a. Ini-
tially, the sample mean tends toward 1—a, the expected
value of Simpson’s index for the limiting point process.
Although the sample mean is greater than the limiting
value for larger values of b, our theory guarantees that
eventually, the values of the sample mean converge.
However, it is impossible to simulate the process for
such long times since the population size and number
of cell types become too large.

Expressions for the density and higher moments of R
can be obtained in a similar manner by the comparison
techniques we used in the proof of Equation 7 (see
APPENDIX and LoGAN et al. 1973; SHao 1997). In addi-
tion, near the origin, the density g(x) of R has the form

g(x) ~ax 3/2€Xp [—bx_l] (8)

as x—0_Figure 6 displays simulations of Simpson’s in-
dex for the first wave mutants in the branching process
Z. Note the convergence of the empirical distribution of
Simpson’s index to the distribution for the limiting
point process.

Largest clones: To further investigate heterogeneity
properties of the point process, we examine the fraction
of cells descended from the largest family of first-
generation mutants defined as V, = X;/S,. This quan-
tity reveals the degree of dominance of the largest clone
in the first wave of mutants. For large n, values of V,
near one indicate that the population is largely domi-
nated by a single clone, while values near zero indicate
a highly heterogeneous population where no single
clone contributes significantly to the total. Using a sim-
ilar approach to that in the previous section, we again
consider this calculation in the context of a random walk.
Consider a sequence of independent, identically distrib-
uted random variables Y; with partial sums W,. Define
the maximum value of this sequence from 1 to n to be
Y1y. Then classical results regarding one-dimensional
random walks characterize the limiting characteristic
function of W,/Y (1) (DARLING 1952). In the APPENDIX,
we demonstrate that these results can be applied to the
study the largest clone contributions in the limiting
point process.

We show that 1/V,, converges in distribution to a non-
trivial limit W and obtain an explicit formula for the
characteristic function of the limit: as n— oo, anl >W,
where W has characteristic function {s satisfying {s(0) =
1 and

(1) :‘fz[t;ﬂ for all 0, (92)
with
1 .
() =1+ aJ (1= ™) @D gy, (9b)
0

Interestingly, the characteristic function of Wis nonin-
tegrable since its density has a singularity at 1. This
finding implies that there is a disproportionately large
chance that a single clone dominates the population.
Further details are shown in the APPENDIX.

Differentiating { then leads to simple expressions for
the mean and variance of the limit,
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Ficure 5.—The expected value of Simpson’s
index for the first wave of cells. The sample mean
of Simpson’s index (dots) over time ¢ and the
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Figure 7a suggests that the rate of convergence is slow
for a close to 1. These formulas provide us with the first
two moments of the diversity measure Wand reveal its
dependence on a.

Equation 9 implies that V, converges to a nontrivial
limit V= W~ ! and Jensen’s inequality applied to the strictly
convex function 1/x implies that E(limX;/S,)>1—a.
This result provides a lower bound on the expected
value of the limit of V, and indicates that for values of
a close to zero, the population is eventually dominated
by a single clone. Even though this result indicates only
a lower bound, simulations suggest that deviations of
the mean from 1—a are small, as illustrated in Figure
7b.

Extensions to generation k: The results obtained in
the previous two sections for the first generation of cells
can easily be extended to later generations by noting
that each mutation to a type-(k— 1) individual starts
a new family regardless of the mutated cell’s family tree.
Therefore, the amount of heterogeneity within genera-
tion k depends on the relative growth rates of type-k and
type-(k— 1) individuals in the same way that the
amount of heterogeneity within generation 1 depends
on the relative growth rates of type-1 and type-0 individ-
uals. In particular, letting R, denote the limiting value
of Simpson’s index for generation k, we have

Eszl—OLk, (11)

where a; = N;—1/\; is the relative growth rate of type-
(k —1) individuals compared to type-k individuals (see
also Equation 7 above). Note that the relative growth
rates o, are increasing functions of k. Therefore, Equa-
tion 11 shows that the mean of Simpson’s index is a de-
creasing function of the generation number.

Total population heterogeneity: We conclude this
section by demonstrating how heterogeneity measures
for the population as a whole can be calculated using
information about both intra- and interwave heteroge-
neity. First, define the total collection of all genotypes
present at time ¢ as N(¢). For a particular genotype, x,
the number of cells at time ¢ that have exactly this ge-

Time, ¢

e o expectedvalue of Simpson’s index for the limiting
point process (line) are shown, for two different
values of a. Parameters are Ny = 0.1, ay = 0.2,
and v~ U([0,b]), where b»=0.01 in a and
b= 0.05in b.
100 110 120

notype is given by Z® (7). Two cells have the same ge-
notype if they contain exactly the same collection of
mutations. Then Simpson’s index for the entire popu-
lation is given by

si(z()) = 3 (Zgzt()”)> .

xeN(1)

To show how this expression depends on the contribu-
tions of different waves, define the total collection of
genotypes present in the wave-k population at time ¢ by
Ni(?), and let Z,® be the population of cells in wave &
that have genotype x. By defining K(?) to be the number
of waves present at time ¢, we obtain the alternate
expression

K(1) () )\ ?
SI(Z(1) = Zl) (@Téﬁ) (?&9) :

k=0 XkENk(

This decomposition expresses Simpson’s index for the
whole population in terms of Simpson’s index for each
wave and the contribution of each wave to the total
population. Combining the result in (5), which gives
the dominant wave as a function of time, with (11),
which describes wave-k heterogeneity, we obtain a de-
scription of how the extent of heterogeneity changes in
time. However, more refined results are needed to de-
scribe the transitions between the dominance of succes-
sive waves.

DISCUSSION

In this article, we investigated the evolution of intra-
tumor heterogeneity in a stochastic model of tumor cell
expansion. Our model incorporates random mutational
advances conferred by (epi)genetic alterations and
our analysis focused on the extent of heterogeneity
present in the tumor. We first considered heterogeneity
between tumor subpopulations with varying numbers of
alterations and obtained limiting results, as the mutation
rate approaches zero, for the contribution of each wave
of mutants to the total tumor cell population. We showed
that in the limit, this intergeneration heterogeneity
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Simpson’s index

depends on the maximum attainable fitness advance
conferred by (epi)genetic alterations, but not on the
specific form of the mutational fitness distribution. Our
analysis also led to analytical expressions for the arrival
time of the first cell with £ mutations and showed that
the rate of accumulation of new genetic alterations
accelerates over time due to the increasing growth rates
of successive generations. We demonstrated with sto-
chastic simulations that for small but positive mutation
rates, our limiting approximations provide good predic-
tions of the model behavior (see Figure 3). These sim-
ulations also suggest that as time increases, multiple

waves of mutants coexist without a single, largely dom-
inant wave. For large ¢, the mean growth rate of the kth
wave is given by Ao+ kb, showing that variation in fitness
within a particular wave is a transient property. The
extent to which this variation affects tumor dynamics
at small times is the subject of ongoing work.

We also investigated the genotypic diversity present
within the kth generation of mutants by considering
two measures of diversity: Simpson’s index, which is
given by the probability that two randomly selected cells
stem from the same family, and the fraction of individ-
uals in generation k that stem from the largest family of

FIGURE 7.—The largest clones in
the population of cells. (A) A com-
parison between Monte Carlo esti-
mates for EV, ! and the limit
(1—a)”'. (B) A comparison of the
Monte Carlo estimates for EV, and
the curve (1—a)". The Monte Carlo
estimates are averaged over 100 sam-
ple simulations.

0
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individuals. We obtained limiting expressions for the
mean of Simpson’s index as well as the form of its den-
sity near the origin. Interestingly, the limiting mean of
Simpson’s index is given by the quantity 1—a, where o
is the ratio between the maximum attainable fitness
values of type-(k — 1) and type-k individuals. We then
observed that, as time increases, the mass of the distri-
bution of Simpson’s index moves closer to 0, indicating
higher levels of diversity in the tumor at later times (see
Figure 6). This behavior was also observed via direct
numerical simulation of the branching process—the
distribution and mean of Simpson’s index converged
to the predicted limiting values.

Finally, we investigated the ratio between the total
population size of the kth wave of mutants and the size
of the largest family. We showed that this ratio can be
approximated by a random variable with mean (1—a)™ L.
An explicit formula for the characteristic function of
this random variable was also obtained (see Equation
9). Note that as a approaches 1, the mean of the ratio
grows to infinity—i.e., the largest family of cells consti-
tutes a vanishing proportion of the total population of
wave-k cells as the maximum possible fitness advance
goes to zero.

In the context of tumorigenesis, where a tumor
originally starting from a single cell reaches cell numbers
of =10'%, the limit as ¢ goes to infinity is indeed the
appropriate regime of study. We have compared our re-
sults regarding Simpson’s index with numerical simula-
tions at finite times (see, e.g., Figures 5 and 6) and have
found good qualitative agreement with the asymptotic
limits. Estimates of overall mutation rates in evolving can-
cer cell populations range from 10~ to 1072, In Figure 3
we demonstrate good agreement between our results re-
garding interwave heterogeneity in the small mutation
rate limit (x—0) and numerical simulations when the
mutation rate is 107°; thus, analysis in this limiting re-
gime captures the dynamics for mutation rates <10~°
per cell division.

In conclusion, our analysis indicates that tumor diver-
sity is strongly dependent upon the age of the tumor and
the maximum attainable fitness advance of mutant cells.
If only small fitness advances are possible, then the tumor
population is expected to have a larger extent of diversity
compared to situations in which fitness advances are
large. The acceleration of waves observed in our studies of
intergeneration heterogeneity provides evidence that an
older tumor has a higher level of diversity than a young
tumor. In addition, we have shown that the mean of
Simpson’s index for generation £ is a decreasing function
of the generation number (see Equation 11), indicating
a larger extent of diversity in later generations and sug-
gesting a further increase in the total extent of heteroge-
neity present in the tumor at later times.

Possible extensions of our model include spatial
considerations and the effects of tissue organization
on the generation of intratumor heterogeneity as well

as the inclusion of other cell types, such as immune
system cells and the microenvironment. Furthermore,
alternative growth dynamics should be considered to
test the extent of heterogeneity arising in populations
that follow logistic, Gompertzian, or other growth
models. We have neglected these aspects in the current
version of the model to focus on the dynamics of tumor
diversity in an exponentially growing population of
cells. Our model provides a rational understanding of
the extent and dynamics of intratumor heterogeneity
and is useful for obtaining an accurate picture of its
generation during tumorigenesis.
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APPENDIX

Convergence in distribution of Z,(f): Define N, = Ny + kb to be the maximum growth rate that can be attained by

a generation k mutant, and let

k*l)\k
pr=—k+ Z—

j=0

N

If v is discrete and assigns mass g; to a finite number of values b; < by < ... <by = b, then

(1/w) P e M 7 (8) > Vg, (A1)

where “=” denotes convergences in distribution, and Vg, has Laplace transform

exp [ — dy(no, b) Vo™ M}

for all 6 = 0.

If instead v is a continuous distribution on [0, 5] with a bounded density g that is continuous and positive at b, then

(t/w)* P ™M 7 (0) > Ve, (A2)
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where V_; has Laplace transform exp[—c (N, 0) VOG)‘“/)"‘] for all 6 = 0. Here d,(\o, b) and c,(Ng, b) are constants that
depend on the model parameters (DURRETT et al. 2010), and “d” and “c” in the constants and subscripts stand for
discrete and continuous. See DURRETT and MoOSELEY (2010) for a proof of Equation Al and DURRETT et al. (2010) for
a proof of (A2). To show the dependence on the density g, we write the value of ¢; (N, b) as

R B /A A SN VIR ¥
c1(No, b) = g(b) o .)\O-I-b()\o-i'b) r No+ b I\ No+b)

The convergence in (A2) was also numerically investigated in Figures 1 and 2 of DURRETT et al. (2010).

Point process limit: In this section, we discuss the point process representation for the limit in Equations Al and A2
in the case where k = 1. The limit is the sum of points in a nonhomogeneous Poisson process. Before stating this
result, we introduce some terminology. Here and in what follows, we use | A| to denote the number of points in the
set A. We say that A is a Poisson process on (0, ©) with mean measure p if A is a random set of points in (0, %) with
the following properties:

i. For any AC (0, »), N(A) = |ANA| is a Poisson random variable with mean w(A).
ii. For any k = 1, if A,, ..., A; are disjoint subsets of (0, «), then N(A;), 1 = ¢ = k are independent.

We also let o = N\o/\; € (0, 1) denote the ratio of the growth rate of type-0 cells to the maximal growth rate of type-1
cells and note that 1 + p; = 1/a.

THEOREM 1. Let A be a Poisson process on (0, %) with mean measure
w(A) = J az” @D gy
A

and let S denote the sum of the points in A. Then positive constants Aq, Ac = Aq(No, b), Ac(No, b) exist that depend on the indicated
parameters so that in case i as t — ©

(AquVp) TP Nt 7, (1) =8,
and in case it as t — ©
(AcuVp)” TP 4Nt 7 (1) 58,

For more details, see DURRETT et al. (2010), Theorem 3, and DURRETT and MoOSELEY (2010), Corollary to Theorem
3. Note that the mean measure for A has tail m(x, ) = x~*.

Let X, denote the nth largest pointin A, and let S, = Z?:le- denote the sum of the n largest points. To determine
the dependence of X,, on n we first note that if we define A’ = f(A) where f(x) = x~%, then A’ is a Poisson process
and after making the change of variables y = x~%, we can see that the mean measure is

ax @ gy = J dy=]A].
A

In other words, A’ is a homogeneous Poisson process with constant intensity and hence the spacings between points
are independent exponentials with mean 1. If we let 7, denote the time of the nth arrival in A’, then the law of large
numbers implies that 7, ~ nas n — . Since X, = T, Y ® we obtain X, ~ n=1/* as n — . In addition, we have
the following Lemma:

LEMMA 1.

EX, = Fn—1/a)
I'(n)

Furthermore, if we define S = Zf 11X, then

ESe < oo,
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Proof. Since T, has a Gamma(n, 1) distribution, we have EX, = ET, '/* = T'(n—1/a)/T(n). Stirling’s approxima-
tion implies that I'(n — 1/a)/ I'(n) ~ n~ !/ and the second conclusion follows. ]

Simpson’s index: To prove Equation 7 in the text, we use a result in Fuchs et al. (2001) that shows that

lim ER, =1 — . (A3)

n—ro
Here
n 2
Y;
R, = 2t
=3

where Y; are iid random variables in the domain of attraction of a stable law with index « and S,, = Y; + ... + Y.
To explain the connection between the two results, note that if we have P(Y; > x) = x~¢, for x = 1 and letting Y,,; =
Y,/nl/*, then

nP(Y,; € A)—u(A).

This implies that if we let A, = {Y,,;: ¢ = n} be the point process associated with the Y, ; and define the measures
£,=> ,cadxand § = > 3., then we have

€,2&,

so that we should expect ER to agree with lim ER,.
To make this argument rigorous, let

n 2
Zi =1 Yn,il Y, i>e

e (Z?zl Gh! Yn.i>8> ]

denote the truncated value of Simpson’s index for A, and
S X Ly

R(g) = (2?21 XilX,»>a)2

denote the truncated value for A. Then for any € > 0, we have
|ER, ~ ER| <E|R, ~ Ry(s) | +E| Ru(e) ~ R(8)| +E|R(e) ~ R|. (Ad)

We complete the proof by deriving appropriate bounds for each of the three terms on the right-hand side of (A4).
For the first term, we have the following:

LEMMA 2.
lim sup | Ry, — Ry(€)| = he,
n— oo

where hy — 0 as € — 0. -
Proof. Let € > 0 and write A, = ZleY,ﬁi, Apr(e) = S0 YLy~ and A, k(e) = Apr—Aui(e) for k=1, 2. Since

=1"n,

en!/*
EYIlelSE"I/“ ZJ kykilyf"‘dyﬁ Ceh—aph/a—l
1

for k = 1, 2, we have the bound

EA, () = Ceh™e. (AB)
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After noting that A, 9 = A2 || A, 9(e) = AiJ( €) = A

n,1? n,1’

L o (B35

and A, 1(€)+A,1(e) = A,1, we have for any & > 0,

E|Ry = Ru(e)| =

n,1

= 872EAHYQ(8) + P( nl = 8)

N 81E(‘2A,,,1(3)Anl()/ﬁ <>|> + P(A,1=3)

At (A6)

o+ )]) +=
=8 2EA,9(c) + 35 'EA, (g) + 2P(4,1 =3)
g27a  ggl-a

52 + — +2P(A,1=3),

where we have used (A5) in the last line. To control the third term on the right, let ¢ denote the Laplace transform of
Y:. Then

L= ¢() =af (1=¢?)y @ Day
= oct‘)‘ftw (1—e¢¥x @ Dax ~ 1>

as ¢t — Osince 1 — ¢ ¥~ xas x — 0 implies that fgo (1—e *)x (" Ddx < . We can conclude that

t\" N
E exp(— nl) (1 - (1 — cbm) >—>exp(—Ct )
as n — . In particular, A, ; > A;, where A; has the above Laplace transform. Since
1—exp(—Ct*)—1
as [ = o, we have P(A; = 0) = 0 so that taking 8 = €(!7%/2 in (A6) yields the result. [

To bound the second term on the right-hand side of (A4), we need some notation. Let M, denote the class of all
point measures on (0, «). In a slight abuse of notation, we write v € v when v € M, and v € supp(v). We equip M,
with the topology of vague convergence (see, for example, Section 3.4 in REsNICK 1987) and take as our o-algebra the
one generated by open sets in this topology. Associated with any random set of points, we can associate a measure &
that is a random variable with values in M, We write A,, > A to mean that the associated random measures &, = &.

LemMA 3. A, = A and if we define the maps Fyg: M, — [0, ©) by

st P«n Z X 1x>8
XEW,

fork =1, 2, then
(Fl,s(An)yFQ,e(A )) (Fl S(A) FQS(A))-

Proof. Since

nP(Y,; € A) = nJ ay (@) gy = J ax” @ dx = w(A)
A

nl/®A

for all Borel sets A, the first claim follows from Proposition 3.21 in ResNick (1987). The second claim follows from
the continuous mapping theorem (see, for example, REsNICK 1987, p. 152) the fact that F,. is continuous away
from measures v with € € v and the fact that the random measure associated with A has no point masses with
probability 1. n

As a consequence of this lemma, the fact that R,(¢) = 1, and the bounded convergence theorem, we have the
following:
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COROLLARY 1.
E|Ry () — R(e)| =0
asn — * foranye > 0.
It thus remains to establish the following:
LEMMA 4.

lin})sup E|R(e) — R| =0.
E—

Proof. We can esta_blish this result using the same results as in the proof of Lemma 2, in particular if we define
A, = Z:lef and Ag(e) = Z;o:leanqE for k = 1, 2. Then, following the display in Equation A6, we have for
any & > 0

E|R—R(s)| =8 2EAg(e) + 35 1EA| (g) + 2P(A1=3).
It is obvious that P(A; = 0) = 0 and EAg(¢) = EAj(¢) for € < 1, so it remains only to establish that
EAI (8) - Oa

as &€ — 0. This result follows immediately from Lemma 1. Therefore, taking 8 = (EA,(¢))"/* completes the proof. &

We can now complete the proof of Equation 7 by letting n — o and then ¢ — 0 in (A4) and applying Lemmas 2
and 4 and Corollary 1.
To prove Equation 8, we use a result in LOGAN e al. (1973) that establishes that as n — oo,

_pel2_ D=1V
S.(2)=R PR
(272
has a limiting distribution with a density fthat satisfies
JO) ~ae™™, asy— oo,

for some constants a, b > 0 (see LoGAN e al. 1973, Equation 5.7, and SHAO 1997, Theorem 6.1). Making the change
of variables x = y~1/2 yields Equation 8. ]

Largest clones: Equation 9 is a consequence of the following theorem:

THEOREM 2. Asn — o, an1:>W, where W has characteristic function ¢ satisfying ¢ (0) = 1 and

Jor all t # 0 with

1
Jult)=1+ OLJ (1—e™) w @t gy,
0

The form of the characteristic function is the same as the characteristic function for lim,,_, .. 7,,/ Y(1), where the Y;
are iid random variables with power law tails, Y(;), = max;=,Y;, and T, = ZZ": 1Yi (see, for example, DARLING 1952).
Again, this agreement is a consequence of the previously discussed connection between A, and the limiting Poisson
point process.

To prove Theorem 2, we need the following notation. For a real number ¢, we define the function
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-1, t<0
sgn(t) = 0, t=0
1, t>0.

For a complex number z we denote the real part of z by Re[z] and its imaginary part by Im[z].

Proof of Theorem 2. Theorem 5.1 in DARLING (1952) implies that we have
E exp(itTn/ Y(l)) (1)
as n — o« whereas in the Simpson’s index section, Y(;) = max,=,Y;and T, = El": 1Yi. To conclude that 7,/ Y}y = V, we

need to show that y is continuous at 0. To establish this fact, we make the change of variables v = #u to conclude that

1

| I A
R(O=1+ aJ (1— ™)@ Dy =1+q| t|°‘J (1 e Sg““))v‘(““)dv. (A7)
0

0

Since 1 — exp(i) ~ —ivas v — 0, the integral on the right-hand side of (A7) is finite and hence
b(e)=e"f,7 (1) =1
as ¢t = 0. Since T,/Y) = V, the fact that S,/ X; = Vfollows from the arguments in the previous section. [ ]

It is interesting to note that the characteristic function in Theorem 2 is not integrable. The problem is that the
density of V. ! blows up near 1. As an explanation for this, we note that with probability

—lx—a

exp(—(1 —x"%))exp(—x “)xa % =e¢
there is a point in the process bigger than x and no points in [1, x). When this happens,

N n
yl=""<1 42
" X x

and so
E(y)=P(V, '=y)=c'n*(r— 1"

If we had £, (y) ~ (y — 1)®, then the density would blow up like (y —1)*~!as y — 1. We confirm that this gives the right
asymptotic by providing an explicit formula for the density of W.

COROLLARY 2. W has a density on (1, ®) given by

M’ﬂﬂl*ﬁ

fy) = limJ A

M— o ﬂ4ﬁu)

Note that integral expression above does not converge absolutely so part of the proof consists of showing that the
limit exists. If we apply the change of variable s = {(y — 1) in the definition of f, we see that

e—n

S0)=0 —1>°“1J : ,
O Y (= e et ) du

thus confirming the intuition that the density blows up like (y — 1)~ ! as y approaches 1.

Proof of Corollary 2. We first establish that there are no point masses in the distribution of V. By the inversion
formula we have for any a € R,
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P(V=a)= lim f" e y(r)dt

T—

_ . 1 (T (t1-a)
= fim orf g

If we focus on the positive axis and use the change of variable s = ¢/ 7T,

1 Teit(l —a) 1 1ei5T(1*a)
or| S =g o
2T)o fal(1) 2Jo Ju(sT)

From display (A7) it follows that for every s € (0, 1) we have ¢*71~9/f (sT) — 0 as T— o. Note that

1
1—cos ut
Re[fa ()] =1+aJ0ﬂdu>1,

uetl

which implies | f, ()| = 1 for all &. Therefore |e*71~9 /1 (1)| = 1 for all {and it follows via the dominated convergence
theorem that

im -| & ds=0.
7% 2y fulsT)

A similar result holds for the integral on the negative axis and we conclude that

IJI ei.x’T(l —a)

P(V=a)=0.

We can therefore conclude for x > 1 and & > 0 via the inversion formula (see DURRETT 2005, Equation 3.2) and
Fubini’s theorem that

P(V e (x,x+ h))

lim oo [ (¥ =iy (1) dydi

T— o0 2T —

lim o ST T I(0) dedy.

Therefore, to establish the result we need to show that
1 x+h T . 1 x+h oo .
lim — T(8) didy = — T ¢) didy.
TgnooQ’lTL JiTe W(t)didy QWJx Jﬁwe W) didy

This follows if we show that limTij’fTe*”yL];(t)dt is a convergent integral and that a bounded function £ exists
defined on (x, x + h) such that

T

(hr) =] a0 <ny).
We first use integration by parts to see

T i(1-y) ~ iT(1=y)  ,—iT(1—y) (T it(1—y) pr
hT(y):J 7 L (. +J D).
R(T)  CET) I fuly)

—7 Ja(2) L=y

Recalling that | £ (T)| = % as T — oo, it follows that if we establish that f(¢)/fi(£)? is integrable on (—%, ©), then
the convergence of the integral and the existence of a bounded dominating function will be established. Since f, is
bounded away from 0, it suffices to check that the function decays fast enough. Recalling the definition of f,,

. Lot
"(t)= —iat® | —dv,
(1) i Jova v
which follows by passing the derivative inside the integral in the definition of f,. We can establish that

Tez'v
sup ” —dv ‘<00

T<o I Jo V™
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by observing

J = ¢ mITI2P(1 — ),

o Vv

which can be found in many places, e.g., Loya (2005). Thus,

Teiv
| () | < o™t sup U —dv |=CGot* .
T<w'Jo U

We can similarly establish that for ¢ sufficiently large

R)*=Ge,
for a positive finite constant C;. Thus for ¢ sufficiently large

eit(l_y)ﬁ(t) ‘S C

ﬁx(t)Q ot

establishing the result. n

We conclude this section with the proof of Equation 10. Using the Taylor series expansion of exp(iu) ~ 0 in (A7)
above implies that

L ait)"
+ =1-) ———
I/t =1 ;(n—a)n!
and therefore
(k d alntn_k
(1) =
Ja nz:;(n—a)(n—k)'
so that in particular,
k
0oy = &
JPO) ==

for all k = 1. Let S(¢) = logys(t) = it — log f,(¢). Then dropping the « subscript on f,, we have

v (s O
5= (i-24) = - towr (o)),

which yields the desired result for the mean:

EY = '(0) = i(i — /'(0)) =12
Now
NN — o Lo - )
(0 = = (ogr 0y = ~L UL
9 (63 0(2 o
var(¥) = §7(0) = —f"(0) + (' (0)) = -2+ - |

completing the proof. n



