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to productively interact with the matrix, at least in the context of
the lung, appears to be contingent upon the formation of filopo-
dium-like protrusions (FLPs) that are coated with integrin b1 (Shi-
bue et al., 2012, 2013). DTCs that are unable to sense or respond
to such adhesive signals fail to activate proliferative programs
that are primarily driven by FAK, SRC, and ERK signaling (Barkan
et al., 2010; Shibue et al., 2012). Accordingly, combined inhibi-
tion of both the SRC and ERK pathways blocks the escape of
DTCs from dormancy and thus prevents their subsequent
success in metastatic colonization (El Touny et al., 2014).
Several dormancy-inducing signals found in the microenvi-

ronment of certain target tissues have been identified as well.
For instance, TGF-b2, present in high concentrations in the bone
marrow and acting through stimulation of TGF-b-RI and TGF-
b-RIII displayed by DTCs, can impose a state of dormancy upon
head-and-neck squamous carcinoma cells (Bragado et al.,
2013). Members of the related BMP ligand family have also been
linked to metastatic dormancy. BMP7, which can be produced
by bone stromal cells, can induce dormancy in prostate cancer
cells (Kobayashi et al., 2011). In the lung, too, a number of alterna-
tive BMP ligands are expressed, including BMP4, and these have
been implicated as factors that maintain a state of dormancy in
disseminated mammary carcinoma cells (Gao et al., 2012).
Many of these dormancy-inducing cytokines lead to activation
of the p38MAPKpathway; coupledwith the absence ofmitogenic
signals, this has the net effect of promoting an ERKlow/p38high

state in DTCs, which leads in turn to arrest in the G0/G1 phases
of the cell cycle and associated quiescence (Sosa et al., 2011).

The Dormant Niche
Dormant DTCs may reside in specialized niches (Figure 3C)
that support their survival, restrain their proliferation, and quite
possibly provide resistance to therapeutic agents (Ghajar,
2015). Of particular interest here is the idea that dormant DTCs
can co-opt a niche that is otherwise reserved for tissue-resident
stem cell populations. A compelling demonstration of this phe-
nomenon is provided by the case of prostate cancer cells that
metastasize to the bone, where these carcinoma cells have
been found to compete with hematopoietic stem cells (HSCs)
for occupancy of sites in the endosteal niche; this occurs via
the CXCL12-CXCR4 signaling axis that is normally reserved for
the physiologic regulation of HSCs (Shiozawa et al., 2011). The
fact that DTCs can specifically target a stem-cell niche suggests
that they may be poised to respond to the quiescent and survival
signals present within the HSC microenvironment.
Inmultiple organs—including the lung, bone, and brain—DTCs

have been found to reside in the microenvironment surrounding
the vasculature, a region known as the perivascular niche (Gha-
jar, 2015). Whether this represents their active retention in this
niche or simply indicates an inability to move farther from the
vasculature after initial extravasation is unclear. An alternative
mechanism is suggested by the finding that factors present
in the perivascular niche have been demonstrated to actively
promote dormancy. Thus, thrombospondin-1, produced from
mature endothelial cells and deposited in the microvascular
basement membrane, is able to confine DTCs to residence in a
quiescent state (Ghajar et al., 2013). Moreover, in a study using

Figure 3. Dormancy Programs and Niches
(A) Carcinoma cells that have disseminated prior to the surgical removal of the primary tumormay persist in distant tissue environments as dormant disseminated
tumor cells (DTCs). Patients harboring such reservoirs of occult carcinoma cells are considered to have minimal residual disease and are at increased risk of
eventual metastatic recurrence. Although DTCs are most frequently examined in the bone, the delayed outgrowth of metastases in other organs suggests that
they, too, can harbor dormant DTCs.
(B) Dormant DTCs rely on unique biochemical signaling pathways that sustain their survival and impose programs of quiescence. Signals from the microenvi-
ronment, such as CXCL12, can activate SRC and AKT to promote DTC survival. Reduced integrin-mediated mitogenic signaling, coupled with the actions of
certain dormancy-inducing cytokines, enacts a quiescent program in DTCs that is associated with an ERKlow/p38high signaling state.
(C) DTCs may reside in dormant niches such as the hematopoietic stem cell niche (not shown) or the perivascular niche illustrated here. Thrombospondin-1
(TSP1), present in the basement membrane surrounding mature blood vessels, promotes dormancy. Dormant cells can evade detection by NK cells through the
repression of NK cell-activating ligands and are likely subject to surveillance by the adaptive immune system, which may keep cancer cells in a dormant state
through the actions of IFNg.
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3 approaches

I: backward in time: phylogenetic

II: forward in time: evolutionary model

III: combination



Fig. 1b, example in Supplementary Fig. 2b). These mutations were
present in one ormore of themetastases examined, including the index
metastasis, but not the parental clone.
Thesemutation types were used to classify the lesions that contained

them into parental clones (containing only founder mutations) and
subclones (containing both founder and progressor mutations). By
definition, there could be only one parental clone in a patient, although
there could be many different subclones. Parental clones tended to
containmore deleterious mutations (nonsense, splice site or frameshift
mutations) than subclones (12.6% of the mutations in the parental
clones versus 8.1% of the mutations in subclones, Supplementary
Table 2). The parental clones had already accumulated mutations in
all driver genes (KRAS, TP53 and SMAD4) previously shown to drive
pancreatic tumorigenesis6. Through combined analysis of high-density
single nucleotide polymorphism (SNP) chip data on the index lesion
(Supplementary Table 3) plus the sequencing data on all lesions
(Supplementary Table 2) we found that the vast majority of homo-
zygous mutations (51 mutations, representing 89% of all homozygous
mutations) in the index lesion were already present in the parental
clones.Homozygousmutations are characteristic of tumour suppressor
genes such asSMAD4 andCDKN2A and often occur in associationwith
chromosomal instability7. In sum, the parental clones harboured the
majority of deleterious genetic alterations and chromosomal instability,

upon which were superimposed an accumulation of progressor muta-
tions associated with clonal evolution and metastasis.
Evolutionary maps were constructed for each patient’s carcinoma

based on the patterns of somatic mutation and allelic losses and the
locations of individual metastatic deposits (Fig. 2 and Supplementary
Figs 3–8). These maps showed that, despite the presence of numerous
founder mutations within the parental clones, the cells giving rise to
themetastatic lesions had a large number of progressormutations. For
example, in Pa01 the parental clone contained 49 founder mutations,
yet a clonal expansion marked by the presence of mutations in six
additional genes was present in the lung and peritoneal metastases
(Supplementary Fig. 3). Moreover, 22 more mutations were found in
the liver metastasis. Note that all mutations in the metastatic lesions
were clonal, that is, present in the great majority if not all neoplastic
cells of the metastasis, as assessed by Sanger sequencing. Thus, these
mutations were present in the cell that clonally expanded to become
the metastasis. Similarly, large numbers of progressor mutations were
generally observed in the metastases from each of the seven cases
examined (Fig. 2 and Supplementary Figs 3–8).
To distinguish between the possibilities that clonal evolution

occurred inside the primary cancer versus within secondary sites, we
sectioned theprimary tumours fromtwopatients into numerous, three-
dimensionally organized pieces (Fig. 2a, b) and examined the DNA
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Figure 2 | Geographic mapping of metastatic clones within the primary
carcinoma and proposed clonal evolution of Pa08. a, Illustration of the
pancreatic specimen removed from Pa08 at rapid autopsy, and the planes of
sectioning of the specimen. b, Mapping of the parental clone and subclones
identified by comparative lesion sequencing within serial sections of the
infiltrating pancreatic carcinoma. Metastatic subclones giving rise to liver and
lung metastases are non-randomly located within slice 3, indicated by blue

circles. These clones are both geographically and genetically distinct from
clones giving rise to peritoneal metastases in this same patient, indicated in
green. c, Proposed clonal evolution based on the sequencing data. In thismodel,
after development of the parental clone, ongoing clonal evolution continues
within the primary carcinoma (yellow rectangle), and these subclones seed
metastases in distant sites. *Two mutations were found in the TTN gene.
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Distant metastasis occurs late during the genetic
evolution of pancreatic cancer
Shinichi Yachida1*, Siân Jones2*, Ivana Bozic3, Tibor Antal3,4, Rebecca Leary2, Baojin Fu1,MihokoKamiyama1, RalphH.Hruban1,5,
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Metastasis, the dissemination and growth of neoplastic cells in an
organ distinct from that in which they originated1,2, is the most
common cause of death in cancer patients. This is particularly true
for pancreatic cancers, where most patients are diagnosed with
metastatic disease and few show a sustained response to chemo-
therapy or radiation therapy3. Whether the dismal prognosis of
patients with pancreatic cancer compared to patients with other
types of cancer is a result of late diagnosis or early dissemination of
disease to distant organs is not known. Here we rely on data gen-
erated by sequencing the genomes of seven pancreatic cancermeta-
stases to evaluate the clonal relationships among primary and
metastatic cancers. We find that clonal populations that give rise
to distant metastases are represented within the primary carcin-
oma, but these clones are genetically evolved from the original
parental, non-metastatic clone. Thus, genetic heterogeneity of
metastases reflects that within the primary carcinoma. A quanti-
tative analysis of the timing of the genetic evolution of pancreatic
cancer was performed, indicating at least a decade between the
occurrence of the initiating mutation and the birth of the parental,
non-metastatic founder cell. At least five more years are required
for the acquisition of metastatic ability and patients die an average
of two years thereafter. These data provide novel insights into the
genetic features underlying pancreatic cancer progression and
define a broad time window of opportunity for early detection to
prevent deaths from metastatic disease.
We performed rapid autopsies of seven individuals with end stage

pancreatic cancer (Supplementary Table 1). In all patients, metastatic
deposits were present within two or more anatomic sites in each
patient, most often the liver, lung and peritoneum, as is typical for this
form of neoplasia4.
Low passage cell lines (six patients) or first passage xenografts (one

patient) were created from one of the metastases present at each
patient’s autopsy. These samples comprised seven of the 24 pancreatic
cancers which previously underwent whole exome sequencing and
copy number analysis, as described in a mutational survey of the
pancreatic cancer genome5. In this earlier study, a total of 426 somatic
mutations in 388 different genes were identified among 220,884,033
base pairs (bp) sequenced in the seven index metastatic lesions, cor-
responding to an average of 61 mutations per index metastatic lesion
(range 41–77). In all samples, the vast majority of mutations were
represented by missense or silent single base substitutions (Sup-
plementary Fig. 1 and Supplementary Table 2).
For each of the somatic mutations identified in the seven index

metastasis lesions, we determined whether the same somatic mutation
was present in anatomically distinct metastases harvested at autopsy
from the same patients. We also determined whether these mutations

were present in the primary pancreatic tumours fromwhich the meta-
stases arose. A small number of these samples of interest were cell lines
or xenografts, similar to the index lesions, whereas the majority were
fresh-frozen tissues that contained admixed neoplastic, stromal,
inflammatory, endothelial and normal epithelial cells (Fig. 1a). Each
tissue sample was therefore microdissected to minimize contaminat-
ing non-neoplastic elements before purifying DNA.
Two categories of mutations were identified (Fig. 1b). The first and

largest category corresponded to thosemutations present in all samples
from a given patient (‘founder’ mutations, mean of 64%, range 48–83%
of all mutations per patient; Fig. 1b, example in Supplementary Fig. 2a).
These data indicate that themajority of somatically acquiredmutations
present in pancreatic cancers occur before the development of meta-
static lesions. All other mutations were characterized as ‘progressor’
mutations (mean of 36%, range 17–52% of all mutations per patient;
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Figure 1 | Summary of somatic mutations in metastatic pancreatic cancers.
a, Histopathology of primary infiltrating pancreatic cancer and metastatic
pancreatic cancer to the peritoneum, liver and lung. In addition to infiltrating
cancer cells in each lesion (arrows), non-neoplastic cell types are abundant.
b, Total mutations representing parental clones (founder mutations), and
clonal evolution (progressor mutations) within the primary carcinoma based
on comparative lesion sequencing. Mutations common to all samples analysed
were the most common category identified.
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organ distinct from that in which they originated1,2, is the most
common cause of death in cancer patients. This is particularly true
for pancreatic cancers, where most patients are diagnosed with
metastatic disease and few show a sustained response to chemo-
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patients with pancreatic cancer compared to patients with other
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to distant metastases are represented within the primary carcin-
oma, but these clones are genetically evolved from the original
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metastases reflects that within the primary carcinoma. A quanti-
tative analysis of the timing of the genetic evolution of pancreatic
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occurrence of the initiating mutation and the birth of the parental,
non-metastatic founder cell. At least five more years are required
for the acquisition of metastatic ability and patients die an average
of two years thereafter. These data provide novel insights into the
genetic features underlying pancreatic cancer progression and
define a broad time window of opportunity for early detection to
prevent deaths from metastatic disease.
We performed rapid autopsies of seven individuals with end stage
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deposits were present within two or more anatomic sites in each
patient, most often the liver, lung and peritoneum, as is typical for this
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Low passage cell lines (six patients) or first passage xenografts (one
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patient’s autopsy. These samples comprised seven of the 24 pancreatic
cancers which previously underwent whole exome sequencing and
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represented by missense or silent single base substitutions (Sup-
plementary Fig. 1 and Supplementary Table 2).
For each of the somatic mutations identified in the seven index
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was present in anatomically distinct metastases harvested at autopsy
from the same patients. We also determined whether these mutations

were present in the primary pancreatic tumours fromwhich the meta-
stases arose. A small number of these samples of interest were cell lines
or xenografts, similar to the index lesions, whereas the majority were
fresh-frozen tissues that contained admixed neoplastic, stromal,
inflammatory, endothelial and normal epithelial cells (Fig. 1a). Each
tissue sample was therefore microdissected to minimize contaminat-
ing non-neoplastic elements before purifying DNA.
Two categories of mutations were identified (Fig. 1b). The first and

largest category corresponded to thosemutations present in all samples
from a given patient (‘founder’ mutations, mean of 64%, range 48–83%
of all mutations per patient; Fig. 1b, example in Supplementary Fig. 2a).
These data indicate that themajority of somatically acquiredmutations
present in pancreatic cancers occur before the development of meta-
static lesions. All other mutations were characterized as ‘progressor’
mutations (mean of 36%, range 17–52% of all mutations per patient;
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Figure 1 | Summary of somatic mutations in metastatic pancreatic cancers.
a, Histopathology of primary infiltrating pancreatic cancer and metastatic
pancreatic cancer to the peritoneum, liver and lung. In addition to infiltrating
cancer cells in each lesion (arrows), non-neoplastic cell types are abundant.
b, Total mutations representing parental clones (founder mutations), and
clonal evolution (progressor mutations) within the primary carcinoma based
on comparative lesion sequencing. Mutations common to all samples analysed
were the most common category identified.
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when do metastases become detectable?
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logistic growth. Therefore, from now on we will focus on exponentially growing primary
tumors. Exponential growth has the additional advantage that if only a portion of primary cells
can metastasize and their number is proportional to n(t)γ (say only cells close to the surface of
a spherical tumor for γ = 2/3), then this would be equivalent to changing the primary net
growth rate, that is using n(t) = eγδt.

Since the initiation rate ν is by far the slowest rate in our model, here we study in detail the
most relevant case, that is the small ν limit for an exponentially growing tumor. The determin-
istic part of the relapse time remains 1

l logM, but interestingly the fluctuations �t are distrib-

uted as
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This Gumbel distribution describes the minimum of independent random variables with

exponential (left) tail, has two parameters a and b< 0 and distribution 1 � expÖ � e�x�ab Ü.
Parameter a describes a shift in the distribution, and since a* log ν, it explains the equal spac-
ing between the densities in Fig 2 for logarithmically-spaced values of the initiation rate. Also
notice that these curves are left skewed, as it is expected from the Gumbel for the minimum.

Fig 1. Sample realisation of the model obtained by simulations. The primary tumor grows according to a deterministic exponential function n(t)—depicted by the
blue line. It initiates distant metastases at rate νn(t), and each of them grows as an independent branching process (only the first five are plotted). The first time τ that
any of these metastases reaches a minimal detectable size M is defined as the time to cancer relapse. Also, the primary tumor is surgically removed at a given time T,
when it is made of N = n(T) cells. In the realisation shown, the third established metastases (green curve) is the first to reach detectable size, and hence determines the
time to cancer relapse τ. Based on clinical data (summarized in Table 1), we estimated model parameters (summarized in Table 2), and here we use those for colorectal
cancer, with N = 2 × 1011. Note that a similar illustration for metastasis formation appears in [30].

https://doi.org/10.1371/journal.pcbi.1007423.g001

Cancer recurrence times from a branching process model

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007423 November 21, 2019 5 / 30

e.g. exponential primary

↵

� ;

mets

<latexit sha1_base64="pRxkOSg5tsMyjp/BVF5XCgqwATg=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5GSyCG0sivjZC0Y3LCvYBTSg3k2k7dDIJMxOhhuKvuHGhiFv/w51/47TNQlsPDBzOOZd75wQJZ0o7zrdVWFhcWl4prpbW1jc2t+ztnYaKU0loncQ8lq0AFOVM0LpmmtNWIilEAafNYHAz9psPVCoWi3s9TKgfQU+wLiOgjdSx9zxuwiFcecCTPhx7AdXQsctOxZkAzxM3J2WUo9axv7wwJmlEhSYclGq7TqL9DKRmhNNRyUsVTYAMoEfbhgqIqPKzyfUjfGiUEHdjaZ7QeKL+nsggUmoYBSYZge6rWW8s/ue1U9299DMmklRTQaaLuinHOsbjKnDIJCWaDw0BIpm5FZM+SCDaFFYyJbizX54njZOKe145uzstV6/zOopoHx2gI+SiC1RFt6iG6oigR/SMXtGb9WS9WO/WxzRasPKZXfQH1ucPEhmU/g==</latexit>

� = ↵� �

<latexit sha1_base64="KDbysD2MS73bTg5L92PzNg84IiA=">AAAB8nicbVBNS8NAEN3Ur1q/qh69BIsgCCVRUS9C0YsgQkX7AWkIm+2mXbrZDbsToYT+DC8eFPHqr/Hmv3Hb5qCtDwYe780wMy9MONPgON9WYWFxaXmluFpaW9/Y3Cpv7zS1TBWhDSK5VO0Qa8qZoA1gwGk7URTHIaetcHA99ltPVGkmxSMME+rHuCdYxAgGI3m3AVw+BHB0F0BQrjhVZwJ7nrg5qaAc9aD81elKksZUAOFYa891EvAzrIARTkelTqppgskA96hnqMAx1X42OXlkHxila0dSmRJgT9TfExmOtR7GoemMMfT1rDcW//O8FKILP2MiSYEKMl0UpdwGaY//t7tMUQJ8aAgmiplbbdLHChMwKZVMCO7sy/OkeVx1z6on96eV2lUeRxHtoX10iFx0jmroBtVRAxEk0TN6RW8WWC/Wu/UxbS1Y+cwu+gPr8wd4d5C8</latexit>

Kt = St +Mt



parameter estimates

Material and Methods, we set

n à de�gE
1� q

e�dEâs1 ä

Finally, the carrying capacity for the logistic primary growth studied in Fig 2 is set to
K = 1012 [24, 93]. Overall, we thus found estimates for the following input vector

ÖDTpt;DTm;Tpot; dpt; dm; edEâs1 äÜ

and used them as described above to derive values for our model parameters, i.e.

Öd; l; n; q;N;MÜ

Such estimates are summarized in Table 2.
Before we proceed to study our model predictions, let us further discuss the assumption of a

deterministic primary tumor growth function. Firstly, as we just showed, the only data we

Table 1. Typical ranges of volume doubling times for the primary tumor (DTpt) and metastasis (DTm), tumor potential doubling time (Tpot) and tumor diameter at
resection (dpt) for breast, colorectal, headneck, lung and prostate cancer.

Cancer type Parameter Typical range Estimate References

Breast DTpt (days) 103 − 353 210 [47–52]

DTm (days) 85 − 199 105 [53, 54]

Tpot (days) 8 − 35 15 [44, 55]

dpt (cm) 1.4 − 3 2.5 [56–58]

Colorectal DTpt (days) 130 − 438 175 [59–61]

DTm (days) 45 − 155 105 [54, 62–64]

Tpot (days) 3 − 4 4 [55, 65]

dpt (cm) 3.5 − 5.1 4.5 [59, 61, 66, 67]

Headneck DTpt (days) 15 − 256 84 [68, 69]

DTm (days) 9.5 − 320 56 [70, 71]

Tpot (days) 1 − 14 4 [65, 72]

dpt (cm) 1.3 − 4 2.8 [73, 74]

Lung DTpt (days) 22 − 269 168 [54, 75–78]

DTm (days) 32 − 98 56 [42, 79]

Tpot (days) 2 − 17.5 2.5 [75, 80]

dpt (cm) 1.7 − 4.1 2 [77, 81, 82]

Prostate DTpt (days) 36 − 1080 392 [83–85]

DTm (days) 29 − 213 98 [85, 86]

Tpot (days) 15.2 − 97.8 34 [84, 87]

dpt (cm) 0.1 − 2.9 1.2 [88, 89]

https://doi.org/10.1371/journal.pcbi.1007423.t001

Table 2. Parameter estimates for the primary net growth rate δ, the metastatic net growth rate λ, the initiation rate ν, the extinction probability q, the primary
tumor size at resection N and the minimal detectable size M.

Breast Colorectal Headneck Lung Prostate

δ (cells/day) 0.0033 0.0040 0.0083 0.0041 0.0018

λ (cells/day) 0.0066 0.0066 0.0124 0.0124 0.0071

ν (cells/day) 1.87 × 10−10 8.42 × 10−10 9.36 × 10−10 7.49 × 10−10 4.13 × 10−11

q 0.9010 0.9736 0.9505 0.9691 0.7595

N (cells) 8.18 × 109 4.77 × 1010 1.15 × 1010 4.19 × 109 9.05 × 108

M (cells) 4.19 × 106 4.19 × 106 4.19 × 106 4.19 × 106 4.19 × 106

https://doi.org/10.1371/journal.pcbi.1007423.t002
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relapse times for different resection times 
(conditioned on at least one met by resection)
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Figure 3: Relapse time densities f⌧ (t | KT � 1) conditioned on at least one metastasis initiated by the time of
resection T . For di↵erent values of T , marked with ticks of corresponding colors, these densities are computed
by di↵erentiating equation 8. As T becomes larger, the probability of metastases established before resection (see
equation 1) increases and the conditional relapse time densities converge to the red limit one. Here we have used
parameter estimates for colorectal cancer (see Table 2), n(t) = e�t and 7 equally spaced resection times between
0.25y and 16.15y. The curves for T > 15y look identical to the limit density.

This conditional distribution for di↵erent resection times is depicted in Figure 3. In this and following
figures, the resection time is shown at the bottom of the figure, and the corresponding resection size
N = e�T is shown on the top. As T ! 0 all metastases have to be initiated close to time zero, so the
relapse time becomes the time to reach size M from a single cell, which has the Gumbel distribution for
the maximum given by equation 2. If we then increase the resection time, the conditional densities shift
to the right by the same amount. Finally, as T ! 1 the relapse time distribution converges to the case
without resection

P(⌧  t | KT � 1) ! P(⌧  t)

The fluctuations for the unconditional distribution follow a Gumbel type for the minimum, as per equa-
tion 6. Hence, as time increases, the relapse time distribution turns from a right-skewed Gumbel to a
left-skewed Gumbel.

Note that the densities in Figure 3 become indistinguishable from the large time limit as P(KT � 1)
approaches one. The reason is that by this time metastases have probably already been initiated and
one of the early established ones is likely to relapse first. This suggests that only early enough resection
times change the behaviour of the model. For example in the case of colorectal cancer, according to
Figure 3, only resections of tumors smaller than 109 cells a↵ect the time to recurrence.

Right skewed densities are often chosen to fit probability distributions arising in survival analysis.
This is due to the fact that most survival data su↵er from right censoring [3], where only a lower bound
is known for data points. Looking at the densities in Figure 3, though, we can see both left and right
skewed distributions. While a few survival datasets are negatively skewed [81], cancer relapse times are
typically right censored as a consequence of limited follow-up and patients decease before relapse (see
e.g. [100]). However, our model does not take into account any of these events. Furthermore [45] recently
proposed a model for the estimation of screening times for colorectal cancer based on the observation
that some datasets su↵er from left censoring as well.

3.2 Metastasis classification

If the resection is successful and the primary tumor is completely removed, the therapy can still fail due
to the formation of metastases. For this reason, it is common practice to start looking for detectable
metastases several weeks before the surgery. In this section we thus want to characterize the metastases
which are detectable at a given time and those which are not.

6

Gumbel of max at beginning; Gumbel of mins at end 
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Figure 7: Disease-free curves for di↵erent resection times. The earlier the primary tumor is resected the higher is
the probability that no metastases will arise, or cure probability, represented by the value of the final plateaus. The
resection times are chosen so that P(KT = 0) = 0.75, 0.6, 0.45, 0.3, 0.15, 0.001 respectively. With the parameter
estimates for colorectal cancer (see Table 2) these times range from 12.28 to 14.48 years, corresponding to sizes
between 5.12⇥ 107 and 1.23⇥ 109 cells (diameter 0.46� 1.33cm), respectively.

Table 4: Typical ranges of P(ST � 1) and E[⌧ �T | UT ], predicted value from the model and literature references
for each cancer type.

Cancer

type

Output Range from

clinical data

Theoretical

prediction

Reference

Breast
P (ST � 1) (%) 5� 10 6.13 [5, 15, 124]

E[⌧�T | UT ] (days) 590� 1022 725 [67, 36, 87]

Colorectal
P (ST � 1) (%) 15� 25 20.17 [63, 89, 79, 32, 53,

124]

E[⌧�T | UT ] (days) 353� 760 356 [52, 86, 32, 103, 53]

Headneck
P (ST � 1) (%) 1� 16.8 1.65 [34, 57]

E[⌧�T | UT ] (days) 219� 623 435 [77, 31, 118]

Lung
P (ST � 1) (%) 30� 55.39 33.96 [124, 111]

E[⌧�T | UT ] (days) 210� 602 249 [2, 54, 33]

Prostate
P (ST � 1) (%) 10� 34 13.53 [70, 61, 4]

E[⌧�T | UT ] (days) 730� 1131 969 [14, 108]

The last trait of cancer recurrence that we are going to examine is disease-free rates. These generally
correspond to the survival function of the relapse time, P(⌧ > t). However, following the previous
discussion we will condition this probability on no synchronous metastases, obtaining

P(⌧  t | ST = 0) = 1� e�(bt�bT ) (12)

for t � T . In this case we do not observe any convergence to the density without resection, because
if T ! 0 then no metastasis can be initiated and if T ! 1 the condition ST = 0 pushes the relapse
time to infinity. Here let us also stress that our model does not provide information on survival rates,
as no modelling of the time to decease is incorporated. Furthermore, notice that P (⌧ > t) yields a good
description of the disease-free rates in terms of metastases detectability, but not necessarily with respect
to cancer symptomaticity.

The distribution P(⌧ > t | ⌧ > T ) for di↵erent resection times is shown in Figure 7, studying again
the case of colorectal cancer. As we are not conditioning on at least one metastasis being initiated,

12

results
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UT = {MT � 1, ST = 0}
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Figure 4: Probability of extant metastases - P(KT � 1), dashed curve computed from equation 1 - and synchronous
metastases - P(ST � 1), solid curve computed from equation 4. These probabilities are plotted as functions of the
resection time T for five di↵erent cancer types. The primary tumor size at resection is N = e�T and thus depends
on the primary net growth rate. These resection sizes are discussed Table 3. For each cancer type, the shaded
areas highlight resection time intervals leading to a probability higher than 85% of established and all undetectable
metastases. Using the parameter estimates from Table 2, the width of these intervals is 3.41, 3.17, 1.92, 0.94, 1.19
years for breast, colorectal, headneck, lung and prostate cancer respectively.

Table 2: Estimates for the rates and the extinction probability.

Breast Colorectal Headneck Lung Prostate

� (cells/day) 0.0033 0.0040 0.0083 0.0041 0.0018

� (cells/day) 0.0066 0.0066 0.0124 0.0124 0.0071

⌫ (cells/day) 1.87⇥ 10�10 8.42⇥ 10�10 9.36⇥ 10�10 7.49⇥ 10�10 4.13⇥ 10�11

q 0.9010 0.9736 0.9505 0.9691 0.7595

N (cells) 8.18⇥ 109 4.77⇥ 1010 1.15⇥ 1010 4.19⇥ 109 9.05⇥ 108

M (cells) 4.19⇥ 106 4.19⇥ 106 4.19⇥ 106 4.19⇥ 106 4.19⇥ 106

4.2 Model predictions

Now that we have estimated the parameters of our model in Table 2, we are in position to analyze the
model’s predictions and compare them to clinical data.

Let’s start by analyzing the simplest predictions of the model, which are about the presence of
synchronous and metachronous metastases. Figure 4 shows the probability of initiated metastasis by
resection P(KT � 1) = 1 � e�aT (equation 1), and the probability of visible metastasis by resection
P(ST � 1) = 1 � e�bT (equation 4) as functions of the resection time, for five di↵erent cancer types.
Clearly, metastases establish much before any of them becomes visible. For all five cancer types consid-
ered, one or more metastases have likely been initiated by the time the primary tumor reaches about
8.2 ⇥ 108 cells (diameter 1.16cm). While this value is similar across di↵erent primary types (as a con-
sequence of the parameters estimation procedure, see Section 4.1), the results for the probability of
synchronous metastases vary widely. For breast, colorectal, headneck, lung and prostate cancer, Table 3
reports primary tumor sizes at which synchronous metastases might start to appear and are likely to be
present, respectively (expressed both in terms of number of cells and tumor diameter). By comparing
these values to typical resection sizes in Table 1, we find that detecting metastases at resection is very
likely for lung and prostate cancer and rare for headneck primary tumors.

9

found to infer the rate of growth of a primary tumor refer to doubling times, whose notion
implicitly assumes an exponential growth. For this reason we focus here on growth functions
that (at least in their early stages) show an exponential behaviour. Other growth functions, for
example n(t) = ct3 for spherically growing tumours or n(t) = c0 t2 for tumors with active cells
only around the surface, could be studied when more data becomes available. Secondly, one
could model not just the metastases but also the primary tumor growth as a branching process
to account for further stochastic effects. However, due to the large tumor size at resection a
branching process model would predict an almost perfect exponential growth around resection
time. For this reason we set n(t) = eδt, which then determines the initial time t = 0. Note that
the tumor is not initiated precisely at t = 0, but that time is distributed according to a Gumbel
distribution, analogously to the results in the Single type process section in Materials and meth-
ods. Since the initiation time is not accessible experimentally anyway, for simplicity we use this
above definition for t = 0. In order to justify the exponential deterministic approximation for
the primary size, we performed simulations where we modelled the primary tumor as a branch-
ing process as well. We found that for initiation rates of ν = 10−5 or less (and all other parame-
ters set for colorectal cancer) the exponential approximation of the primary causes less than a
few percent error in the relapse time distribution (see Fig 3). The relationship between stochas-
tic and deterministic wild type populations has been studied rigorously in [29].

Model predictions

Now that we have estimated the parameters of our model in Table 2, we are in position to
study its predictions and compare them to clinical data.

Let us start by analyzing the simplest predictions of the model, which are about the presence
of synchronous and metachronous metastases. Fig 5 shows the probability of initiated metastasis
by resection PÖKT � 1Ü à 1� e�aT (Eq 1), and the probability of visible metastasis by resection

PÖST � 1Ü à 1� e�bT (Eq 4) as functions of the resection time T, for five different cancer types.
that, obviously, the probability of having initiated metastasis is always higher than the probabil-
ity of having visible metastasis at resection. For all five cancer types considered, one or more
metastases have likely been initiated by the time the primary tumor reaches about 8.2 × 108 cells
(diameter 1.16cm). While this value is similar across different primary types (as a consequence
of the parameters estimation procedure), the results for the probability of synchronous metasta-
ses vary widely. For breast, colorectal, headneck, lung and prostate cancer, Table 3 reports pri-
mary tumor sizes at which synchronous metastases might start to appear and are likely to be
present, respectively (expressed both in terms of number of cells and tumor diameter). By com-
paring these values to typical resection sizes in Table 1, we find that detecting metastases at
resection is very likely for lung and prostate cancer and rare for headneck primary tumors.

One of the most challenging scenarios for the development of an effective treatment is
when there are only undetectable metastases present. In our framework this scenario corre-
sponds to the event

UT ≔ fKT � 1; ST à 0g Ö11Ü

which has probability (see Eqs 9 and 10)

PÖUTÜ à PÖMT � 1; ST à 0Ü à PÖMT � 1Ü PÖST à 0Ü

à e�bT � e�aT à PÖKT � 1Ü � PÖST � 1Ü
Ö12Ü

Because of the last identity, the probability of established and all metachronous metastases
can be read out from Fig 5 as the difference of the two curves. There, the shaded areas highlight

Cancer recurrence times from a branching process model
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influenced by the resection timing. We categorized all metastases into synchronous and meta-
chronous and computed corresponding occurrence probabilities. With our estimated parame-
ters we found that the probability of synchronous metastases and the mean relapse time after
resection falls in the typical clinical range for all five different cancer types we study.

A challenging scenario for treatment is that of patients with established but all undetectable
metastases. For all five cancer types we considered, the probability of this event is high within a
significant range of resection sizes. Unfortunately, the typical size of a resected tumor falls in
or near this range for all cancer types. We found that relatively small delays in these resection
times can cause significant decrease in the cure probability. Within our model, surgery only
prevents recurrence if it is done before the onset of the first surviving metastases.

The parameter estimates summarized in Table 2 yield realistic predictions for several quan-
tities of clinical interest. Although in principle we can explore our model predictions across
the whole range of parameters, this would often lead to unrealistic outcomes. In this sense the
quantitative predictions of our model are quite sensitive to the parameter values, but we have
been able to find a combination of parameters that yields realistic results. On the other hand,
the qualitative features of our model are more robust to parameter changes, as demonstrated
for example in Fig 6.

In particular, our estimate for the initiation rate of metastases, ν, is based on the assumption

of early dissemination at primary size, edEâs1 ä à 108 cells. However, since the metastatic net
growth rate δ and extinction probability q are estimated independently from data on tumor
volume doubling times (see Table 1), by changing the early dissemination assumption our
model predictions could fall outside their typical ranges. For example, for colorectal cancer,

Fig 9. Probability of the first metastasis being initiated during surgery delay. This probability P(KT+ΔT� 1, KT = 0)—where T is the set time of resection and ΔT
the surgery delay—is plotted as a function of the resection size N = eδT (x-axis) and of the delay ΔT (y-axis). With the parameter estimates for colorectal cancer (see
Table 2) we see that if a primary tumor is resected at a critical size (around 2 × 108 cells, diameter⇡ 0.725cm), surgery delays of 2-3 months can decrease the cure
probability of more than 10%.

https://doi.org/10.1371/journal.pcbi.1007423.g009
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one patient with 30 mets, data from Bozic ’13, Nicholson, A ‘15
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III: combine evolutionary model + phylogenetic

why mets are more diverse for certain cancer types?  

two problems:

do cancer cells need ability to metastasise? 

X. Brunet Guasch, D. Andel, M. Nicholson, D. M. Cheek, T.A, K. Naxerova: in preparation
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simulation of populations, + sampling

2 and 3 type models give the same result for sizes and timing.



but 3-type model can explain met diversity
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Quartet Diversity Score

for random coalescent of 
PT1,  PT2,  Met1,  Met2
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how to simulate efficiently?
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fitting to cohort mean QDS and prevalence with ABC
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QDS distribution: model vs data



heuristic for QDS (called D)
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Figure 2: Top: Fraction of competent cells in tumors with � 2 mets and a single competent clone, from
simulations and (15) and (16). Bottom: Fraction of competent cells in tumors with � 2 mets from simulations
with multiple arrivals of met-competent clones, and (15) and (16) Bottom E[C] and E[C2] from theory and
simulations, with theory calculated using (15) and (16), for di↵erent µ and s values. Other parameters are
set to our typical values (Table 2)
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heuristic for QDS with more than one clone



summary

simple models are the best
~ Bobby McFerrin.

simple evolutionary models can be fitted to data
- two types are enough for sizes and times
- three types are needed for met diversity 
- they provide intuition and insight


