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Targeted theraples provide an exciting new approach to combat
human cancer. The immediate effect is a dramatic reduction in
disease burden, but in most cases the tumor returns as a con-
sequence of resistance. Various mechanisms for the evolution
of resistance have been implicated including mutation of target
genes and activation of other drivers. There i increasing evi-
dence that the reason for fallure of many targeted treatments is a
small preexisting subpopulation of resistant cells; however, little
Is known about the genetic composition of this resistant subpopu-
lation. Using a novel approach of ordering the resistant subclones
according to their time of appearance, here we describe the full
spectrum of resistance mutations present in a metastatic lesion.
We caleulate the expected and median number of cells in each
resistant subclone. Surprisingly, the ratio of the medians of suc-
cessive resistant elones is independent of any parametar in our
model; for example, the median of the second clone divided by
the median of the first is /7 — 1. We find that most radiograph-
ically detectable leslons harbor at least ten resistant subclones.
Our predictions are in agreement with clinical data on the rela-
tive sizes of resistant subclones obtained from liquid biopsies of
colorectal cancer patients treated with EGFR blockade. Our the-
ory quantifies the genetic heterogeneity of resistance thal exists
prior 1o treatment and provides information to design treatment
strategies that aim to control resistance.
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Significance

Metastatic dissemination to surgically inaccessible sites is the major
cawse of death in cancer patients. Targeted therapies, often initially
effective against metastatic disease, invariably fail due to resistance.
We use mathematical modeling to study heterogeneity of resistance
to treatment and describe for the first tme the entire ensemble of
resistant subclones present in metastatic lesions. We show that ra-
diographically detectable metastatic lesions harbor multiple resistant
subclones of comparable size and compare our predictions to clinical
data on resistance-associated mutations in colorectal cancer patients.
Our mode]l provides important information for the development of
secomd ling treatments that aim o inhibit known resistance mutations.

Acquired resistance 0 treatment 15 a2 major impediment o
successful eradication of cancer.  Patients presenting with
early stage cancers can often be cured surgically but patients with
metastatic disease must be treated with systemic therapies [1]. Tra-
ditional reatments such as chemotherapy and radiation that exploit
the enhanced sensitivity of cancer cells to DNA damage have serious
side effects and, although corative in some cases, often fail doe o
intrinsic or resistance acquired during treatment. Targeted therapies,
a new class of drogs, inhibit specific molecules implicated in tumor
development and are typically less harmful to normal cells compared
to chemotherapy and radiation [2. 3, 4, 5]. In the case of many tar-
geted freatments, patients initially have a dramatic response [6, 7]
only to be followed by a regrowth of most of their lesions several
months later [, 9, 10]. Acguired resistance is often a conseguence of
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genetic alterations (usually point mutations) in the drug target itself
or in other genes [10. 11, 120 13, 14].

Recently, mathematical modeling and clinical data were used o
show that acquired resistance to an EGFR inhibitor panitumuamab in
metastatic colorectal cancer patients is a faft accompli, since 1vpi-
cal detectable metastatic lesions are expected to contain hundreds of
cells resistant to the drug before the start of treatiment [10]. These
cells would then expand during treatment, repopulate the wmor and
canse treatment failure. Similar conclusions should hold for targeted
treatments of other solid cancers [15]. Successful treatment requires
drugs that are effective against the pre-existing resistant subpopula-
tion and must @ke into account the (possible) heterogeneity of re-
sistance mutations present in the patient’s lesions. In this article we
use mathematical modeling to mvestigate the heterogeneity of drug-
resistant mutations in patients with metastatic cancers,

First mathematical investigations of the evolution of resistance (o
cancer therapy were concermed with calculating the probability that
cells resistant to chemotherapy are present in a twmor of a certain size
[16]. Later studies expanded these results to include the effects of a
fitness advantage or disadvantage provided by resistance mutations
[17, 18], multiple mutations needed o achieve resistance to several
drugs [15, 19, 20, 21] and density limitations caused by geometric
constraints [22]. These studies emploved generalizations of the fa-
mous Luria-Delbriick model for accumulation of resistant cells in
exponentially growing bacterial populations [23]. Probability distri-
bution for the number of resistant cells in a population of a certain
size in the fully stochastic formulation of the Luria-Delbriick model
was recently calculated in the large population size limit [24, 25].
The focus of above studies was describing the total number of all re-
sistant cells, rather than the composition of the resistant population
[26].

Results

We model the growth of a metastatic lesion as a branching process
[27] that starts from a single cell (the founder cell of the metastasis)
which is sensitive to reatment. Sensitive cells divide with rate & and
die with rate . The net growth rate of sensitive cells is v = b — d.
During division one of the daughter cells receives a resistance muta-
tion with probability w. Resistant mutations can be neutral in the ab-
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sence of treatment. which means they have the same birth and death
rates as sensitive cells, and we initially focus on this case. We also
expand our theory to the more general case where resistant cells are
non-neutral, which means they have birth and death rates by and o g,
respectively. If e = {(bg = dg) /{b=d) > 1 then resistance mutations
are advantageous prior o reatment; if ¢ << 1 they are deleterions.

A resistant cell may appear in the population and be lost due to
stochastic drift or it can establish a resistant subclone. We number
the resistant subclones that survive stochastic drift by the order of ap-
prearance (Fig. 1A). A reasonable assumption for the number of point
mutations that can provide resistance to a targeted drog is on the or-
der of one hundred [10, 28], Thus, the different resistant subclones
will typically contain different resistance mutations, especially if we
only focus on the larpest ones.

We calculate the number and sizes of resistant subclones in a
metastatic lesion containing A4 cells. Typical radiographically de-
tectable lesions are ~ 1 cm in diameter and contain ~ 10" cells.
The muotation rate, «, leading to resistance is the product of the point
mititation rate g, which is on the order of ~ 107" per base pair per
cell division, and the number of point muotations that can confer re-
sistance, which is ~ L0, In our analysis we will assume a large M
aned simall u limit and mostly focus on the case when Ma 5 1

Tumaor sizes at which successful resistant mutations are produced
can be viewed as a Poisson process on [0, M) with rate u {see Sup-
plementary Information) [17. 10]. The number of successful mutant
lineages is thus Poisson-distributed with mean A = Au. IF A, is the
number of cancer cells in the lesion when the £-th mutant appeared,
which survived stochastic daft (Fig. LA), then Ay — Mg is expo-
nentially distributed with mean 1w, Therefore, we expect that the
k-th clone appeared when the total population size was My ~ k/fu
and that roughly, the size of the first clone 15 & times the size of the
k-th clone. The probability that exactly & clones are present in the
population of size M is AFe—* kL

Counting new successful resistant clones in the order of appear-
ance, we calculate the probability distribution for the number of cells
in the b-th resistant clone. In particular, if & < M the comulative
distribution function for the number of resistant cells in the f-th clone
simplifies (o

Ao e 1 Mu * (1]
Kyl = Mu4y—dyb] -

The excellent agreement between formula [1] and exact computer
simulations of the stochastic process is shown in Fig. [B.

The mean number of cells in the b-th resistant clone is E(Y7) ==
[ e v [logir/fee) — 1] and E(Y3) &= dMa/[r(k - 1)] for k = 2.
The median for the number of cells in the &-th subclone is given by

bMw g

Med(¥e) = == (2 1). (2]

Interestingly, the ratio of the means of the two subclones & and 7 is
(7= 1}k = 1) for k, 7 = 1. The ratio of their medians is

Med(Yy)  2Y% 1
Med(Y;) ~ 2U7 <1

[3]

Mote that the these ratios are independent of any parameters of the
process. In particular, the ratio of the medians of the first and second
clone is 2 — 1, which implies that they have comparable size (same
order of magnitude ).

Liguid biopsy data were used to obtain estimates for the birth
and death rates of cells in metastatic lesions and the number of
proint mutations providing resistance to the EGFR inhibitor paniti-
mumaby in colorectal cancer [10]. The resulting parameter values
(b = 0.25,d = 0.18] per day, point mutation rate @ = 107" per
base pair per replication and 42 point mutations conferring resis-
tance) can be used to calculate the mean and median sizes of the

2 | www.pnas.org/cgidei 0.1073/pnas. 07 006401 04

resistant subclones in a metastatic lesion containing M = 107 cells.
The mean numbers of cells in the first, second and third appearing
resistant clone are E(¥1) &= 2257, E{Y:] = 152 and E{Y3) = Ti.
However, the mean for Y7, the size of the first resistant clone, is heav-
ily influenced by the realizations of the stochastic process in which
the first resistance mutation appeared early and is not a good sum-
mary of the probability distribution for ¥, Namely, the realizations
in which the number of cells in the first clone is greater than the mean
(2237} account for less than 7% of all cases. The median number of
cells in the first resistant clone (Med(Y7]) for the above parameters
1= 152, while the medians for Y5 and ¥5 are 63 and 40, respectively.

In Supplementary Information we calculate the probability dis-
iribution for the ratio of resistant clone sizes ¥/ Ye and show that
it i= also independent of the parameters of the process. Even though
the first appearing clone 15 expected to be the largest, followed by the
second clone and so on, we show that this ordering is often violated.
I 1% of lesions the first successful subclone is smaller than the sec-
ond one; on the other hand, in 24% of lesions the first subclone is at
least 10 times larger than the second one.

Fig. 2 shows different realizations of the stochastic process of
evolution of resistance in metastatic lesions containing 107 and 10"
cancer cells. The same parameters were used to generate all lesions.
The size of each subclone 15 shown (in number of cells), and the
subclones are ordered by their me of appearance. In lesion L1 the
first three subclones are the largest and each have around 100 cells.
Lesion L5 contains only two subclones, while L6 contains seven sub-
clones but none bas more than 10 cells. In each lesion of total size
107 cells there are more than 10 resistant subclones. In L7 the two
largest subclones contain 1300 and 460 cells. In LE there are five
subclones of about 100 cells.

In Table | we show clinical data for the number of circulating
tumor DNA (ciDMNA) fragments harboring mutations in five genes
associated with resistance to anti-EGFR weatment in 18 colorectal
cancer patients who developed more than one mutation in those genes
[2%9]. These mutations were not detectable in patients” serum prior (o
therapy, but became detectable during the course of anti-EGFR treat-
meit. The number of ctDNA fragments commelates with the number
of twmor cells harboring that mutation - it was previously estimated
(using the twmor burdens and pre-treatment ctDNA levels measured
in patients who had KRAS mutations in their tumors before therapy)
that one mutant DNA fragment per ml of serum corresponds to 44
million mutant cells in the patient’s tumor [ 10]. Thues the ratios of the
resistant clone sizes can be obtained from the ratios of the numbers of
ciDMA fragments harboring resistance-associated mutations. These
data provide a unique opportunity to test our theory and compare the
relative sizges of resistant clones inferred from the data with those
predicted wsing our model. Assuming that resistance-associated mu-
tations with higher ctDNA counts appeared prior to those with lower
ciDMA counts, we find excellent agreement between the data and our
model predictions. For example. the median ratio of the sizes of the
first two resistant clones inferred from clinical data [29] is 221, while
our model predicts 2.51. The median ratio of the sizes of the first and
third clones from clinical data is 4.3 and owr mode] predices 4.12 (Ta-
ble 1). Mote that this comparison is parameter-free, as we showed
that the ratio of resistant clone sizes is independent of parameters.

Our mathematical results describe the relative sizes of resistant
clones ordered by age, while the experimental data in Table 1 are or-
dered by size, which serves as a proxy for age, becawse exact clonal
age is unknown. We quantify the extent to which this difference in
clonal ordering by size versus age influences our statistics using ex-
act computer simulations (Table 1. In the relevant parameter regime
of large lesion size, A, and small motation rate, w, with Mo 5 1,
the results are largely independent of parameters (median ratios of
clone sizes vary by < 10% for different parameter combinations).
We show simulation results for median ratios of clone sizes when
clones are ordered by size for typical parameter values (from Ref. 9).
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Az we see in Table 1, the ordering of experimental data by size does
not significantly change the results of our analysis.

We can generalize our approach to the case when resistance mu-
tations are not neutral, but provide a finess effect already before
treatment (formulas shown in Supplementary Information). In Ta-
ble 2 we compare the predicted medians for the first five resistant
clones in a metastatic lesion containing M = 10" cells when resis-
tance is deleternious, neutral or advantageous. We see from Table 2
that even if resistant cells are only 109 as fit as sensitive cells, they
will still be present in typical lesions. The average number of resis-
tant cells produced until the lesion reaches size M is Mu/s Here
s = 1 = d/bis the survival probability of sensitive cells, which is
the probability that the lineage of a single sensitive cell will not die
out. For typical parameter valoes (ie. those used in Table 2) the
number of resistant cells prodouced by sensitive cells in a single le-
sion is ~ 150, Resistant cells that are 10% as fit as sensitive cells
have a survival probability of ~ 4% so on average 6 of them will
form surviving clones. The effect that mutations can cause reatment
failure although they have high fitness cost is a consequence of the
high number of resistant mutants produced by billion(s) of sensitive
cells in a lesion and the specific properties of the branching process,
namely the independence of lineages.

Discussion

In this paper we describe the heterogeneity of mutations providing
resistance to cancer therapy that can be found in any one metastatic
lesion. O results can be generalized to take into account all of the
patient’s lesions, assuming that they evolve according o the same
branching process and that the number of lesions s much smaller
than 1w In that case, the probability distribution for the size of
the &-th appearing resistant clone in the patient’s cancer is given by
formula [ 1] if we let M be the number of cancer cells in all of the
patient’s lesions. All our results generalize similarly.

While the mean and median clone sizes in our model depend on
the parameters of the process, their ratios are generally parameter-
free. The umiversality of the clone ratio statistics follows from the
fact that the skeleton of our branching process, which includes only
cells with infinite line of descent, can be approximated by a Yule
(pure birth) process [30]. It has been shown that in the limit of large
lesion size M oand small mutation rate u, the statistics of the relevant
clones in a branching process with death remain approximately Yule
[31]. Similarly. it can be shown that in the Yuole process, in the above
limits, the mean size of the k-th largest clone is ~ Ma/{k = 1)
and the ratio of the mean sizes of the k-th and j-th largest clones is
s § = 1)/{k = 1) [31, 32]. This is exactly the result we obtain for
the ratio of mean clone sizes even though we order clones by age.

A few recent investigations studied the dynamics of single clones
resistant o therapy [28, 33]. In one of the studies [33]. the authors
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emploved a generalization of the Luria-Delbrack model in which sen-
sitive cells grow deterministically and calculated the number of indi-
vidual resistant clones and the probability distribution for the num-
ber of cells in a single resistant clone after time £ In another study
[28]. mathematical modeling along with in vitro growth rates of cells
harboring 12 point motations providing resistance o BCR-ABL in-
hibitor imatinib were used to calculate the number of resistant clones
and the expected number of resistant cells with a particular resis-
tance mutation at the dme of diagnosis of chronic myeloid leukemia
(CML). The authors found that at most one resistant clone is ex-
pected to be present, as the total number of CML stem cells at di-
agnosis is estimated to be approximately A - 1000, 000 cells and i=
much smaller than the billions of cells typically present in a single
detectable lesion of a solid tmor. In this paper we break new ground
by using a different mathematical technigue and the novel approach
of ordering the resistant clones according to their time of appearance,
which allows us for the first time to describe the full spectrum of
resistance mulations present in a lesion.

Our study is challenging the conventional view of the evalution
of resistance in cancer. For every therapy that 1= opposed by mul-
tiple potential resistance mutations, which 15 the case for every tar-
geted drug developed so far, we can expect multiple resistant clones
of comparable size in every lesion. Our theory provides a precise
guantification of the relative sizes of those resistant subclones. The
heterogeneity of resistance mutations is further amplified when tak-
ing into account multiple metastatic lesions in a patient. This infor-
mation 15 pertinent o the development of second line treatments that
aim o mnhibit known resistance mutations.

Materials and Methods

Model. We moded the growth and ewolution of 2 metastatic lesion as a contin-
uous time multitype branching process [34]. The growth of & lesion is initigted
by a single cell sensitive to the drug. Sensitive cells produce a resistant cell at
each division with probability v and each resistant cell produced by sensitive
cells starts & new resistant fype.

Analysis. Inour analysis we use the approximaton that resistant cells produced
by sensitive cells appear &5 a Poisson process on the number of sensitive cells
[17]. For more detais and derivations of our resulls please see Supplementary
Information.

Simulations. \We perform Monte Cardo simulations of the multitype branching
process using the Gillespie algorithm [35). Between 5000 and 10000 surviving
runs are used for each paremeter combination.
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Figure Legends

Fig. 1. Evolution of resistance in a metastatic lesion. (A) As the lesion {green) grows from one cell to detectable size, new resistant subclones
appear. Some of them are lost to stochastic drft (vellow and pink). while others survive (purple. red and orange riangle). Instead of looking at
the time of appearance of new clones, our approach takes into account the total size of the lesion when the resistance mutation first occurred.
(B) Agreement between computer simulations and formula [ 1] for the comulative distribution function for the number of cells in the first four
resistant clones. The first subclone contains 10 or fewer cells with probability .06, between 1O and 100 cells with probability 0,34, between
IO and 100 cells with probability 0.47 and more than 1000 cells with probability 0013, The second subclone contains more than 100 cells
with probability 0.36. Parameters b = (025, d = 0,181, M = 10", w = 42 107",

Fig. 2. Resistant subclones in metastatic lesions. Different realizations of the same stochastic process are shown in each panel. (A) Six lesions
of size 10° and (B) six lesions of size 107 cells. The first ten resistant clones are shown, which survived until time of detection. They are
ordered according to their time of appearance. Parameter values for all simulations: b = 0.25, d = 0181, uw = 42 . 1077,
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Table 1. Comparison of predicted ratios of resistant clone sizes and ratios obtained from

clinical data.

Patient ¥i° Ya Ya ¥ i/ Yi/Ye YWY
1 168 a0 1.87

2 129 120 1.08

3 a2 =] 3o 1.03 273

4 948 120 104 100 7Aa 8.1z 9.48
5 28 15 1.87

& 114 40 2.85

7 B760 4940 4100 3800 1.37 1.65 1.73
a 220 30 7.33

9 B4B a4 135 133 2327 628 6.38
10 &1 25 2.44

11 244 83 57 284 4.28

12 428 400 100 1.07 4.29

13 354 13 4 303 285

14 308 265 208 138 1.186 1.48 222
15 130 13 il

16 28 13 215

17 M 45 12 11 2.M 10.92 11.91
18 250 173 58 N 1.45 4.1 B.06
Madian from pafients 2.1 4.3 722
Predicted median 2.51 412 5.74
Predicted median (order by size) 205 363 525

* Mumber of carculating tumaor DMNA (ctDMA) fragments per ml (Y5 to Y4} harboring different mutations associated
with resistance to anti-EGFR agents in colorectal cancer patients treated with EGFR blockade [28). Ratio of
resistant clone sizes is given by the ratio of the ctDMA counts for any two resistance-associated mutations. We
assumed that mutatons with higher ciDNA counts in the patient data appeared prior to mutations with smaller
ctDMA counts. We also report predicted median ratios obteined from computer simulabons when clones are

ordered by size (parameters &b = (.26, d = 0L181 A = 107w = 42 10,
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Table 2. Sizes of resistant clones when resistance is deleterious, neutral or

advantageous.

o= I:E.lrf rf.q]ll."'[h r.i::l 1stclone”  2ndclone  3Jrd clone  dth clome  Sth clone

0.0 0 a a 0 o

0.1 i0 & 4 2 1

0.5 27 7 13 11 10

0.7 50 26 19 i5 13

0.9 103 46 30 23 18

0.85 125 54 a5 26 20

1 152 63 40 29 23

1.05 186 T4 45 33 25

1.1 229 BY 52 av 28

*Median number of cells in the first five successful resistant clones in 8 metastatic lesion with
A = 10* cells when resistant cells are |ess fit than sensitive cells (¢ < 1), neutral [ = 1) and
more fit than sensitive cells (¢ > 1). We fix the birth and death rate of sensitive cells, b = (1.25,
d = (1.181 and the death rate of resistant calls 45 = J. We vary the relative fitness of resistant
cells, £, and lat the birth rate of resistant cells be by = d 5 +o(b—d). Mutation rate u = 4210 %
For ¢ = (1.1 we report simulation results and for ¢ = 0.1 we use formula (513} from the 51; see 5I

for details.
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