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Figure 3: Data of primary tumor and brain metastases in a patient with non-small cell

lung cancer
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Secondary dissemination?

Growth law: gp(Vp)=Vp(αp-βpln(Vp)) 

Growth law: g(V)=V(α-βln(V))  

Dissemination law: d(Vp)= μ(Vp) γ
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The model with dormancy could describe best the data
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Figure 1: Observed mets growth and the theoretical one with pre-calibrated growth pa-
rameters and with parameters from our best fit.

smaller. Thus, visually, fit with parameters from the best fit is better, but quantitatively,
the worsening of the fit for the biggest met increases RSS value almost 6-fold.

At fig. 3-4 theoretical sized for all the mets are plotted.

Conclusion

Performing fit of mets dissemination parameters we used fixed pre-calibrated values on
mets growth parameters. This estimation was based only on the sizes of all mets with
time. Pre-calibrated parameters show quite good agreement with data (fig. 1 left). At
the same time, when we let both dissemination and growth parameters free, we obtained
much better fit of the cumulative distribution function, but we also got di↵erent values
of ↵0 and �. Thus, we plotted theoretical growth of all mets with the corresponding
growth parameters (fig. 1 right). After visual comparison of two results we can conclude
that in general, growth law with parameter values taken from the “best fit” matches data
quite good and sometimes (quantitatively in cases of ten mets) better than law with pre-
calibrated values. Nevertheless, the value of RSS for the growth law with parameters from
the “best fit” is almost 6-fold higher. Thus, improvement of the fit for the smaller mets is
negligible in comparison to the worsening of the fit for the biggest met.

2

Bilous et al. (Benzekry), biorXiv, 2018

Model Patient 1 Patient 2

Base 5.51 2.53

Secondary 5.43 2.3

Delay 5.23 1.53

Dormancy 4.93 1.71

Di↵. growth 4.95 1.79

1

Objective function

Dormancy estimated to 133 days ± 4.2%



Bilous et al. (Benzekry), biorXiv, 2018
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Clinical application - Metastatic relapse in breast 

cancer 



Clinical data of individual breast 
metastatic relapse

Institut Bergonié, Bordeaux, FR
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Vdiag

TTRpre-clinical history

Mechanistic modeling of time to relapse

• Number of metastases with size larger than the 

visible size Vvis (= 0.5 cm)

τvis = time to reach Vvis

• Time to relapse (TTR) defined as the time elapsed from 
diagnosis to the appearance of a first visible metastasis

• Parameter β fixed such that carrying capacity = 1012 cells
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Mixed-effects statistical model

(Observation model)

Survival function to account for 
censoring in the likelihood

fixed effects random effects

Lavielle, CRC press, 2014

Likelihood maximization performed using the saemix R package (SAEM algorithm)
Comets, Lavenu, Lavielle, J Stat Softw,  2017

ln
1
T

i

2
= ln

1
TTR

1
V

i

diag

; –

i

, µ

i

22
+ Á

i

, Á

i ≥ N (0, ‡

2)

S

1
t|–i

, µ

i

2
= P

1
T

i

> t|–i

, µ

i

2

›

h

i(t; T

i

e

, s) =
s

T

i
e

1
t

T

i
e

2
s≠1

1 +
1

t

T

i
e

2
s

S

i(t) = P(T i Ø t) = e

≠
s t

0 h

i(s)ds

T

i

e

= T

pop

e

+ —µ

i + ÷

i

, ÷

i ≥ N (0, Ê)

‹

t

= E

S

U
ÿ

iØ1
”{v=Vi(t)}

T

V

fl = d‹

t

dv

TTR = inf {t > 0; N

vis

(t) > 1}

TTR

i = inf
Ó

t > 0; N

vis

1
t, ◊

i

2
> 1

Ô

–

P

, –

ther

, –

reb

µ, –

⁄

N

vis

(t) =
⁄

t≠·vis

0
d(V

p

(t))1
Vp(t)ÆVd

dt

N

vis

(t) =
⁄ +Œ

Vvis

fl(t, v)dv =
⁄

t≠·vis

0
d(V

p

(t))dt

1

ln
1
T

i

2
= ln

1
TTR

1
V

i

diag

; –

i

, µ

i

22
+ Á

i

, Á

i ≥ N (0, ‡

2)

S

1
t|–i

, µ

i

2
= P

1
T

i

> t|–i

, µ

i

2

›

h

i(t; T

i

e

, s) =
s

T

i
e

1
t

T

i
e

2
s≠1

1 +
1

t

T

i
e

2
s

S

i(t) = P(T i Ø t) = e

≠
s t

0 h

i(s)ds

T

i

e

= T

pop

e

+ —µ

i + ÷

i

, ÷

i ≥ N (0, Ê)

‹

t

= E

S

U
ÿ

iØ1
”{v=Vi(t)}

T

V

fl = d‹

t

dv

TTR = inf {t > 0; N

vis

(t) > 1}

TTR

i = inf
Ó

t > 0; N

vis

1
t, ◊

i

2
> 1

Ô

–

P

, –

ther

, –

reb

µ, –

⁄

N

vis

(t) =
⁄

t≠·vis

0
d(V

p

(t))1
Vp(t)ÆVd

dt

N

vis

(t) =
⁄ +Œ

Vvis

fl(t, v)dv =
⁄

t≠·vis

0
d(V

p

(t))dt

1

ln
1
–

i

2
= ln (–

pop

) + ÷

i

–

, ÷

i

–

≥ N (0, Ê

2
–

)

ln
1
µ

i

2
= ln (µ

pop

) + ÷

i

µ

, ÷

i

µ

≥ N (0, Ê

2
µ

)

ln
1
T

i

2
= ln

1
TTR

1
V

i

diag

; –

i

, µ

i

22
+ Á

i

, Á

i ≥ N (0, ‡

2)

S

1
t|–i

, µ

i

2
= P

1
T

i

> t|–i

, µ

i

2

›

h

i(t; T

i

e

, s) =
s

T

i
e

1
t

T

i
e

2
s≠1

1 +
1

t

T

i
e

2
s

S

i(t) = P(T i Ø t) = e

≠
s t

0 h

i(s)ds

T

i

e

= T

pop

e

+ —µ

i + ÷

i

, ÷

i ≥ N (0, Ê)

‹

t

= E

S

U
ÿ

iØ1
”{v=Vi(t)}

T

V

fl = d‹

t

dv

TTR = inf {t > 0; N

vis

(t) > 1}

TTR

i = inf
Ó

t > 0; N

vis

1
t, ◊

i

2
> 1

Ô

–

P

, –

ther

, –

reb

µ, –

⁄

N

vis

(t) =
⁄

t≠·vis

0
d(V

p

(t))1
Vp(t)ÆVd

dt

1

ln
1
–

i

2
= ln (–

pop

) + ÷

i

–

, ÷

i

–

≥ N (0, Ê

2
–

)

ln
1
µ

i

2
= ln (µ

pop

) + ÷

i

µ

, ÷

i

µ

≥ N (0, Ê

2
µ

)

ln
1
T

i

2
= ln

1
TTR

1
V

i

diag

; –

i

, µ

i

22
+ Á

i

, Á

i ≥ N (0, ‡

2)

S

1
t|–i

, µ

i

2
= P

1
T

i

> t|–i

, µ

i

2

›

h

i(t; T

i

e

, s) =
s

T

i
e

1
t

T

i
e

2
s≠1

1 +
1

t

T

i
e

2
s

S

i(t) = P(T i Ø t) = e

≠
s t

0 h

i(s)ds

T

i

e

= T

pop

e

+ —µ

i + ÷

i

, ÷

i ≥ N (0, Ê)

‹

t

= E

S

U
ÿ

iØ1
”{v=Vi(t)}

T

V

fl = d‹

t

dv

TTR = inf {t > 0; N

vis

(t) > 1}

TTR

i = inf
Ó

t > 0; N

vis

1
t, ◊

i

2
> 1

Ô

–

P

, –

ther

, –

reb

µ, –

⁄

N

vis

(t) =
⁄

t≠·vis

0
d(V

p

(t))1
Vp(t)ÆVd

dt

1



Descriptive power: fit to the data
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Predictive power: covariates

c-index = 0.62  (10-folds cross-validation)
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Calibration for 10−year outcome

• Covariates on !: 

• KI67 (p = 3e-04) 

• HER2 (p = 0.02) 

• CD44 (p = 0.1) 

• TRIO (p =0.085)

Mechanistic model with covariates 
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• Covariates on ": 

• EGFR (p = 0.035) 

c-index = 0.62  estimated with 10-folds cross validation
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Diagnosis personalization
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median µ
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Breast cancer patient with primary tumor of 4.32 cm
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Chemotherapy personalization

Patient µ # metastases Patient µ # metastases
n¶1 1.7 ◊ 10≠8 0 n¶6 7.0 ◊ 10≠8 0
n¶2 1.9 ◊ 10≠8 0 n¶7 1.3 ◊ 10≠7 1
n¶3 2.7 ◊ 10≠8 0 n¶8 2.7 ◊ 10≠7 2
n¶4 5.0 ◊ 10≠8 0 n¶9 4.0 ◊ 10≠7 3
n¶5 6.1 ◊ 10≠8 0 n¶10 6.1 ◊ 10≠7 4

µ Protocole de Viens Optimized protocol
6 cycles 9 cycles 12 cycles 9 cycles 13 cycles 18 cycles
126 days 189 days 252 days 126 days 182 days 252 days

1.3 ◊ 10≠7 1 0 ı 0 ı ı
2.7 ◊ 10≠7 2 1 0 2 0 ı
4.0 ◊ 10≠7 3 2 1 3 1 0
6.1 ◊ 10≠7 5 4 3 4 3 1

2

Toward taking into account inter-individual variability  

• 10 virtual patients with breast cancer detected at stage T1N0M0. Size of the tumor 

at detection: 1 gram.  

• Chemotherapy : 6 cycles of 21 days (75mg of DTX and 100mg d’EPI) Viens & al., J. Clin. 

Onc. 2001  

• Number of visible metastases (> 108 cel.) 5 years after the end of the treatment 

Adapt the number of cycles to each patient 

Barbolosi, Verga, 2011
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