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1. Modeling at the tumor level

2. Modeling at the organism level : metastasis

1. Ortho-surgical models of post-surgical metastatic development

2. Modeling neo-adjuvant treatment

Outline



Vascular normalization: a time window  for improved 
pharmacokinetics?

• Bevacizumab = anti-VEGF monoclonal antibody ⇒ anti-angiogenic action (first approved in 

2004)

• Only proved clinical efficacy when combined (concomitantly) with cytotoxics

• Possible explanation: transient normalization of the otherwise abnormal (leaky, tortuous)  

vascular architecture

Jain, Nat Med, 2001

Vakoc et al., Jain, 2009, Nat Med

Question

What is the optimal time gap between administration of bevacizumab and cytotoxic chemotherapy? 

How to capture inter-individual variability for designing personalized therapies?



Lung cancer model

Hypothesis: sequential use of bevacizumab with chemotherapy would 

achieve better efficacy

Current beva-chemo 
regimen are 

underpowered

Ex
pe

rim
en

ta
l t

he
ra

pe
ut

ic
s

Breast cancer model
Mollard et al. (Benzekry), Oncotarget 2017

Experiment 1

Experiment 2

M
odeling and Sim

ulation

Calibration

Prediction
Imbs et al. (Benzekry), CPT: Pharmacometrics Syst Pharmacol, 2018

Schneider, B. K. et al. (Mochel), CPT: Pharmacometrics Syst Pharmacol, 2019



Experiment-1: 4 days gap

• Human NSCLC H460-Luc+ xenograft

• Subcutaneous graft

• Matrigel support

• Follow-up

• Bioluminescence imaging

• Weight monitoring



Sequential administration Beva then Chemo improves 
response and survival

⇒ Sequential use increases survival by 44%

-71.2%  tumor size at study conclusion (day 60)

32 days 52 days 75 days



Semi-mechanistic mathematical model 

+ PK models for beva A(t) and CT C(t) concentrations

Simeoni et al., Rocchetti, Cancer Res, 2004
Benzekry et al., CRAS, 2012
Mollard et al., Benzekry, Oncotarget, 2017
Imbs et al., Benzekry, CPT: Pharmacometrics Syst Pharmacol, 2018



Model fits: individual + population level (NLME)
Simultaneous

Sequential B/C

Control

Sequential C/B

Median growth curves

Imbs et al., Benzekry, CPT: Pharmacometrics and Systems Pharmacology, 2018
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Parameters identifiability

were performed either by Dunn’s multiple comparison tests
when treatment groups were compared with the control
group, or by Nemenyi post-hoc tests with Tukey approxima-
tion for pairwise multiple comparison between groups. Sur-
vival analysis was done using Kaplan-Meier analysis.
Intergroup differences in survival were tested for signifi-
cance by the log-rank tests. Owing to sample size, a P val-
ue< 0.05 was considered statistically significant.

RESULTS
Administering bevacizumab before pemetrexed 1
cisplatin improved efficacy and median of survival
Experiment one efficacy. Monitoring of tumor growth for
experiment one is shown in Figure 2a. At the end of the
treatment phase (day 53), mean tumor sizes (expressed in
3 109 photons/second (p/s)) were 16.9 6 3.7 (control),
19.2 6 3.4 (“chemo then beva 4 days”), 15.4 6 2.5
(“beva 1 chemo), and 6.9 6 2.1 (“beva then chemo 4 days”).
A statistical difference was found between the groups
(P 5 0.012). Further Dunn’s multiple comparison tests evi-
denced a significant difference between the sequential
administration “beva then chemo 4 days” and control arms
(59% tumor growth reduction, P 5 0.047). Conversely, con-
comitant “beva 1 chemo” and reversed “chemo then beva 4

days” groups had modest effects on tumor growth inhibition
(9% tumor reduction (P 5 0.98) and 13% higher tumor size
(P 5 1) as compared with the control group, respectively).
The sequential administration of “beva then chemo 4 days”
also confirmed its superiority in efficacy when compared
with other treatment groups (55% tumor reduction, almost
reaching significance compared to “beva 1 chemo”
(P 5 0.071) and 64% tumor reduction compared to “chemo
then beva 4 days” (P 5 0.0073)). All mice in the control
group had to be euthanized at day 53.

At study conclusion (day 67; i.e., 18 days after all treat-
ments stopped), mean tumor growth were 19.4 6 3.7
(“chemo then beva 4 days”), 15.7 6 2.7 (“beva 1 chemo”)
and 10.0 6 2.0 (“beva then chemo 4 days”). The sequential
administration in the “beva then chemo 4 days” arm had
the lowest mean tumor size compared with the other
remaining groups (36% lower than concomitant in the
“beva 1 chemo” arm and 49% lower than reversed in the
“chemo then beva 4 days” arm), although not statistically
significant (P 5 0.42 and 0.13, respectively).

Survival curves for experiment one are displayed in
Figure 2b. The median survival times were 39 days (con-
trol), 49 days (“chemo then beva 4 days”), 55 days (“beva 1
chemo”), and 67 days (“beva then chemo 4 days”). A log-

Table 1 Population parameters and interanimal variabilities estimates for experiment one data

Parameters Description Units Estimates RSEa (%) IAVb %

a Proliferation rate Day21 0:767 8 8:62

b Exponential decay rate of the relative tumor growth
rate (Gompertz model)

Day21 0:037 10 57:3

c Baseline effect of the chemotherapy (mg/g)21.day21 1 2 2

d Cytotoxics efficacy improvement following
vascular normalization

(mg/mL)21 1; 200 36 0

s Delay parameter for dynamics of Q Day 2 20 10

k Delay of the tumor cell loss following chemotherapy Day21 0:3 2 2

R Exponential error parameter 2 0:951 4 2

IAV, interanimal variabilities; RSE, relative standard error.
Values of the parameters corresponding to the adapted fit. See Supplementary Methods for details on the estimation procedure.
aRSE is a measure of the precision of the parameter estimates, expressed as coefficient of variation (CV%).
bThe IAV is the standard deviation x estimated using Monolix software.

(a) (b)

Figure 2 Efficacy and Kaplan-Meier survival curves of experiment one. (a) Mean tumor growth curves for the four treatment arms
of experiment one. Signs above curves indicate statistically significant difference with the control arm (Student’s t test, P<0.05).
(b) Kaplan-Meier plot of the overall survival for the four treatment arms of experiment one.

Revisiting Bevacizumab 1 Cytotoxics Scheduling
Imbs et al.

45

www.psp-journal.com



Prediction of the optimal delay

⇒ to be tested experimentally

3 days 8 daysVS

Imbs et al., Benzekry, 2018, CPT: Pharmacometrics and Systems Pharmacology

⇒ personalized scheduling

8 days

3 days
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Model fit to the second experimental dataset6

CPT: Pharmacometrics & Systems Pharmacology

Modeling Bevacizumab- Pemetrexed/Cisplatin
Schneider et al.

between scheduling BEV and PEM/CIS in mice is 2.0 days 
(Simulation Set 1).

The simulated IIV of the optimal gap was relatively small. 
Only three values of individual optimal gap were produced. 
Of the virtual animals, 96.5% had an individual optimal gap 
of 2.0  days, 1.0% of the virtual animals had an individual 
optimal gap of 2.1 days, and 2.5% of the virtual animals had 
an individual gap of 1.9 days (Simulation Set 2).

Scaling the dosage of BEV to either 30 mg/kg or 10 mg/kg 
produced no effect in the estimated optimal gap and produced 
no effect in the IIV of the optimal gap (Simulation Set 3).

Human simulations. Simulations of the typical human 
response to chemotherapy and BEV were performed using 
IV administration, two- compartment absorption, and first- 
order elimination models and parameters.32–34 Dosage, 
infusion time, and frequency of administration for BEV- PEM/
CIS were adapted from the induction phase of the AVAPERL 
phase III clinical trial in BEV- PEM/CIS.2 The average adult 
weight and body surface area were obtained from the 
Centers for Disease Control and Prevention and literature 
estimates, respectively.35,36

Except for the proliferation rate of the tumor cells and 
rate of exponential decrease of the tumor relative growth 
rate (i.e., α and β), the PD model and parameterization (γ, 
δ, τ, κ) were reused exactly as they were determined in the 
mouse portion of the model. The α and β estimates were 
obtained from Bilous et  al.,37 where clinical NSCLC dou-
bling times reported in Friberg and Mattson38 were used 
to estimate population α and β for NSCLC in humans. The 
value of Vc came from the classical assumption that a 

1-mm3 volume of tumor cells is approximately 106 cells.39 
V0 was arbitrarily set to 3 cm3. This scaling procedure re-
sulted in an adapted model primarily constructed to predict 
optimal gap in  humans. In contrast, the model relies on sev-
eral implicit assumptions for scaling tumor response (see 
Supplementary Methods).

The full PK/PD model was then used to simulate the typ-
ical cancer growth under various administration schedules 
with a starting tumor volume of 3 cm3. Parameter estimates 
are reported in Table 2, the simulation administration sched-
ule is reported in Table S2, and the simulation summaries are 
depicted in Figure 5. The estimated optimal gap between 
BEV and PEM/CIS administration in humans was 1.2 days.

DISCUSSION

By normalizing tumor vasculature, BEV improves the 
 delivery of PEM/CIS to tumors and consequently PEM/CIS 
efficacy. PEM and CIS each have a narrow therapeutic win-
dow and high toxicity. It is therefore critical that BEV- PEM/
CIS doses are administered as efficiently as possible. This 
makes BEV- PEM/CIS a natural fit for modeling and simula-
tion studies, as the drug scheduling can be optimized with-
out the need for multiple time and resource intensive in vivo 
studies. In this analysis, we conducted an in silico study of 
the optimal administration of BEV- PEM/CIS in a xenograft 
and human model of NSCLC by constructing a mathemat-
ical model of tumor dynamics in response to BEV- PEM/
CIS. In constructing that model, we were able to validate 
and refine previous modeling in BEV- PEM/CIS. Greater 
precision in parameter estimates was achieved through the 

Figure 4 Combined and stratified visual predictive checks. The blue lines are the 10th, 50th, and 90th empirical percentiles calculated 
for each unique value of time. Blue and pink areas represent 90% prediction intervals for the 10th (blue), 50th (pink), and 90th (blue) 
percentiles. Prediction intervals are calculated by Monte Carlo simulation. To create prediction intervals for each unique value of time, 
500 simulations are performed using random individual parameters. The red areas and red- circled points represent areas where 
empirical measurements fall outside of the bounds of the 90% prediction intervals. PEM-CIS, pemetrexed- cisplatin; RFU, relative 
fluorescence unit; VPC, visual predictive check. 

Schneider et al., (Benzekry, Mochel), 2019, CPT: Pharmacometrics and Systems Pharmacology
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Now, in real life, cancer patients treated 
with systemic therapy are usually in 

advanced stages

What about the effect on metastases?



A mathematical modeling framework for metastases

Growth rates of primary and secondary tumors gp and g

Dissemination rate 

Size distribution of the metastases ρ(t,v) [Iwata et al., 2000]
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ex: Gompertz

Number of metastases with size larger than the visible size Vvis

Nvis(t) =

⁄ +Œ

Vvis

fl(t, v)dv =

⁄ t≠·vis

0
d(Vp(t))dt

Nvis(t) =

⁄ +Œ

Vvis

fl(t, v)dv

=

⁄ t≠·vis

0
d(Vp(t))dt

Nvis(t) =

⁄ +Œ

Vvis

fl(t, v)dv

=

⁄ t≠·vis

0
µVp(t)dt

M(t) = µ
⁄ t

0
Vp(t)V (t ≠ s)ds

µi
= µpop + —Txi

+ ÷i, ÷i ≥ N (0, Ê2
)

ln
�
µi�

= ln (µpop) + —T
µ xi

µ + ÷i
µ, ÷i

µ ≥ N (0, Ê2
µ)

ln
�
–i�

= ln (–pop) + —T
– xi

– + ÷i
–, ÷i

– ≥ N (0, Ê2
–)

–i
= µpop + —T

Ki67Ki67i
+ ÷i, ÷i ≥ N (0, Ê2

)

µi
= µpop + —T Ki67i

+ ÷i, ÷i ≥ N (0, Ê2
)

◊i
= ◊pop + —T xi

+ ÷i, ÷i ≥ N (0, Ê2
)

xi

ln
�
◊i�

= ln (◊pop) + —T xi
+ ÷i, ÷i ≥ N (0, Ê2

)

◊i
= ◊pop + ÷i, ÷i ≥ N (0, Ê2

)

2

÷i ≥ N (0, Ê2
)

◊i
= ◊pop + —T xi

+ ÷i, ÷i ≥ N (0, Ê2
)

xi œ Rp

N (t)

N(t) =

⁄ t

0
d(Vp(s))ds = E [N (t)]

ln(µ) = ln(µm) + µ‡Á, Á ≥ N (0, 1)

⁄ +Œ

x
fl(t, y)dy

M(t) =

⁄ +Œ

V0
vfl(t, v)dv =

⁄ t

0
d (Vp(t ≠ s)) V (s)ds = E

"
ÿ

iØ1
Vi(t)

#

T n1, ... , nk≠1, j
:= T n1, ... , nk≠1 + T̃ n1, ... , nk≠1, j

M(t) =

⁄ +Œ

V0
vfl(t, v)dv =

⁄ t

0
d (Vp(t ≠ s)) V (s)ds

d(Vp) = µV “
p

—(V ) = mV –

dVp

dt
= (–p ≠ —p ln(Vp)) Vp

dVp

dt
= gp(Vp), Vp(t = 0) = Vi

dVp

dt
= gp(t, Vp), Vp(t = 0) = Vi

3

Metastatic burden (total number of metastatic cells)
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Time to relapse (TTR) = time from diagnosis to first visible met



Experimental data and questions
Dr Ebos’ lab

Roswell Park Cancer InstituteQuestions

• Minimal model of metastatic development. Dissemination law? 
Differences between mets and primary tumor growth?

• Quantify the inter-subject variability of metastatic development

• What is the impact of the primary tumor size at surgery on metastatic 
development and survival?

Data

• Clinically relevant ortho-surgical animal models 
of metastasis

• Longitudinal measurements of primary tumor 
size and total metastatic burden

Benzekry et al., Cancer Res, 2016



Results

Individual i

Time tj

Methodology: mixed-effects modeling

• Likelihood maximization performed using the SAEM algorithm

• Main difficulty: PDE model 

• Solution: fast Fourier transform for computation of metastatic burden

Benzekry et al., Cancer Res, 2016
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Fit Prediction

Results:

• g = Gompertz for breast, exponential for kidney, 𝛄 = 1

• same growth for PT and mets

• good practical identifiability (all rse < 30%)

• parameter μ is critical for inter-animal variability (CV = 176%)

• insights on quantitative link between PT size and proba of relapse



Differential effects of anti-angiogenic therapies between 
primary tumor and metastases

Aims

Test possible hypotheses for the differential effects of sunitinib on primary tumor and metastases

Build a minimal kinetics-pharmacodynamics (K-PD) model of neoadjuvant sunitinib treatment

Assess the predictive power of biomarkers on the model parameters using machine learning algorithms



Modeling schematic

Mechanistic
Model

Calibrated parameters

α, β = Gompertz growth

k = effect of treatment

μ = metastatic dissemination
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Simulations of the effect of neoadjuvant sunitinib treatment on 
metastases suggest no effect on growth of metastases

• Parameter values from the previous study on control groups  ⇒ simulations are pure mechanistic predictions

• In first approximation, the effect of the drug was modeled by setting the tumor growth rate to zero during the phase of 
treatment
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Data primary tumor
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Median simulation primary tumor
Median simulation metastatic burden scenario A
Median simulation metastatic burden scenario B

10th and 90th percentiles primary tumor

10th and 90th percentiles metastatic burden scenario A
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𝜂-shrinkage < 20% for each parameter ⇒ the individual 
parameter estimates can be considered reliable 

Primary tumor Metastatic burden

A K-PD model for the effect of Sunitinib

gtreatp (t, v) = gp(t, v)(1� kC(t))
<latexit sha1_base64="c0HvA29NJjI/1y71zUbLtTBh9CQ="></latexit>

44 Modelling of neo-adjuvant sunitinib treatment

Table 3.1: Parameter estimates of the K-PD model obtained by likelihood maximisation via
the SAEM algorithm. Abbreviations: CV, coefficient of variation computed as the ratio of
the standard deviation and the median of the estimated parameter distribution; r.s.e., relative
standard error.

Parameter (Unit) Meaning Median CV (%) r.s.e. (%)

µ (cell�1· day�1) dissemination coefficient 2.12 · 10�11 1.48 · 103 17.3
↵ (day�1) gompertzian growth parameter 1.94 18.1 2
� (day�1) gompertzian growth parameter 0.0911 19.7 2.21
� (day�1) in vitro proliferation rate 0.837 (fixed) - -
k (L/mg) drug efficacy 0.446 32.1 6.34
ke (day�1) drug elimination rate 3.26 (fixed) - -
Vd (L/kg) volume of distribution 12 (fixed) - -

metastatic spread from the effect on the primary tumour and 2) impact of metastatic
growth itself. To disentangle the two, we generated model predictions under the assump-
tions of effect (A) or no effect of therapy on metastatic growth (B) (Figure 4.2). Thus, in
scenario (B), only indirect metastatic effect is present, through limitation of dissemina-
tion due to reduced primary tumour size. Of important note, to do so we used parameter
values estimated from a previous study on control groups [17]. In other words, the model
simulations were agnostic to the data and represent pure mechanistic predictions. Sim-
ulations are reported in Figure 4.2. In first approximation, we modelled the inhibitory
effect of the anti-angiogenic drug by setting the tumour growth rate to zero during the
phase of treatment, which was able to describe the primary tumour data reasonably well.
Population distributions obtained under the hypothesis A (effect of therapy on metastatic
growth) failed to describe the data (Figures 4.2). On the other hand, simulations under
hypothesis B reproduced the behaviour of the experimental data notably well. This was
observed in all the treated groups and suggested rejection of the assumption A, with B
being a valid possible alternative.

Calibration and validation of the K-PD mechanistic model

We developed a K-PD model (see methods) in order to account for differences between
treatment schedules and evaluated its descriptive abilities on a dataset of 104 mice which
received vehicle or neoadjuvant sunitinib treatment according to different schedules (see
methods for description of the groups). Estimates of the model parameters are reported
in Table 3.1. These were identified with good precision (relative standard error  17%)
thanks to the large number of animals considered in the population fit. Confirming
previous results [17], the metastatic potential parameter µ was found to be the parameter
which varies most among individuals (largest coefficient of variation).

Figure 3.3 A shows the visual predictive checks (VPCs) for the vehicle group and
two representative treated group. The calibrated model was able to describe both the
structural dynamics and inter-subject variability of the experimental data in both vehicle
and treated animals. Representative individual fits are shown in Figure 3.3 B. These were

Benzekry et al. (Ebos), in preparation



Increased duration of neo-adjuvant treatment could substantially 
increase probability of metastatic relapse 

Benzekry et al. (Ebos), in preparation



The biomarkers considered in this study have limited 
predictive power for metastatic potential as defined by μ 



Theoretical simulations of CT/AA combination in the 
metastatic setting

4. Cytotoxic and anti-angiogenic drugs combination 169

A B

C D

Figure 21: Administer the CT before or after the AA? A : Primary tumor size. B : Visible
metastases. C : Angiogenic capacity. D : Total number of metastases. These figures are part of
the submitted publication [BBB+11].

chapter 2 of this thesis, we used a mechanistic model of vascular tumor growth in order to inte-
grate this feature of angiogenesis through definition of a quality of the vasculature. We obtained
numerical results suggesting an optimal delay between administration of the AA and the CT.

In this section, we present some current work on this problem, at intermediate level between
the mechanistic model of chapter 2 and the complete phenomenological one from [dG10a].

Idea : model the biological fact that during angiogenesis, there is a maturation process of
the vessels. They go from sprouts which are not e�ective to mature vessels able to deliver

nutrients and drugs to the tumor.

4.3 Discrete structure of maturation

This subsection is some current work in collaboration with G. Chapuisat, J. Ciccolini, A. Erlinger
and F. Hubert. We divide the carrying capacity K from the model of Hahnfeldt - Folkman,

⇒ Impact of the CT/AA sequence on outcome 

might differ between the primary tumor and the 

metastases



Discussion

• Construction of a semi-mechanistic model for the combination of CT and AA drugs in oncology

• Based on a biological mechanism of transient vascular normalization following bevacizumab treatment

• The model was able to quantify experimentally-observed differences between CT/AA and AA/CT sequential 
administrations

• Predictions of the model in terms of optimal sequence were confirmed in a second set of experiments

• Systemic therapies should be further modeled at the systemic (organism) scale

o Include the dissemination process in addition to growth

o Consider not just one tumor but a population of tumors (cf individual lesion TGI models, e.g. Mercier et al., J PK PD, 
2020)

o In addition, there are tumor-tumor systemic interactions (cf Benzekry et al., Cancer Res, 2017)

• A modeling framework for populations of tumors was proposed and compared to experimental data

o Post-surgical metastatic development in untreated animals

o Extension to the neoadjuvant setting
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Results: individual clinical data

Methodology

Bilous et al., Sci Rep, 2019

Results

• Dormancy, estimated to 133 days ± 4.2%

• Good fit of the entire longitudinal data (47 BM sizes over 6 time points) 
with only 3 parameters.

• Onset of BM 14-19 months before diagnosis

Model

Data
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Figure 0.0.11: Result of the basic simulation with all the parameters (↵0, �, µ, �) free. (Top left) the
cumulative distribution function at the time points of the clinical examinations; (top right) the predicted
total number of the visible metastases over time; (bottom) actual (grey) and predicted (black) metastases
number and their relative sizes at the last time point.

g(v) = (↵0 � � ln v)v
d(v) = µx�

N(t) =
R +1
V0

⇢(t, v)dv =
R t
0 d (Vp (s)) ds

Nvis(t) =
R +1
Vvis

⇢(t, v)dv =
R t�⌧(Vvis)
0 d (Vp (s)) ds

f(t, v) =
R +1
v ⇢(t, u)du = N (t� ⌧ (v))
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!e need for written informed consent of data collection was waived for this patient, in accordance with the 
related policy of Institut Bergonié. !e study was performed in accordance with the Declaration of Helsinki, 
Good Clinical Practices, and local ethical and legal requirements.

Mathematical modeling of primary tumor growth and metastatic development. Primary tumor 
growth. !e pre-diagnosis natural history of the primary tumor size Sp(t) for times <t Td (diagnosis time) – 
expressed in number of cells in the model computations – was assumed to follow the Gompertz growth model46,47, 
i.e.
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where time t = 0 corresponds to the "rst cancer cell, parameter α0,p is the speci"c growth rate (i.e. 
S

dS

dt

1

p

p ) at this 

time and βp is the exponential rate of decrease of the speci"c growth rate. Conversions from diameter measure-
ments to number of cells were performed assuming spherical shape and the classical assumption 
1 mm3 = 106 cells73. A#er treatment start (Td), the primary tumor size was assumed to follow a tumor growth 
inhibition model54 consisting of: 1) exponential growth (rate α1), 2) log-kill e$ect of the therapy (e%cacy param-
eter κ)74 and 3) exponential decrease of the treatment e$ect due to resistance, with half-life tres. !e equation is:
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Metastatic development. Basic and di!erent growth models. !e general modeling framework we employed was 
derived from the work of Iwata et al.31. It consists in modeling the population of metastases by means of a 
size-structured density ρ t s( , ), of use to distinguish between visible and invisible tumors. Metastatic development 
of the disease is reduced to two main phases: dissemination and colonization75. !e multiple steps of the meta-
static cascade56 are aggregated into a dissemination rate with expression:

µ= γd S S( ) , (2)p p

which corresponds to the number of successfully born BM per unit of time. In this expression, the geomet-
ric parameter γ corresponds to the intra tumor repartition of the cells susceptible to yield metastasis and µ is 
the per day per cell probability for such cells to overcome all the steps of the metastatic cascade (acquisition of 
metastatic-speci"c mutations, epithelial-to-mesenchymal transition, invasion of the surrounding tissue, intrava-
sation, survival in transit, extravasation and survival in the brain). For γ = 1 all cells in the PT have equal proba-
bility to give a BM whereas a value of γ = 0 indicates a constant pool of cells having metastatic ability (cancer stem 
cells). Intermediate values 0 < γ < 1 can be interpreted as the geometric disposition of the metastatic-able cells, 
including the surface of the tumor (γ = 2/3) or a fractional dimension linked to the fractal nature of the tumor 
vasculature76. Assuming further that the growth of the metastasis follows a gompertzian growth rate

α β= −g s s s( ) ( ln( ))0

with growth parameters α0 and β possibly equal (basic model (A)) or distinct (di$erent growth model (B)) com-
pared to the PT ones, the density ρ satis"es the following transport partial di$erential equation31:
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where S0 is the size of a BM at birth (here assumed to be one cell). From the solution to this equation, the main 
quantity of interest for comparison to the empirical data is the number of metastasis larger than a given size s 
(cumulative size distribution):

∫ ρ= ′ ′.
+∞

f t s t s ds( , ) ( , )
s

!e total number of metastases – denoted N(t) – is obtained by using s = V0 above and its expression can be 
directly computed without solving the entire problem (3) as it is given by:

∫= ′ ′.N t d S t dt( ) ( ( ))
(4)

t

p
0

Using the method of characteristics, one can derive the following relationship between N and f:

= −f t s N t t s( , ) ( ( )), (5)

where t(s) is the time for a tumor growing at rate g to reach the size s. In the case of Gompertz growth one has:
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• Main difficulties: 

no data on PT pre-treatment + fit PDE to discrete data

Ongoing (collab. TU München)

• Extend to larger cohort: complex treatment histories

• Include effect of treatment ⇒ g(t, v) ⇒ nontrivial difficulties for param 
estimation



Results: prediction of clinical metastatic relapse

Methodology

Nicolò et al., J Clin Oncol: Clin Cancer Informatics, 2020

Results

• Similar predictive power for mechanistic VS classical Cox or 
survival random forest (c-index = 0.63-0.70 vs 0.67-0.71 vs 0.67-
0.72) or other ML

• Main difficulties: selection of covariates + survival data

• Solution: random survival forest + adapt for censoring

Predicted TTR

Observed TTR

Mechanistic Random survival forest

AUC=0.73 AUC=0.75

• Reduce to two parameters: growth (𝛼) and dissemination (𝜇)

• Gives mechanistic insights on metastatic biology


