
MONC
Modeling in ONCology

Modeling spontaneous metastasis following 
surgery and concomitant resistance: an in vivo-in 
silico approach

S. Benzekry 
 Present challenges of mathematics in oncology and biology of cancer 

Marseille, Septembre 2015



Metastasis (µετά = change, στάσιζ = place)

Iwata et al., J Theor Biol, 2000

Contrast-enhanced X-ray computed tomographies of the liver with multiple metastatic tumors. 
Interval : 127 days.  

+ some of the metastases are not visible



• “Metastasis remains the cause of 90% of deaths from solid cancers" Gupta and 

Massagué, Cell, 2006  

• Exciting biological findings amenable to dynamical/mathematical descriptions at 

the systemic scale in recent years:  

• Distant inhibition of angiogenesis by endogenous agents (endostatin,...) O’Reilly, Folkman et 
al., Cell, 1994  

• Self-seeding Norton and Massagué, Nat Med, 2006  

• Pre-metastatic niche Kaplan et al., Nature 2005  

• Clinical challenges  

• What is the burden of occult micro-metastases at diagnosis?  

• What should be the extent of post-surgery (“adjuvant") therapy?  

• What is the differential effect of therapies on the primary tumor and  the metastases? 
(AA therapies might accelerate mets? Ebos et al., Cancer Cell, 2009)  

• How to optimize the scheduling and sequence of anti-cancer agents? 
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Metastasis

See Etienne Baratchart’s poster! 

Baratchart et al. PloS Comp Biol, 2015
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• Most common invasive cancer in women (14% of new cancer cases)  

• Overall 5-year survival: 89.2% 

• However, about 28% will relapse within 15 years Brewster et al, J Natl Cancer Inst, 2008 

• 20 year survival is (only) 44% Litiere et al., Lancet Oncol, 2012 

Breast cancer epidemiology

Source: Surveillance, Epidemiology, and End Results (SEER) database, NCI 



1. A minimally parameterized model for metastatic dynamics 

A. Open clinical questions 

B. Model 

C. Confrontation to experimental and clinical data sets 

D. Implications for assessment of the metastatic relapse risk and impact 
of PT size at surgery on survival 

2. Concomitant resistance 

A. Biological phenomenon 

B. Data 

C. Model

Outline



• For early breast cancer (non-metastatic) 

• For metastatic breast cancer, no consensus on the utility of surgery. 

Ongoing clinical trials. Thomas et al., JAMA Surg, 2 dec 2015

Clinical questions

Q1: How to estimate the amount of residual distant disease at  
diagnosis in order to personalize the adjuvant (chemo)-therapy?  

Q2: What is the quantitative impact of PT resection on the 

time-course of the post-surgical metastatic burden?  

(Q3: How to optimize the scheduling of systemic anti-cancer 

agents (cytotoxic therapies, bio-therapies)?)



Metastatic biology 101
Secondary growth of disseminated 
cancer cells (from a primary location)

receptors, thereby enabling adhesion of CTCs in the microvas-
culature of the liver (Auguste et al., 2007). The relative impor-
tance of these and other molecularly driven strategies that serve
to facilitate the organ-specific arrest of CTCs awaits future study.
Extravasation
Once lodged in the microvasculature of distant organs, CTCs
may initiate intraluminal growth and form a microcolony that
eventually ruptures the walls of surrounding vessels, thereby
placing tumor cells in direct contact with the tissue parenchyma
(Al-Mehdi et al., 2000). Alternatively, carcinoma cells may cross
from vessel lumina into the tissue parenchyma by penetrating the
endothelial cell and pericyte layers that separate vessel lumina
from the stromal microenvironment, a process known as extrav-
asation.
This latter form of extravasation would seem to represent, at

least superficially, the reverse of the earlier step of intravasation.

However, there are reasons to believe that these processes
may, in fact, oftentimes be quite different mechanistically.
Although intravasation can be fostered by certain co-opted
cell types present in the primary tumor stroma, such as the
TAMs described earlier (Wyckoff et al., 2007), these same sup-
porting cells are unlikely to be equally available to facilitate the
extravasation of disseminated carcinoma cells. Indeed, macro-
phage populations that reside in primary tumors are phenotyp-
ically and functionally distinct from those present at sites of
metastasis formation (Qian and Pollard, 2010). In addition, as
discussed previously, the neovasculature formed by primary
tumors is tortuous and leaky (Carmeliet and Jain, 2011),
whereas microvessels in distant normal tissues—the destination
sites of disseminated cancer cells—are likely to be highly
functional, which can result in low intrinsic permeability. For
example, disseminated carcinoma cells attempting to reach
the brain parenchyma must traverse the blood-brain barrier;
similarly, endothelial cells lining pulmonary microvessels nor-
mally create a largely impermeable barrier. In contrast, carci-
noma cells arriving in the bone or liver encounter fenestrated
sinusoids that are highly permeable even in their normal state
and consequently would seem to pose only minor obstacles
to extravasating tumor cells (Nguyen et al., 2009). Hence, the
characteristics of specific microenvironments present at meta-
static sites may strongly influence the fate of disseminated
carcinoma cells, a critically important point that will be revisited
below.
In order to overcome physical barriers to extravasation that

operate in tissues with low intrinsic microvessel permeability,
primary tumors are capable of secreting factors that perturb
these distant microenvironments and induce vascular hyperper-
meability. For example, the secreted protein angiopoietin-like-4
(Angptl4), as well as the pleiotropically acting factors EREG,
COX-2, MMP-1, and MMP-2, disrupt pulmonary vascular endo-
thelial cell-cell junctions in order to foster the extravasation of
breast carcinoma cells in the lungs (Gupta et al., 2007a; Padua
et al., 2008). Also of interest, angiopoietin2 (Angpt2), MMP-3,
MMP-10, placental growth factor, and VEGF secreted by various
types of primary tumors are capable of inducing pulmonary
hyperpermeability prior to the arrival of carcinoma cells in the
lungs, thereby facilitating the subsequent extravasation of
CTCs (Weis et al., 2004; Huang et al., 2009; Hiratsuka et al.,
2011b). Finally, inflammatory monocytes recruited to pulmonary
metastases via CCL2-dependent mechanisms promote the
extravasation of breast carcinoma cells in the lungs by secreting
VEGF (Qian et al., 2011).
Of special interest, whereas Anglptl4 enhanced the extravasa-

tion of breast carcinoma cells in the lungs, it failed to augment
extravasation of these same breast cancer cells in the bone
or their intravasation efficiency (Padua et al., 2008). Hence,
Anglptl4 specifically promoted the process of extravasation
and did so only within the pulmonary tissue microenvironment.
These findings provide evidence for a model in which extravasa-
tion at certain distant organ sites necessitates cell-biological
programs that are not required either for intravasation or
for extravasation at alternative sites of dissemination, again high-
lighting the critical role of the specific tissue microenvironments
present at possible sites of metastasis formation.

Figure 3. Metastatic Tropism
Carcinomas originating from a particular epithelial tissue form detectable
metastases in only a limited subset of theoretically possible distant organ sites.
Shown here are the most common sites of metastasis for six well-studied
carcinoma types. Primary tumors are depicted in red. Thickness of black lines
reflects the relative frequencies with which a given primary tumor type
metastasizes to the indicated distant organ site.

Cell 147, October 14, 2011 ª2011 Elsevier Inc. 279

Metastatic process

Two phases: dissemination and colonization

Valastyan and Weinberg, Cell, 2011

multiplication within organ parenchyma (Fig. 3). These
successful metastatic cells (“seed”) have been likened to a
decathlon champion who must be proficient in 10 events,
rather than just a few (64). However, some steps in this pro-

cess incorporate stochastic elements. Overall, metastasis fa-
vors the survival and growth of a few subpopulations of
cells that preexist within the parent neoplasm. The current
data, especially studies focused on isolated tumor cells,

Table 1. Steps in the metastatic process

Step Description

1 After the initial transforming event, the growth of neoplastic cells is progressive and frequently slow;
2 Vascularization is required for a tumor mass to exceed a 1- to 2-mm diameter (200, 201), and the synthesis and secretion

of angiogenesis factors has a critical role in establishing a vascular network within the surrounding host tissue (201);
3 Local invasion of the host stroma by tumor cells can occur by multiple mechanisms, including, but not limited to,

thin-walled venules and lymphatic channels, both of which offer little resistance to tumor cell invasion (202);
4 Detachment and embolization of tumor cell aggregates, which may be increased in size via interaction with

hematopoietic cells within the circulation;
5 Circulation of these emboli within the vascular; both hematologic and lymphatic;
6 Survival of tumor cells that trafficked through the circulation and arrest in a capillary bed;
7 Extravasation of the tumor embolus, by mechanisms similar to those involved in the initial tissue invasion;
8 Proliferation of the tumor cells within the organ parenchyma resulting in a metastatic focus;
9 Establish vascularization, and defenses against host immune responses; and
10 Reinitiate these processes for the development of metastases from metastases.

Figure 3. The process of cancer metastasis consists of sequential, interlinked, and selective steps with some stochastic elements. The outcome of
each step is influenced by the interaction of metastatic cellular subpopulations with homeostatic factors. Each step of the metastatic cascade is potentially
rate limiting such that failure of a tumor cell to complete any step effectively impedes that portion of the process. Therefore, the formation of clinically
relevant metastases represents the survival and growth of selected subpopulations of cells that preexist in primary tumors.

Talmadge and Fidler

Cancer Res; 70(14) July 15, 2010 Cancer Research5654

Research. 
on April 11, 2013. © 2010 American Association for Cancercancerres.aacrjournals.org Downloaded from 

Published OnlineFirst July 7, 2010; DOI: 10.1158/0008-5472.CAN-10-1040 

Talmadge and Fidler, Cancer Res, 2010



Model scheme
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• Primary tumor Vp grows with rate gp 

• Population of metastases represented by a 

density ρ(t,v) structured in volume v 

• Secondary tumors grow in size with rate g(v) 

• They are spread by the PT with 

dissemination rate d(Vp(t)) = µVp(t)

Mathematical formalism

Mathematical formalism 1: growth

• Primary tumor V
p

grows with rate g
p

(V
p

) (Exponential, Gompertz,
Gomp-Exp, power law,...)

d

dt
V
p

= g
p

(V
p

), V
p

(t = 0) = V
i

• Population of metastases structured
in volume v described by a density
⇢(t, v)

• Tumors grow in size with rate g(v)

) Transport equation when tumors grow

@
t

⇢(t, v) + @
v

(g(v)⇢(t, v)) = 0

t = 18 years

BACKGROUND & OBJECTIVES

AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 

DISSEMINATION + GROWTH

Modeling spontaneous metastasis following 

surgery: an in vivo-in silico approach

D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli

• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)

• Patient-specific estimation of μ

• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development

• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 

involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 

therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014

We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 

post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 

variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 

decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 

Figure 1
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Metastases
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1

Poisson process for the dissemination with rate 
d(Vp) = μVp

Growth rates of primary and secondary tumors
gp and g

Size distribution of the metastases ρ(t,v)
Iwata et al., J Theor Biol, 2000
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CLINICAL DATA

2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
(2 degrees of freedom) 

Diameter of
primary tumor at

diagnosis (cm)

Proportion of
patients developing

metastasis (%)
Model fit

1 � D � 2.5 27.1 25.5

2.5 < D � 3.5 42.0 42.4

3.5 < D � 4.5 56.7 56.3

4.5 < D � 5.5 66.5 65.9

5.5 < D � 6.5 72.8 74.3

6.5 < D � 7.5 83.8 80.8

7.5 < D � 8.5 81.3 85.7
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PERSONALIZED SIMULATIONS FOR DIAGNOSIS AND PROGNOSIS

for a primary tumor of 4.32 cm
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE

S. Benzekry, A. Tracz, M. Mastri, R. Corbelli, D. Barbolosi, J.M.L. Ebos , Modeling spontaneous metastasis following surgery: an in vivo-in silico approach. Cancer 
Research, 10.1158/0008-5472.CAN-15-1389, 2015

Figure 5

A

Resection size (cm)
1 2 3 4 5 6 7 8 9

Ab
so

lu
te

 s
ur

vi
va

l (
ye

ar
s 

af
te

r i
nc

ep
tio

n)

26

28

30

32

34

36

38

40

42

Negligible
recurrence risk

Negligible
benefit

R
el

at
iv

e 
Su

rv
iv

al
 B

en
ef

it 
(%

)

-10

0

10

20

30

40

50

Survival
w/o surgery

Lower
threshold

Non-correlative Non-correlativeCorrelative

Recurrence
threshold� Benefit

threshold��

B

Time (years after cancer inception)
   0 5.48   11 16.4 21.9 27.4 32.9

Su
rv

iv
al

 (%
)

0

10

20

30

40

50

60

70

80

90

100

Negligible recurrence risk (RS = 1 cm)
HR=0.026 (0.0181 - 0.0372) p<0.0001
Benefit (RS = 4.5 cm)
HR=0.535 (0.475 - 0.602) p<0.0001
Negligible benefit (RS = 8 cm)
HR=0.902 (0.811 - 1) p=0.0569
No resection

C
Percentile of µ 10 25 37.5 50 62.5 75 90
RSB(µ) (%) 1 1 1 47 14 6.4 1.9

Recurrence threshold (cm) - 6.6 5.2 4 3 2.4 1.4
Benefit threshold (cm) - 7.8 6.4 5.4 4.6 3.6 2.6

D
Correlative

100 %

0 %

Pr
im

ar
y 

tu
m

or
 s

iz
e 

pr
io

r t
o 

su
rg

er
y 

(m
m

3 ) 

Large
(endpoint)

Non-correlative Non-correlative

Small
(implantation)

O
ve

ra
ll 

su
rv

iv
al

 a
fte

r s
ur

ge
ry

(%
 a

liv
e)

 

Relationship between surgery 
and outcome

1

RSB = Relative Survival Benefit

FUTURE DIRECTIONS

�(V ) = mV �

8
�<

�:

�t�(t, V ) + �V (g(t, V )�(t, V )) = 0 t �]0,+�[, V �]V0,+�[
g(t, V0)�(t, V0) = �(Vp(t)) +

R +�
V0

�(V )�(t, V ) dV t �]0,+�[
�(0, v) = �0 V �]V0,+�[

8
�<

�:

�t�(t, V ) + �V (g(t, V )�(t, V )) = 0 t �]0,+�[, V �]V0,+�[
g(t, V0)�(t, V0) = �(Vp(t)) t �]0,+�[
�(0, v) = �0 V �]V0,+�[

8
�<

�:

�t�(t, v) + �v(g(v)�(t, v)) = 0
g(V0)�(t, V0) = d(Vp(t))
�(0, v) = �0

g(V0)�(t, V0) = �(Vp(t)) +
Z +�

V0
�(V )�(t, V ) dV

�t�(t, V ) + �V (g(t, V )�(t, V )) = 0

�(t, V ) � e�0t�(V )

Z +�

V0
�(t, V )dV

Z +�

V0
V �(t, V )dV

Y j
i = M(tji ,�j) + Ej

i

Y j
i = M(tji ,�j) + Ej

i , �1, . . . ,�N � N (µ,�), µ � Rp, � � Rp�p

P(Mets) = P
Ç
m

Z T1

0
V (t)�dt > 1

å

dVp
dt

= gp(Vp(t))

1

Figure 2

A Surgery

Metastatic burden (MB)Primary Tumor (PT)

Orthotopic
Implantation

Isograft Model:
Kidney (Rencaluc+)

Xenograft Model:
Breast (LM2-4luc+)

Surgery'
(T=34)PT'

(presurgical)
MET'

(postsurgical)

Breast'Model'
(LM2=4luc+)

Kidney'Model'
(Rencaluc+)

Recommend(this(change(in(all(figures

Data primary tumor
Median model primary tumor
10th and 90th percentiles model primary tumor
Data metastatic burden
Median model metastatic burden
10th and 90th percentiles model metastatic burden

Xenograft Model Isograft Model
Breast (LM2-4luc+) Kidney (Rencaluc+)

B C

Fit

Time (days)
0 10 20 30 40 50 60 70

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
ls)

104

106

108

1010

M
et

as
ta

tic
 b

ur
de

n 
(c

el
ls)

104

106

108

1010

Orthotopic
implantation

Surgery
(t=34)

Pre-surgical
PT

Post-surgical
MB

Time (days)
0 20 40 60 80

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
ls)

104

106

108

1010

M
et

as
ta

tic
 b

ur
de

n 
(c

el
ls)

104

106

108

1010

Orthotopic
implantation

Surgery
(t=23)

Pre-surgical
PT

Post-surgical
MB

D E

Predict

Time (days)
0 10 20 30 40 50 60 70

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
ls)

104

106

108

1010

M
et

as
ta

tic
 b

ur
de

n 
(c

el
ls)

104

106

108

1010

Orthotopic
implantation

Surgery
(t=38)

Pre-surgical
PT

Post-surgical
MB

Time (days)
0 20 40 60 80

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
ls)

104

106

108

1010

M
et

as
ta

tic
 b

ur
de

n 
(c

el
ls)

104

106

108

1010

Orthotopic
implantation

Surgery
(t=30)

Pre-surgical
PT

Post-surgical
MB

1

Time (days)
0 10 20 30 40 50 60 70

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
ls)

104

106

108

1010

M
et

as
ta

tic
 b

ur
de

n 
(c

el
ls)

104

106

108

1010

Orthotopic
implantation

Surgery
(t=34)

Pre-surgical
PT

Post-surgical
MB

Time (days)
0 20 40 60 80

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
ls)

104

106

108

1010

M
et

as
ta

tic
 b

ur
de

n 
(c

el
ls)

104

106

108

1010

Orthotopic
implantation

Surgery
(t=23)

Pre-surgical
PT

Post-surgical
MB

Time (days)
0 10 20 30 40 50 60 70

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
l)

105

106

107

108

109

M
et

as
ta

tic
 b

ur
de

n 
(c

el
l)

105

106

107

108

109

Orthotopic
implantation

Surgery
(t=34)

Pre-surgical

PT

Post-surgical

MB

Time (days)
0 20 40 60 80

Pr
im

ar
y 

tu
m

or
 s

ize
 (c

el
l)

104

105

106

107

108

M
et

as
ta

tic
 b

ur
de

n 
(c

el
l)

104

105

106

107

108

Orthotopic
implantation

Surgery
(t=26)

Pre-surgical

PT

Post-surgical

MB

Xenograft model
Breast (LM2-4luc+)

Isograft model
Kidney (Rencaluc+)

PRECLINICAL DATA

t  =  18.0 years

Time (years)
0 5 10 15 20 25 30

Vo
lu

m
e 

(c
el

ls
)

100

102

104

106

108

1010

Primary tumor

Volume (cells)
100 105 1010

N
um

be
r o

f m
et

s

0

5

10

15

20

25

Imaging detection limit

Metastases

Volume (cells)
100 105 1010

N
um

be
r o

f m
et

s

0

5

10

15

20

25
Pre-diagnosis mets
Post-diagnosis mets

Diagnosis

AT DIAGNOSIS

team MONC. sebastien.benzekry@inria.fr

BACKGROUND & OBJECTIVES

AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 

DISSEMINATION + GROWTH

Modeling spontaneous metastasis following 

surgery: an in vivo-in silico approach

D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli

• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)

• Patient-specific estimation of μ

• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development

• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 

involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 

therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014

We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 

post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 

variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 

decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
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CLINICAL DATA

2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
(2 degrees of freedom) 

Diameter of
primary tumor at

diagnosis (cm)

Proportion of
patients developing

metastasis (%)
Model fit
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6.5 < D � 7.5 83.8 80.8

7.5 < D � 8.5 81.3 85.7
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PERSONALIZED SIMULATIONS FOR DIAGNOSIS AND PROGNOSIS

for a primary tumor of 4.32 cm
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE

S. Benzekry, A. Tracz, M. Mastri, R. Corbelli, D. Barbolosi, J.M.L. Ebos , Modeling spontaneous metastasis following surgery: an in vivo-in silico approach. Cancer 
Research, 10.1158/0008-5472.CAN-15-1389, 2015
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Mathematical formalism 1: growth

• Primary tumor V
p

grows with rate g
p

(V
p

) (Exponential, Gompertz,
Gomp-Exp, power law,...)

d

dt
V
p

= g
p

(V
p

), V
p

(t = 0) = V
i

• Population of metastases structured
in volume v described by a density
⇢(t, v)

• Tumors grow in size with rate g(v)

) Transport equation when tumors grow

@
t

⇢(t, v) + @
v

(g(v)⇢(t, v)) = 0

t = 18 years

BACKGROUND & OBJECTIVES

AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 

DISSEMINATION + GROWTH

Modeling spontaneous metastasis following 

surgery: an in vivo-in silico approach

D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli

• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)

• Patient-specific estimation of μ

• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development

• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 

involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 

therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014

We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 

post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 

variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 

decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
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CLINICAL DATA

2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
(2 degrees of freedom) 
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Model fit
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PERSONALIZED SIMULATIONS FOR DIAGNOSIS AND PROGNOSIS

for a primary tumor of 4.32 cm
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE

S. Benzekry, A. Tracz, M. Mastri, R. Corbelli, D. Barbolosi, J.M.L. Ebos , Modeling spontaneous metastasis following surgery: an in vivo-in silico approach. Cancer 
Research, 10.1158/0008-5472.CAN-15-1389, 2015
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BACKGROUND & OBJECTIVES

AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 

DISSEMINATION + GROWTH

Modeling spontaneous metastasis following 

surgery: an in vivo-in silico approach

D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli

• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)

• Patient-specific estimation of μ

• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development

• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 

involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 

therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014

We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 

post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 

variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 

decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
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CLINICAL DATA

2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
(2 degrees of freedom) 
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diagnosis (cm)
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patients developing
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Model fit
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2.5 < D � 3.5 42.0 42.4

3.5 < D � 4.5 56.7 56.3

4.5 < D � 5.5 66.5 65.9

5.5 < D � 6.5 72.8 74.3

6.5 < D � 7.5 83.8 80.8

7.5 < D � 8.5 81.3 85.7

8
�<

�:

�t�(t, V ) + �V (�(t, V )g(V )) = 0
g(V0)�(t, V0) = �(Vp(t))
�(0, V ) = �0(V )

Z +�

V0
�(t, V )dV

1

Z +�

V0
V �(t, V )dV

P(Mets) = P
Ç
µ

Z T1

0
Vp(t)dt > 1

å

m �µ �� a K
2.61 · 10�8 0.448 0.078 4.71 · 10�4 1012

G(V,K) =
Ç

aV ln
Ä
V
K

ä

bV � dV 2/3K

å

dI

dt
= pVp(t) +

Z

�
pV �(t, V,K)dV dK � kI (1)

G(V,K;Vp, �) =
Ç

aV ln
Ä
V
K

ä

bV � dV 2/3K�eI(Vp, �)K

å

dV

dt
= �e��tV

8
�����<

�����:

�t�(t, V,K) + div(�(t, V,K)G(V,K, �, Vp)) = 0 ]0, T [�]V0,+�[�]0,+�[

�G · ��(t, V,K) = �(V,K)=(V0,K0)
¶
�(Vp(t)) +

R +�
V0

R +�
0 �(V )�(t, V,K)dV dK

©
where G · � < 0

�(0, V ) = �0(V ) ]V0,+�[�]0,+�[

� = �(t, V,K)

Z +�

V0

Z +�

0
�(V )�(t, V,K)dV dK

2

p = 0.023 Pearson’s χ2 test for goodness-of-fit 

�(V ) = mV �

8
�<

�:

�t�(t, V ) + �V (g(t, V )�(t, V )) = 0 t �]0,+�[, V �]V0,+�[
g(t, V0)�(t, V0) = �(Vp(t)) +

R +�
V0

�(V )�(t, V ) dV t �]0,+�[
�(0, v) = �0 V �]V0,+�[

8
�<

�:

�t�(t, V ) + �V (g(t, V )�(t, V )) = 0 t �]0,+�[, V �]V0,+�[
g(t, V0)�(t, V0) = �(Vp(t)) t �]0,+�[
�(0, v) = �0 V �]V0,+�[

g(V0)�(t, V0) = �(Vp(t)) +
Z +�

V0
�(V )�(t, V ) dV

�t�(t, V ) + �V (g(t, V )�(t, V )) = 0

�(t, V ) � e�0t�(V )

Z +�

V0
�(t, V )dV

Z +�

V0
V �(t, V )dV

Y j
i = M(tji ,�j) + Ej

i

Y j
i = M(tji ,�j) + Ej

i , �1, . . . ,�N � N (µ,�), µ � Rp, � � Rp�p

P(Mets) = P
Ç
m

Z T1

0
V (t)�dt > 1

å

dVp
dt

= gp(Vp(t))

1

PERSONALIZED SIMULATIONS FOR DIAGNOSIS AND PROGNOSIS

for a primary tumor of 4.32 cm
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE
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Mathematical formalism 1: growth

• Primary tumor V
p

grows with rate g
p

(V
p

) (Exponential, Gompertz,
Gomp-Exp, power law,...)

d

dt
V
p

= g
p

(V
p

), V
p

(t = 0) = V
i

• Population of metastases structured
in volume v described by a density
⇢(t, v)

• Tumors grow in size with rate g(v)

) Transport equation when tumors grow

@
t

⇢(t, v) + @
v

(g(v)⇢(t, v)) = 0

t = 18 years

BACKGROUND & OBJECTIVES

AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 

DISSEMINATION + GROWTH

Modeling spontaneous metastasis following 

surgery: an in vivo-in silico approach

D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli

• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)

• Patient-specific estimation of μ

• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development

• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 

involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 

therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014

We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 

post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 

variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 

decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
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CLINICAL DATA

2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
(2 degrees of freedom) 

Diameter of
primary tumor at

diagnosis (cm)

Proportion of
patients developing

metastasis (%)
Model fit
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for a primary tumor of 4.32 cm
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BACKGROUND & OBJECTIVES

AN ELEMENTARY THEORY OF METASTATIC DYNAMICS: 

DISSEMINATION + GROWTH

Modeling spontaneous metastasis following 

surgery: an in vivo-in silico approach

D. Barbolosi J. ML EbosS.Benzekry A. Tracz M. Mastri R. Corbelli

• Refinement of the metastatic aggressiveness distribution in patients subgroups 
(nodal involvement, hormonal and HER2 status,…)

• Patient-specific estimation of μ

• Differential effect of (targeted) therapies on primary tumor and metastases in 
preclinical drug development

• Metastasis remains the cause of 90% of deaths from solid tumors Chaffer and Weinberg, Science 2011
• ~ 20-30% of breast cancer patients will relapse with distant metastases EBCTG, Lancet, 2005
• For breast cancer, the current factors influencing decision for adjuvant therapy are: tumor size, nodal 

involvement, molecular factors (hormonal receptors and HER2 status), histological type and grade.
• In preclinical experiments, there is a need for a combined in vivo/in silico framework to address the effect of 

therapies on both  the primary tumor AND the metastases Ebos et al., Cancer Cell, 2009, Ebos et al., 
EMBO Mol Med, 2014

We sought to use a mathematical modeling approach for the following questions: 
• How to model in the most parsimonious way the link between pre-surgical tumor size and dynamics and 

post-surgical development of the metastases? 
• How to quantify metastatic aggressiveness (refine the M in TNM) and associated inter-individual 

variability?
• How to personalize adjuvant chemotherapy in order to limit toxicities for the low-risk patients and 

decrease the risk of metastatic relapse for high-risk patients?
• What is the quantitative impact of primary tumor resection on the future development of metastases? 
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CLINICAL DATA

2648 breast cancer patients screened for 
20 years after primary tumor resection (no 
adjuvant therapy) 
Koscielny et al., Br J Cancer, 1984
 
Cancer inception time can be inferred from 
PT volume V1 at diagnosis time T1 
(Gompertz growth).
Lognormal distribution of metastatic 
parameter μ for inter-individual variability 
(2 degrees of freedom) 

Diameter of
primary tumor at

diagnosis (cm)

Proportion of
patients developing

metastasis (%)
Model fit

1 � D � 2.5 27.1 25.5

2.5 < D � 3.5 42.0 42.4

3.5 < D � 4.5 56.7 56.3

4.5 < D � 5.5 66.5 65.9

5.5 < D � 6.5 72.8 74.3

6.5 < D � 7.5 83.8 80.8

7.5 < D � 8.5 81.3 85.7
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PERSONALIZED SIMULATIONS FOR DIAGNOSIS AND PROGNOSIS

for a primary tumor of 4.32 cm
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IMPACT OF SURGERY ON SURVIVAL AS A FUNCTION OF PRIMARY TUMOR SIZE

S. Benzekry, A. Tracz, M. Mastri, R. Corbelli, D. Barbolosi, J.M.L. Ebos , Modeling spontaneous metastasis following surgery: an in vivo-in silico approach. Cancer 
Research, 10.1158/0008-5472.CAN-15-1389, 2015
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Simulation

Stochastic and discrete version of metastatic emission employed for the simulation

Tumor size at diagnosis: 4.32 cm 



1. A minimally parameterized model for metastatic dynamics 

A. Open clinical questions 

B. Model 

C. Confrontation to experimental and clinical data sets 

D. Implications for assessment of the metastatic relapse risk and impact 
of PT size at surgery on survival 

2. Concomitant resistance 

A. Biological phenomenon 

B. Data 

C. Model

Outline



Ortho-surgical animal models of metastasis
• Necessary to consider surgery of the 

primary tumor (PT) for clinical relevance 

• Role of the immune system: 2 animal 

models (syngeneic and xenograft)
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Benzekry, Ebos et al., Cancer Res, 2015

• Metastasis is hard to study 

experimentally (intra-vital process) 

• Spontaneous metastases 



Individual fitsSupplementary Figure 6. Individual fits of primary tumor and metastatic burden

kinetics. Breast animal model
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Equivalent of Figure 3 with all the animals. Each animal was fitted separately.

Benzekry, Ebos et al., Cancer Res, 2015



• Usual fitting methods consider each time series independently 

• When only sparse data are available from subjects in the same 

population, one can fit parameters distribution all-in-once 

• Reduces the number of parameters from pxN to p+p2

Statistical procedure: nonlinear mixed effects modeling
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Population fit and prediction of bioluminescence data
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Data primary tumor
Median model primary tumor
10th and 90th percentiles model primary tumor
Data metastatic burden
Median model metastatic burden
10th and 90th percentiles model metastatic burden

Fit Prediction

Benzekry, Ebos et al., Cancer Res, 2015 
Hartung, Mollard et al., Cancer Res, 2014



The model survival was defined as the time to reach a given lethal burden of 4 × 109 p/s, i.e. 

Predicted versus experimental survival

Experimental survival
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• Mechanistic assumptions  

• Various structures tested for relationship of the PT and mets growth for optimal 
trade-off between goodness-of-fit and identifiability  

• Same growth between PT and mets  

• Growth model = Gomp-Exp 

• λ = in vitro proliferation rate (measured)  

• Statistical assumptions  

• PT and mets fitted together (3 parameters) 

• Proportional statistical error model 

• Lognormal population distribution of the parameters 

• Fast computation of the total metastatic burden using the FFT algorithm 
Hartung, 2015

Best model structure

Gomp(v ) = (α − β ln(v )) v  
gp(v) = g(v) = min(Gomp(v), λv)



• Assume Gompertz growth of PT, 

doubling time at 1 gram = 7 months 

and carrying capacity K = 1012 cells 

• Recover cancer inception time -T1 

from PT volume at diagnosis 

• Lognormal distribution of m and 

fixed populational γ for inter-

individual variability 

• Probability of developing a met = 

probability of having one at 

diagnosis 

Fits to breast cancer clinical dataset
Table 1: Descriptive power of the mathematical model: clinical data of metastatic relapse probability

Diameter of
PT (cm)

Prop. of
relapse
(Data)

Prop. of
relapse
(Model)

1  D  2.5 27.1 27.3

2.5 < D  3.5 42.0 43.1

3.5 < D  4.5 56.7 56.6

4.5 < D  5.5 66.5 65.6

5.5 < D  6.5 72.8 74.0

6.5 < D  7.5 83.8 80.1

7.5 < D  8.5 81.3 84.5

Table 2: Parameters inferred from the model

Data Location Par. Unit Estimate (CV) 95 % CI

In vitro � day�1 0.837 (-) (0.795 - 0.879)

Preclinical

PT

Vinj mm3 1 (-) -
aP day�1 0.605 (10.5) (0.561 - 0.651)
bP day�1 0.0784 (13.1) (0.0709 - 0.0867)

Met

V
0

p/s 10 (-) -
a day�1 1.52 (10.2) -
b day�1 0.0817 (18.9) (0.0731 - 0.0914)
m day�1 0.00297 (4379) (0.000811 - 0.0109)
� - 1 (-) -

Clinical

PT

V
0

cell 1 (-)
aP day�1 0.013 (-)
bP day�1 4.71⇥ 10�4 (-)

Met

V
0

cell 1 (-)
a day�1 0.013 (-)
b day�1 4.71⇥ 10�4 (-)
m day�1cell�� 1.03⇥ 10�7 (452)
� - 0.448 (-)

p = 0.0157 
Pearson’s χ2 test for goodness-of-fit 

Clinical data

20 year follow-up of 2648 breast

cancer patients
Koscielny, Tubiana et al., Br J Cancer,
1984

Diameter of
PT (cm)

Prop. of
relapse
(Data)

Prop. of
relapse
(Model)

1 � 2.5 27.1 25.5
2.5 � 3.5 42.0 42.3
3.5 � 4.5 56.7 56.3
4.5 � 5.5 66.5 65.9
5.5 � 6.5 72.8 74.3
6.5 � 7.5 83.8 80.8
7.5 � 8.5 81.3 85.7

p = 0.023
Pearson’s �2 test for goodness-of-fit

•
Gompertz growth of PT, doubling
time at 1 gram = 7 months and
carrying capacity = 1012 cells (1
kg)

• Recover cancer inception time -T1
from PT volume at diagnosis

• Lognormal distribution of µ for
inter-individual variability

• Probability of metastatic relapse
= probability of having one at
diagnosis

P (Mets) = P
✓
µ

Z
T1

0
V

p

(t) > 1
◆

µ
median

= 7 ⇥ 10�12cell�1 · day�1

20 year follow-up of 2648 patients 
Koscielny et al., Br J Cancer, 1984



Parameters: quantification of metastatic 
potential

Table 2: Parameters inferred from the models

Data Growth model Location Par. Unit Estimate (CV) 95 % CI

In vitro (Breast) Exp. � day�1
0.837 (-) (0.795 - 0.879)

Preclinical Breast Gomp-Exp.

PT

Vi cell 1.00 ⇥ 106 (-) -

↵ day�1
1.9 (5.73) (1.84 - 1.96)

� day�1
0.0893 (21.3) (0.0791 - 0.101)

Met

V0 p/s 10 (-) -

µ cell�1 · day�1 4.43 ⇥ 10�11
(176) (2.70 ⇥ 10�11

- 7.27 ⇥ 10�11
)

Preclinical Kidney Exp.

PT

Vi p/s 1.63 ⇥ 105 (45.5) (9.40 ⇥ 104 - 2.83 ⇥ 105)

↵p day�1
0.21 (60.3) (0.151 - 0.292)

Met

V0 p/s 10 (-) -

↵ day�1
0.0307 (201) (0.0133 - 0.0707)

µ cell�1 · day�1
0.0415 (397) (0.0181 - 0.0948)

Clinical Breast Gomp.

PT

Vi cell 1 (-)

↵ day�1
0.013 (-)

� day�1
0.000471 (-)

Met

V0 cell 1 (-)

µ cell�1 · day�1 7.00 ⇥ 10�12
(1.04 ⇥ 104)

Parameters corresponding to the preclinical data were obtained using nonlinear mixed-effects modeling. Inter-animal variability of each parameter is

captured by its respective coefficient of variation (CV). Parameter values for the clinical data are those that produced the fit to the clinical data of metastatic

relapse probability from (26), reported in Table 1. For these data, only parameter µ was allowed to vary between the individuals in this setting and

consequently it is the only parameter having a coefficient of variation (CV).

CV = Coefficient of Variation in percent =

std
est ⇥ 100, with std the standard deviation of the lognormal distribution of the parameter and est the population

estimate.

CI = Confidence Interval on the population estimate inferred from the standard errors on the fit.

1

Benzekry, Ebos et al., Cancer Res, 2015



Diagnosis personalization
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Nonlinear impact of PT size at surgery on survival
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Relationship between surgery 
and outcome
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• A biologically-based, minimally parameterized, mathematical model for 

metastatic development links pre-surgical tumor growth and post-surgical 

metastatic burden dynamics  

• Validation against preclinical and clinical data sets  

• Same growth law between PT and mets, equal probability among the PT cells of 

successful establishment of a distant colony and no secondary dissemination 

was a sufficient theory to explain the data  

• Inter-animal/individual metastatic propensity can be reduced to variability of one 

critical (patient-specific?) parameter µ 

• Nonlinear dependence of survival on primary tumor size at diagnosis suggests 

existence of a threshold for efficacy of surgery and provides a way to estimate 

its value

Summary



• Quantitative comparison was hampered by several technical aspects 

(different number of cells injected, different mice strain, different 

bioluminescence quantification method) 

• Keeping these flaws in mind, when using the same framework (d(V) = 

µV2/3, different growth rates for PT and mets and a different 

parameterization of the Gompertz g(v)=avln(b/v)), we found: 

• A significantly larger value of a (4.91×10−2 day−1 ± 2.02×10−3 versus 
7.9×10−3 day−1 ± 2.5 × 10−3, median ± se), possibly indicative of 
post-surgery accelerated growth 

• But also a significantly smaller metastatic emission parameter µ = 7.24 
× 10−3 ± 8.5 × 10−3 cell−2/3· day−1 versus µ = 6.31 × 10−1 ± 4.42 × 
10−1 cell−2/3· day−1 

Comparison with the Marseille study without 
surgery (remember Niklas’s talk)



2. Concomitant tumor 
resistance



• Inhibition of secondary growth by a primary mass 

• Evidenced more than 100 years ago Ehrlich, 1906 

• Primary hypothesis: athrepsia (deprivation of nutrients) 

• Other hypothesis: immune enhancement from the primary. 

“Concomitant immunity” 

• 1980’s: it happens in immune-deprived mice Gorelik,, Cancer Res 1983 

• 1990’s: Folkman’s work on systemic inhibition of angiogenesis 

(SIA) O’Reilly, Folkman et al., Cell, 1994 

• Others also proposed direct distant inhibition of proliferation

Concomitant tumor resistance



• Clinically evidenced from:  

• Patients cases reports Coffey et al., Excisional surgery for cancer cure: therapy at a 

cost, Lancet Oncology, 2003 

• Bimodal relapse hazard (breast) Retsky et al., Surgery triggers outgrowth of latent 

distant disease in breast cancer: an inconvenient truth?, Cancers 2010 

• Reported in numerous animal experiments since more than 100 years  

Marie and Clunet, 1910 

• Could be due to the surgical trauma itself 

• Experiments suggested other hypothesis, linked with metastatic dormancy 

• Concomitant resistance

Post-surgery metastatic acceleration



Figure 1. Inhibition of the Growth of Metastases by the Presence of 
a Primary Tumor 
Thirty mice were implanted with LLCs. When tumors were 1500 mm3, 
half of the mice had their tumors removed. Within 15 days of tumor 
removal, the number of surface lung metasmses (A) and lung weight 
(B) had markedly increased as compared with the mice with an intact 
primary tumor. In mice with an intact primary tumor, lung weight (which 
correlates with tumor burden) was not significantly different from that 
of a normal lung. 

genesis inhibitor(s) in the circulation relative to angiogenic 
stimulator(s). 

We have developed an animal model in which the pres- 
ence of a primary tumor almost completely suppresses 
the growth of its metastases. We now report the isolation, 
purification, and amino acid sequence of a polypeptide 
generated by the primary tumor that inhibits angiogenesis 
and growth in a secondary metastasis. 

Tumor Present 

InhIbitIon of the Growth of Metada 
by the Preaonce of a Pdmary Tumor 
Several murine tumors, which included sarcoma-160, 
B-l 6 melanoma, colon-66 adenocarcinoma, and various 
cell lines of Lewis lung carcinoma (LLC), were compared 
for the ability of a primary dorsal subcutaneous tumor to 
inhibit growth of its distant metastases. A variant of LLC 
(designated LLC-LM, i.e., low metastatic) most potently 
suppressed lung metastases; removal of the tumor was 
followed by the most rapid growth of me&stases. 

LLC cells implanted into the dorsal skin of C57BL6/J 
mice formed visible tumors (60-160 mm? within 3 days. 
Within 13-21 days of removal of a primary LLC of 600- 
2000 mm3, the number of visibte surface lung metastases 
had increased by lO-fold compared with control mice with 
an intact tumor (Figure 1 A). Lung weight, which correlates 
with total tumor burden, increased 400% relative to mice 
in which the primary tumor was intact (p < 0.001) (Figure 
1 B). Since comparable results were obtained in immuno- 
deficient SCID mice lacking both T and B lymphocytes 
(data not shown), the inhibition of metastatic growth was 
not dependent on an intact immune system. In mice with 
an intact primary tumor, histological studies revealed the 
presence of microscopic metastases, either as perivascu- 
lar cuffs of eight or nine cell layers around a preexisting 
venule or as a thin colony of two layers of tumor cells 

Tumor Removed 

Figure 2. The Presence of a Primary Tumor Is Associated with an Inhibition of Neovascularizatlon and Growth of Its Metastaees 
Mice were sacrificed 15 days after removal of primary tumors and their lungs compared with lungs of mice with an intact primary tumor. Hematoxylin 
and eosin staining of sections of lungs revealed the presence of m&stases in both groups. Mice with a primary tumor present (left panels) had 
only small meta&ses (arrows) as compared wtth the growing and Invasive metaetaees in the lungs of mice after primary tumor removal (right panels). 
lmmunohistochemicaf staining with antibodies (Ab) against von Wilbbrand factor revested neovasculariurtion (brown statn) of the me@etaeH after 
primary tumor removal. In contrast, when the tumor was left In place, there was only pertvascular cufffng of metastasas wtthout neovascutarkatttn. 
Normal lung vessels were seen in both groups. 

O’Reilly, Folkman et al., Angiostatin: A Novel Angiogenesis Inhibitor That Mediates te Suppression of 
Metastases by a Lewis Lung Carcinoma, Cell 1994



• Are we able to give a mathematical description of the dynamics of 

concomitant resistance? 

• Minimally parameterized, biologically and data-based mathematical 

model(s) of the process 

• Test different biological hypotheses by confronting the 

(mathematical) theories to the empirical data

Objectives



• Injection s.c. of two tumors of 

106 LLC cells in C57/BL6 mice 

• Two groups 

– Control: only one tumor 

– Group S: simultaneous 

injection of cells in two 

different sites 

• Record tumor growth in time 

at the two sites

Experiment
Bets



A mouse with two tumors



Something happens. One tumor has normal volume and the other is smaller
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Statistical confirmation
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• We want to test: is the couple (LS(t), 

RS(t)) statistically different from a 

couple of two tumors growing 

independently? 

• Generate an artificial group of 

double independent tumors by 

randomly dividing the control group 

(n=20) in 2  and pairing couples of 

growth curves from each subgroup 

• Compare the large/small tumors of 

group S to the large/small tumors of 

the virtual control group



Single-tumor growth models
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Figure 2: One-tumor growth models analysis: parameter distributions
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Models for single tumor growth were independently fitted to the large and small growth curves from the two-tumor

bearing animals and from the simulated double-independent tumors from the control group. Parameters inferred were

compared.

Exp = Exponential, Gomp = Gompertz
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bearing animals and from the simulated double-independent tumors from the control group. Parameters inferred were
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1. A minimally parameterized model for metastatic dynamics 

A. Open clinical questions 

B. Model 

C. Confrontation to experimental and clinical data sets 

D. Implications for assessment of the metastatic relapse risk and impact 
of PT size at surgery on survival 

2. Concomitant resistance 

A. Biological phenomenon 

B. Data 

C. Model

Outline



Two-tumors models

• Asymmetric inhibition

was able to fit the data  
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Two-tumors models

• Asymmetric inhibition

was able to fit the data  
but biologically unrealistic
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Two-tumors models

• Asymmetric inhibition

was able to fit the data  
but biologically unrealistic

• Symmetric direct inhibition
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‣ Same growth and inhibition parameters for V1 and V2 

‣ Symmetry: I1(V2,V1)=I2(V1,V2) 

‣ Three possibilities for the shape of I1(V1,V2) shown here: V1V2 (1), V2 (2), (V1+V2)V1 (3)
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Hypothesis for the origin of dissymmetry between V1 and V2  

comes from the initial number of cells that  « take »



• Indirect (angiogenesis-related) inhibition

Two-tumors models
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• Based on the Hahnfeldt model 

Hahnfeldt et al., Cancer Res, 1999 with 

dynamic carrying capacity K 

• Parameters d and K0 were fixed

®
dV
dt = aV

V (t = 0) = V0

®
dV
dt = aV “

V (t = 0) = 1

®
dV
dt = aV ln

Ä
K
V

ä

V (t = 0) = 1
(

dV1
dt = aV1 ln

Ä
K
V1

ä
, V1(t = 0) = 1

dV2
dt = aV2 ln

Ä
K
V2

ä
≠ eI(V1, V2), V2(t = 0) = 1

(
dV1
dt = aV1 ln

Ä
K
V1

ä
≠ eI1(V1, V2), V1(t = 0) = 1

dV2
dt = aV2 ln

Ä
K
V2

ä
≠ eI2(V1, V2), V2(t = 0) = V0,2

(
dV1
dt = aV1 ln

Ä
K
V1

ä
≠ eI1(V1, V2), V1(t = 0) = 1

dV2
dt = aV2 ln

Ä
K
V2

ä
≠ eI2(V1, V2), V2(t = 0) = V0,2

8
>>>><

>>>>:

dV1
dt = aV1 ln

Ä
K1
V1

ä
, V1(t = 0) = 1

dK1
dt = bV1 ≠ dV 2/3

1 K1 ≠ eI1(V1, V2), K1(t = 0) = K0
dV2
dt = aV2 ln

Ä
K
V2

ä
, V2(t = 0) = V0,2

dK2
dt = bV2 ≠ dV 2/3

2 K2 ≠ eI2(V1, V2), K2(t = 0) = K0

8
><

>:

dV1
dt = aV1 ln

Ä
K

V1+V2

ä
, V1(t = 0) = 1

dV2
dt = aV2 ln

Ä
K

V1+V2

ä
, V2(t = 0) = V0,2

1

• Competition (athrepsia hypothesis)

• One parameter (degree of freedom) 

less than the other models



Direct inhibition (2) fit
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‣ Gives satisfactory fit 

‣ Behavior when e = 0 is realistic 

‣ Kinetic differences between V1 and V2  are mostly due to inhibition (and not to difference in V0,2)



Competition model
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‣ Also gives satisfactory fit (and thus, possible explanatory hypothesis)



• Criterias for rejection of a model: 

• Inaccurate visual goodness-of-fit 

• Yielding biologically unrealistic behavior when e = 0

Models able to fit
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Index 1 2 3

I1 V2V1 V2 (V1 + V2)V1

I2 V1V2 V1 (V1 + V2)V2

Direct Inhibition x o x

Indirect Inhibition x o x

Competition o

1



Goodness-of-fit metrics
Goodness of fit

Model SSE AIC RMSE R2 p > 0.05 #

Direct 2 0.183(0.102 - 0.388)[1] -17.6(-31.2 - -6.08)[1] 0.428(0.324 - 0.63)[1] 0.973(0.934 - 0.991)[1] 100 4

Competition 0.241(0.102 - 0.398)[2] -15.8(-33 - -3.96)[2] 0.492(0.326 - 0.635)[2] 0.956(0.871 - 0.99)[3] 100 3

Indirect 2 0.273(0.151 - 0.506)[3] -10.9(-24.1 - -1.58)[3] 0.523(0.393 - 0.715)[3] 0.967(0.934 - 0.986)[2] 100 4

−1

0

1

2

Direct 2 Competition Indirect 2

R
es

id
ua

ls

SSE = Sum of Squared Errors, AIC = Akaike Information Criterion, RMSE= Root Mean Squared Errors



Parameter values/identifiabilityParameters

Model Par. Unit Median value (CV) NSE (%)

Direct 2

a - 0.0957 (21.9) 11.3

K - 1.02e+04 (90.2) 46.5

V0,2 - 0.58 (64.4) 8.9

e - 0.048 (91.5) 2.35

Competition

a - 0.0988 (28.8) 11.2

K - 8.52e+03 (82.2) 42.1

V0,2 - 0.402 (63.1) 12.5

Indirect 2

a - 0.206 (35.8) 7.81

b - 18.7 (32.1) 13.2

V0,2 - 0.685 (45.3) 11.8

e - 4.07 (57.8) 1.36

(0.044, 0.052)

(3.96, 4.18)

95% CI

NSE = Normalized Standard error 

CV = Coefficient of Variation



• In mice bearing two tumors implanted simultaneously, tumor growth is 

suppressed in one of the two tumors 

• New quantitative and identifiable mathematical models of tumor-tumor growth 

interactions were developed and able to match the data. 

• Possible explanation of dissymmetry: difference in number of cells that take 

• Based only on tumor growth kinetics we could not clearly discriminate between 

three possible theories: competition, direct or indirect (angiogenesis) inhibition 

• But we could discriminate the shape of the inhibition term: I1(V1,V2) = V2

Summary

Perspective: integrate this model for tumor-tumor interactions into the 

organism-level for the dynamics of the metastatic population
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