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Abstract

The development of metastases is a complex process that can be better understood and
predicted using mathematical mechanistic models. We propose "METAMATS", a ready-to-use
modeling framework implementing a semi-mechanistic model for simulating the time dynamics
of metastatic development, including a primary tumor and a population of metastatic tumors. It
relies on a reduced set of mathematical parameters: « (tumor proliferation rate), u (
dissemination rate), and y (fractal scale parameter). "METAMATS" supports both individual and
population-level analyses.

At the individual level, it can simulate metastatic dynamics, infer parameters from longitudinal
metastasis size data, and predict the natural history of cancer both retrospectively and
prospectively. At the population level, leveraging nonlinear mixed effects modeling, "METAMATS"
performs inference of parameter distributions and assessment of biologically interpretable
covariate effects on proliferation and/or dissemination, from distant metastasis-free survival
data. "METAMATS" also serves as a generative model for simulating virtual patients or
populations.

We demonstrate its applicability for modeling, inference, prediction, and simulation in a clinical
setting: the dynamics of brain metastases (BM) in small-cell lung cancer patients and the impact
of prophylactic cranial irradiation (PCl). Data included two cohorts: 103 patients from Assistance
publique-Hbpitaux de Marseille with longitudinal individual measurements of BM sizes, and 100
patients from the CONVERT study (NCT00433563). PCl was found to have an impact on BM by
significantly reducing metastatic appearance (parameter y), rather than metastatic growth
(parameter «), a biological finding impossible to obtain by means of classical survival analysis
only.
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Introduction

The development of metastases is the leading cause of death in cancer patients (Dillekas et al.,
2019) and most patients with metastatic cancer die from the consequences of the cancerous dis-
ease (Mani et al., 2024). Some metastatic sites are of further clinical importance, such as brain
metastasis (BM) for lung cancer, where 20% of the patients present BM at the time of diagnosis
(Achrol et al., 2019; Barnholtz-Sloan et al., 2004; Nayak et al., 2012), often leading to disability
symptoms. Treatment of metastases is a major challenge and is based on a combination of sys-
temic and local treatments (Rittberg et al., 2021). Understanding the onset and development of
metastatic disease is thus of utmost clinical importance.

Mechanistic mathematical models can help in this endeavor by translating biomedical knowl-
edge into equations of dynamical systems. Subsequently implemented into computational tools,
they have relevance for testing biological hypotheses (Baratchart et al., 2015; Benzekry et al., 2016)
or predicting outcomes, at the individual or population level (Nicold et al., 2020). However, only
a few mathematical models of metastases have been proposed, and most of them focus on de-
scribing the intrinsic properties of the metastatic process at the cellular level (Bocci et al., 2019;
Gallaher et al., 2023; Haeno et al., 2012; McDonald et al., 2023). One of the main challenges is
comparing the model outputs with clinical and experimental data. This arises from the difficulty
of accessing high-quality clinical data, the large complexity of some models, and the lack of a well-
defined mathematical basis for the model fitting procedure. In fact, most studies rely on simple
least-squares criteria without a dedicated statistical inference framework (Strobl et al., 2021).

A seminal paper by Iwata et al. (lwata et al., 2000) proposed a model of the population of
metastases based on a transport partial differential equation. This model describes the growth
and appearance of metastases and was initially applied to a single patient with hepatocellular car-
cinoma and liver metastases. It has since been extended and used in different settings (Benzekry
et al., 2016) (Bilous et al., 2019) (Nicold et al., 2020) (Bigarré et al., 2023) (Benzekry et al., 2024)
(Schlicke et al., 2021).

With the rise of computational methods, it is now widespread, especially in the machine learn-
ing community, to use software packages (Comets et al., 2017; Masotti et al., 2023; Nicol et al.,
2022) to share implementations of new methods. These allow the scientific community to build
on previously published models. Currently, when metastasis modeling studies have released the
code for their analysis, it is often an experimental research code that is difficult to reuse (Benzekry
et al., 2024).

The value of semi-mechanistic models of metastatic progression lies in the ability of researchers
to apply such models to a large variety of data sets varying biological assumptions, clinical settings,
and mathematical formulation. This can only be achieved if the models are publicly released in a
form that allows others to adapt the model to fit their use-case. Evaluation and calibration of com-
putational models of metastatic dissemination necessarily involves comparison with real-world
data. Two types of data can be used to this effect: individual longitudinal follow-up data (e.g.,
the sizes of the primary tumor and metastases), and standard clinical endpoints such as overall
and metastases-free survival. For the former, identification of the model parameters requires
simulation of the model; inference is classically performed by minimization of a likelihood-like cri-
terion (e.g., least squares). However, model fitting is only rarely embedded in a robust statistical
framework. Population data requires development of a novel statistical framework because 1)
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the presence of right-censoring and 2) the necessity to define a population-level statistical model.
Such a framework has been initially proposed in (Nicolo et al., 2020) and further developed in
(Bilous et al., 2019), relying on the mixed-effects approach (Lavielle, 2014). Finally, calibration of
models, even when based on numeric criteria or metrics that are not always available, requires
visualization tools to ensure the correspondence between the data and the model outputs.

Here, we developed a modeling framework encompassing modeling, inference, visualization,
and simulation of metastasis, at the individual and population level. This framework was imple-
mented in a series of R packages called METAMATS that followed high-level standards of software
development. As an example of the capabilities of the METAMATS software we studied the impact
of prophylactic cranial irradiation (PCl) in the brain-metastasis free survival of patients with small
cell lung cancer (SCLC). Using clinical data of from the Public hospitals of Marseille as well as as
data from the CONVERT study (NCT00433563) we demonstrated both the individual and popula-
tion level capabilities of the METAMATS Software.

Materials and methods

A mechanistic model of metastasis

Derivation of the model
We considered that cancerous diseases begin with a primary tumor (PT) that starts at an initial size
of one cell and will grow according to a specified growth law. As the primary tumor grows, each
cell has a small probability of forming a new distant metastasis daily. When seeded, metastases
begin independent growth (which may or may not follow the same growth law as for the PT) and
may begin to seed new metastases.

The following modeling framework can be used to simulate this situation with significant con-
trol over the different parts of the model.

Time is denoted by t and ¢, is the time of initiation of the disease. The size of the PT attime ¢ is
denoted by V,(1), and is assumed to follow the differential equation:

s

av,/dt =g,(V,)
V,(to) =V

with V; the initial tumor size. We assumed that V,(r) = 0 for all # < 10.
Similarly, a metastasis of age = is of size V (), given by the solution of the differential equation:

dv/dt = g(V)
Vty =V, '

The daily number of new metastases seeding from the PT (respectively, metastases) as a func-
tion of tumor size is denoted by d,(V) (resp d(V)), where V > 0.

The population of metastases is described with a tumor size density function p, such that the
integral of p (s, V) between V; and V, represents the number of metastases with a size between V,
and v, attime r.

The general model, given 1, V;, g,, & d,, and d, is given by the partial differential equation (PDE):

Op(V.1) + 0y (g(V)p(t,V)) =0,

with the initial condition,
P (V, to) = 0,
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ensuring that there are no metastases initially. The boundary condition

[Se]

g (Vo) p (Vo,t) = d, (V p()) + / d(V)p(V,ndv,
)
defines the apparition of new metastases, with the first term the metastasis originating from the
PT and the second term the ones originating from the metastases themselves (Ilwata et al., 2000).
The total number of metastases at time t is given by

N(t) = / p(V,1)dV.
Vo

Discrete model

In computational settings, it is easier to use a discrete model version. This implementation was
defined on a time grid (7,)x¢0.1}, but only for models without secondary dissemination, that is,
d(v) = 0 for all v. Instead of solving the PDE, we computed the number of metastases using a
midpoint integration method:

d(V,(t;_1) +d V(1))
5 1,

Nep=1Y @ —t_)x

1<I<k
where | x| represents the integer part of x.
Since all tumors grow independently and N is always an integer, the number of metastases of
size greater than V at time ¢ (the dicrete cumulative size distribution) is given by

esd (V1) =N (1, =7 (V)),

where 7 (V) = arginf, V(¢) > V is the time it takes for a metastasis to reach size V.

Where necessary for clarity, the model is expressed with explicit dependency on the complete
parameter vector ¢, which contains all free parameters for the growth and dissemination function,
as

esd (V, el qo)

Time to first metastasis
If we set a minimum tumor size for detection at imaging at V,,,.snoia- the minimum time required
to detect a metastasis is given by

Tmeta(q’) = min{t 2 0 | ﬁ(Vthreshald7t | (0) > 1}

Metastatic burden
A key element to describe the extent of metastatic disease is the metastatic burden (MB), that is,
the total number of metastatic cells present in the patient. It is given by:

+o0
M) = / Vp(t,V)dV,
1

and for the discrete model:
M(tg) =) Vu(ty),
k

where V(1) is the size of the m-th metastasis at time z.
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Data

AP-HM dataset

The AP-HM dataset is composed of data from 103 patients treated for small cell lung cancer
(SCLC) at the Assistance publique - Hopitaux de Marseille (AP-HM) institution. All patients in the
dataset were diagnosed with non-brain-metastatic SCLC. We used this dataset to demonstrate the
individual-level functionalities of the METAMATS package. The complete clinical characteristics of
this population are presented in Table 1. In the AP-HM population, 19% of the patients had a Tu-
mor Node Metastasis (TNM) T staging of 1, 20% a T staging of 2, 32% a T staging of 3, and 28% a
T staging of 4 Rami-Porta et al., 2015. Fifty-one percent of the patients had disseminated disease
at the time of diagnosis. Most of the patients had a good performance status (PS) at the time of
diagnosis (44% with PS of 0, 46% with PS of 1), some had degraded PS (9.7% with PS of 2) and one
patient (1%) was severely affected and unable to fully take care of himself (PS of 3). Primary treat-
ment consisted of a combination of surgery, radiation therapy, and chemotherapy. In addition,
some patients (17%) received adjuvant immunotherapy.

In this population, around 46% of the patients received prophylactic cranial irradiation (PCl)
after the initial course of treatment as prescribed by the French national guidelines; the remaining
54% did not receive PCl by choice or due to contraindications. A comparison between the PCl and
non-PCl groups failed to show statistical differences for the clinical variables reported Table 1.

Patients were followed with regular brain imaging to assess the presence and size of brain
metastases. Follow-up time ranged from 5 months to 8 years, with a median of 2 years. Out of the
103 patients, 41 developed brain metastases and were used to demonstrate the individual-level
functionalities of METAMATS. Brain metastases were individually measured at multiple times (the
number of time points ranged from 1 to 11, with a median of 4). Along the course of their disease,
these patients developed between 1 and 28 brain metastases (median 4 brain metastases).

BMFS dataset

Data on TNM tumor size Rami-Porta et al., 2015, brain metastasis-free survival, and PCl status for
patients from the AP-HM dataset were combined with data from 87 patients who participated in
the CONVERT study (Faivre-Finn et al., 2017) (NCT00433563) of which 94% received PCl and 6%
did not, for a total of 190 patients of which 52% experienced brain metastases. Altogether with
the time to first metastasis from the AP-HM dataset, these data form the Brain Metastasis-Free
Survival (BMFS) dataset (see Supplementary Table S1and Supplementary Figure S2).

To compensate for the structural absence of patients with brain metastases at the time of di-
agnosis in our dataset, we supplemented the dataset with a proportion of "phantom" patients,
left-censored at time 0. We added around 18% of phantom patients to match the ratio for the
Surveillance, Epidemiology, and End Results Program data Li et al., 2021, TNM T status for phan-
tom patients was generated randomly using the proportions described in the same article. This
second dataset was used to estimate the parameters at the population level of the model using
the statistical framework described in the section "Population survival model".

TNM to tumor size conversion

As the model needs the quantitative size of the PT as an input parameter, we had to convert the
TNM tumor sizes (TNM T classification) to a number of cells in the primary tumor. We chose to
consider PT as isotropic spheres with a density of 1 x 10° cellmm™3. The diameter of the PT was
inferred from the TNM classification using the lower limits of the eighth edition of the TNM Staging
classification Rami-Porta et al., 2015 (see Table 2).
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Variable PCI, N = 477 No PCI, N = 567 Overall, N = 103’ p-value?

Sex 0.7
F 20 (43%) 22 (39%) 42 (41%)
M 27 (57%) 34 (61%) 61 (59%)
Age 64 (57, 68) 65 (57, 72) 64 (57, 70) 0.6
Smoking 0.8
Non smoker 0 (0%) 1(1.8%) 1(1.0%)
Former smoker 32 (68%) 35 (63%) 67 (65%)
Active smoker 15 (32%) 20 (36%) 35 (34%)
TNM T 0.2
1 5(11%) 15 (27%) 20 (19%)
2 9 (19%) 12 (21%) 21 (20%)
3 17 (36%) 16 (29%) 33 (32%)
4 16 (34%) 13 (23%) 29 (28%)
TNM N 0.023
0 2 (4.3%) 9 (16%) 11 (11%)
1 5(11%) 6 (11%) 11 (11%)
2 20 (43%) 31 (55%) 51 (50%)
3 20 (43%) 10 (18%) 30 (29%)
TNM M 19 (40%) 27 (48%) 46 (45%) 0.4
Dissemination status 23 (49%) 30 (54%) 53 (51%) 0.6
Performance status 0.2
0 25 (53%) 20 (36%) 45 (44%)
1 17 (36%) 30 (54%) 47 (46%)
2 5(11%) 5 (8.9%) 10 (9.7%)
3 0 (0%) 1(1.8%) 1(1.0%)
Surgery 1(2.1%) 3 (5.4%) 4 (3.9%) 0.6
Radiotherapy 21 (45%) 27 (48%) 48 (47%) 0.7
Chemotherapy 26 (55%) 29 (52%) 55 (53%) 0.7
Radiochemotherapy 0.9
none 26 (55%) 29 (52%) 55 (53%)
sequential 8 (17%) 9 (16%) 17 (17%)
concurrent 13 (28%) 18 (32%) 31 (30%)
Adjuvant immunotherapy 5(11%) 13 (23%) 18 (17%) 0.094

'n (%); Median (Q1, Q3)
ZPearson’s Chi-squared test; Wilcoxon rank-sum test; Fisher's exact test

Table 1. BM-SCLC population characteristics
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TNMT Diameter(mm) Number of cells

TO 2 4188790
T1a 10 523598776
T1, T1b 25 8181230869
T2a 30 14137166941
T2,T2b 40 33510321638
T3 50 65449846950
T4 70 179594380030

Table 2. Conversion rules to convert TNM data to diameters and number of cells based on the eight edition
of the TNM staging Rami-Porta et al., 2015.

Individual fits

The model can be used to describe longitudinal individual patient data. In this setting, we identified
the individual model parameters to reproduce the observed data, which consisted of information
on the patient's disease at diagnosis and several follow-up visits (time points). The necessary data
included the size of the PT at the time of diagnosis and, for each visit, the list of the sizes of the
observed metastases.

Growth model
In the rest of the article, the growths of the PT and the metastases were supposed to be identical.
We used exponential growth defined as:

gW)y=a-V,
and the Gompertz growth (Norton, 1988),
gW)y=V-(a—-pV),

where the parameter « is the initial proliferation rate and parameter g is a coefficient driving the
exponential decrease of the specific growth rate % . %r characteristic of the Gompertz model.
The solution of this equation asymptotically tends to a finite value (carrying capacity) given by
K =exp (%) and has the following explicit expression:

V (t) =exp <logK <1 — exp <_lo(;tl<>>> .

To limit the number of free parameters in the growth model, K was fixed at 1x10'2 (corresponding
to a tumor mass of 1kg).

The effect of PT treatment was accounted for by modifying the PT growth after diagnosis.
Specifically, disease control was modeled by fixing the PT size to its size at diagnosis, 50% of the
diagnosis size in the case of partial response, and zero in the case of complete surgical resection
or complete response.

Dissemination model
The dissemination was assumed to follow a power law of the form:

dv)y=u-v’"

and we defined r = - v/ as the instant dissemination rate for a tumor with a diameter of v, =
10mm as a way to compare models with different values of y and y.
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| Metamats | 7 of31



Cumulative size distribution

We converted the observed individual BM size data — given as tumor diameters — to number
of cells, assuming that the tumors were spherical and isotropic with a cell density of 10° cells per
mm?.

For each observation time ¢,, the patient’s data was represented by the cumulative observed
size distribution of the metastases, i.e., the number of metastases larger than a given size. For-
mally, at time ¢, if the patient had observed metastases with respective sizes V;, the cumulative
size distribution function is:

esd(ty,s) =#{V; < s}.

Given the observed data for a patient, the model parameters for this patient ¢ were determined
by minimizing the mean squared error on the cumulative size distribution:

@ = arg min Z / (csd (tk,s) —csd (tk,s | ¢))2 ds.

1<k<Kmax Y
Computation of the integral above is explicit since both ¢sd and ¢sd are decreasing step functions
with a finite number of distinct values. The minimization procedure was performed over a discrete
set of values for y (0.1, 0.3, 0.5, and 1) and with numerical bounds to restrain the values of «
([0.01, 17y and u (1077, 1] for y = 0.1, [10~1, 1073] for y = 0.3, and [10~13, 10~°] for y = 0.5and y = 1).
We used the SUBPLEX algorithm (Rowan, 1990) implemented in the NLOPT library (Johnson, 2008)
(using the nloptr R package version 2.2.1).

Model training and diagnostics

The determination of individual parameters for the patient population from the AP-HM dataset
used the data available at the first metastatic event Ty, (the first follow-up time with observed
brain metastases).

With an individual parameter vector ¢, we plotted the model simulation, which included the
simulated pre-diagnostic history and the observed data.

For a fixed time point, we confronted the model prediction and observed data for the cumula-
tive size distribution of metastases, the number of metastases, and the metastatic burden defined
as the total number of metastatic cells in the patient in all metastases.

The graphical validation of the model fit was assessed by comparing the model prediction with
the data at Ty,

Population survival model

The mechanistic model can also be used with brain metastasis-free survival (BMFS) data. In this
context, we used the (potentially censored) time between diagnosis and the first metastasis and
the initial size of the PT.

Non-linear mixed-effect model
The survival model was defined for Gompertz growth with the same parameters for PT and metas-
tases (g, (V) =g (V).

To handle the BMFS data, we embedded the model within a non-linear mixed-effects statistical
framework, where :

log (Y') = log <Tmem(V;iag; (pi)) +é, g ~ N(0, 6%
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a =ap0p+ﬂa-Ci+17(;, 77(; ~ N(, 602)
log (') = 10g (yup) + B, C' 41, 1~ N O 0})
with Y’ being the observed (censored) time of metastasis-free survival for patient i, V;iag the
size of the PT at diagnosis, C’ the vector of patient covariates, ¢’ = (&', u') the patient’s individual
parameters, 5’ the individual random effects. Overall, the parameters of the population model are

G, Upopr Hpopr Bar By @qr ANd @,

Population fit

We used a modified likelihood expression to account for censoring (Bigarré et al., 2023) and iden-
tified the parameters for the population model with the Stochastic approximation of expectation
maximization algorithm (SAEM) implemented in the saemix R package (Comets et al., 2017). The
estimation procedure was performed with ¢ fixed at 0.02 and y fixed at 0.01. We used a normal
distribution for « and a log-normal distribution for u.

Plausible values were chosen as initial values of the population parameters: «,,,, = 0.0185 and
Hpopo = 0.000078. Initial values of the inter-patient variability parameters w, , and o, , were set to
0.01 and 1, respectively. The population model was trained using the entire BMFS dataset, running
4 chains in parallel for 950 iterations of the SAEM algorithm.

The variance of the estimation was evaluated with a bootstrap study with 200 bootstrap repli-
cates using the same initial values and hyperparameters for the SAEM algorithm as for the esti-

mation step.

Survival function prediction
For a patient with a given PT size at diagnosis Vd"iag and covariate vector C?, we predicted the brain
metastasis-free survival function with Monte Carlo simulation:

p
- | -
S'0 =Y Pexp (108 TyeraV s @) + 0 ) 2 0
k=1

with 7, and ¢, being sampled from the population distributions.
The mean survival in the population was defined as S(@) = % Zfil Si().

Identifiability simulation study
The identifiability of the NLME model was assessed with a simulation study that generated syn-
thetic patient populations (N = 50, 100, 250, and 1000). Tumor sizes at diagnosis were sampled
from the BMFS dataset. All synthetic patients were drawn from a population with y = 0.1 for
all individuals. The parameter a« was normally distributed with mean «,,, = 0.03 and variance
w? = 0.0001 and x was log-normally distributed (with median y,,, = 0.00012 and logarithmic vari-
ance “’;24 = 1.75). Simulated patients with negative « values were excluded from the population,
effectively truncating the distribution. Brain metastasis-free survival was generated for each pa-
tient from the simulation of the model with a log-normal residual error model (¢ = 0.15). These
values of the population parameters were chosen to be consistent with the data used in this study.
The censoring time was also generated from a log-normal model with a median of 36.4 months

and a standard deviation of the logarithm of 0.71.

Bigarré et al. 2025

| Metamats | 9of31



50 1 .
Pre-diagnostic history R
—~ 401 Uncontrolled growth //3 ’ § i ) i
€ /, ' Controlled disease
E AT PooTTTTToe Tttt T
~ | | H |
o 307 : , | : s j
N Surgical resection |
» |
o 207 |
E |
=} 1
F 10+ \
|
Tumor i.nitiation Inititilon of Diaglnosis
first metasasis
Time
B ’E\ 100 C ’E\ 100
£ 55 a=0.012(dt=60) £ 55 a=0.044 (dt = 60)
3 54 «=0.001 (IN) 54 ©=0.001
»  11r=o01 ‘» 11r=01
o) rate = 0.0074 o) rate = 0.0074
S £
=} T T T 1 =} T T T 1
— -4 -2 0 2 — -4 -2 0 2
Time (years) Time (years)
D E 100 E g 100
E 5] a=002(dt=133) E 55] «=0.044 (dt=60)
= 0. 1 = V.
g 54 u=0.00 -g 54 u=0.005
n» 11ry=01 n 11y=01
6} rate = 0.007 o) rate = 0.037
£ £
> T T T 1 >3 T T
— -4 -2 0 2 — -4 -2 0 2
Time (years) Time (years)
F E 100 G E 100
£ 25 a=0.044 (dt =60) £ 55 a=0.044 (dt = 60)
.GN) 54 u=14e-11 _g 54 ©=0.001
o 11y=1 » 11r=01
o) rate = 0.0074 o) rate = 0.0074
S £
>S5 T T T >S5 T T T 1
— -4 -2 0 2 — -4 -2 0 2
Time (years) Time (years)
Tumor type —— Primary tumor —— Metastasis

Figure 1. Overview of the modeling framework. A. Schematic representation of the mechanistic model. The red curve
represents the growth of the primary tumor. After diagnosis, the dashed lines illustrate different potential scenarios for the
primary tumor depending on the treatment assumptions. The blue curves depict the size evolution of metastases: solid lines
correspond to metastases emitted before diagnosis, while dashed lines represent those emitted after diagnosis assuming un-
changed growth of the primary tumor. B-G. lllustration of the impact of modifying key modeling assumptions. All simulations
are performed considering a primary tumor size of 10 mm at diagnosis. The red curve represents the growth of the primary tu-
mor, while the blue curves indicate the growth of individual metastases. B. Simulation based on an exponential growth model
with parameters a = 0.12, 4 = 0.001, and y = 0.1. C. Simulation using a Gompertz growth model with parameters « = 0.044,
u = 0.001, and y = 0.1. D. Simulation using a Gompertz growth model with a reduced proliferation rate (« = 0.02, 4 = 0.001,
y = 0.1), leading to slower tumor and metastasis growth dynamics. E. Simulation using a Gompertz growth model with an
increased metastatic potential (a = 0.044, u = 0.005, y = 0.1), resulting in a higher number of emitted metastases. F. Simulation
using a Gompertz growth model with increased dissemination efficiency (@ = 0.044, u = 1.4 x 107!1, y = 1), with a reduced
baseline emission rate to preserve the overall rate of metastasis emission (r = 0.0074). G. Simulation using a Gompertz growth
model (a = 0.044, x = 0.001, and y = 0.1) with complete resection of the primary tumor at the time of diagnosis, illustrating the
resulting arrest of post-diagnosis metastatic emission. dt: doubling time
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Results

Modeling metastasis growth and dissemination

Our proposed mathematical model of metastatic development describes the temporal evolution
of the disease ranging from the initiation of the PT, early infra-clinical metastases, diagnosis, and
post-diagnosis dynamics of the minimal residual disease. The flexibility of our framework allows to
model different scenarios following diagnosis that correspond to different responses to treatment
(Figure 1A). For example, the absence of treatment (or the absence of response to treatment) is
modeled by continuing with the same growth law for the PT. Control of the tumor size through
chemotherapy or immunotherapy during the early stages can be modeled as a PT keeping a con-
stant size during the treatment, and successfully removing the primary disease by setting the
tumor size to be very small (or effectively null).

Using Gompertz growth with fixed carrying capacity and power law for metastatic dissemina-
tion yields three free parameters: « (in d~!') controlling growth dynamics, u (in d-!) the instanta-
neous probability for a cell in the PT to seed a new metastasis, and y (unitless) the parameter of
the fractal scale that defines the proportion of the PT contributing to the formation of metastases.

The exponential growth (Figure 1B) does not saturate and continues to grow rapidly outside
the range of possible tumor sizes. With an exponential parameter «, = 0.012 that gives the
same growth speed at a diameter of 10 mm (a doubling time of 60 days) as the Gompertz growth
(Figure 1C), the PT takes longer to reach this size. The first metastasis also takes more time to
seed; after that, the interval between successive metastases quickly increases.

Figure 1D-F shows the qualitative effects of each parameter for the model with Gompertz
growth and power law dissemination. For a Gompertz growth with a lower value of « (Figure 1D,
a = 0.02, the doubling time when the diameter reaches 10mm is 133 days), the PT takes longer
to reach the same size (60 months to reach 10mm with a = 0.02, 27 months to reach 10 mm for
a = 0.044), leaving more time for metastases to appear. On the other hand, for a higher value of «
(Supplementary Figure S3A, « = 0.1) the tumors grow faster and fewer metastases appear when
the PT reaches a size of 10 mm.

Changing the value of u (Supplementary Figure S3 B u = 0.0004, Figure 1E u = 0.005) while keep-
ing y constant impacts the scale of the metastasis number function N, but not its shape. Changing
y and y simultaneously to maintain a constant instantaneous dissemination rate of 0.0074 cell/d for
a tumor diameter of 10 mm shows that the value of y strongly impacts the shape of N. Asmallvalue
of y (Supplementary Figure S3C, y = 0.01) induces an almost constant time between the birth of
two successive metastases, while a large value (Figure 1F, y = 1) produces a long time before the
first metastasis and then an exponentially decreasing time between the birth of the metastases.

Figure 1G shows the effect of a complete resection of the primary tumor (PT) when it reaches a
diameter of 10 mm, while Supplementary Figure S3 D illustrates the impact of a 90% reduction, sim-
ulating alternative treatment outcomes for the PT. After partial resection, new metastases appear
more slowly and at a constant rate. Total resection prevents the birth of new metastases.

Brain metastasis-free survival
Population-level parameters of the NLME model were estimated using the SAEM algorithm, with
resulting estimates presented in Table 3. The training dataset was augmented with "phantom
patients" representing left-censored observations at the time of diagnosis to account for patients
presenting with brain metastases at initial diagnosis.

The fitted population model demonstrated adequate descriptive performance successfully re-
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Figure 2. Nonlinear Mixed-Effects Population Model. Fit of the population model to the BMFS dataset without any covari-
ates, assuming a normal distribution for « and a log-normal distribution for u. The residual error model is log-normal and
adjusted for censoring when applicable. A. Comparison between the Kaplan-Meier estimate of the full BMFS dataset (includ-
ing phantom left-censored patients) and the model-predicted population survival function (including negative relapse times).
B. Comparison between the Kaplan-Meier estimate of the true BMFS dataset (real patients only) and the model-predicted pop-
ulation survival function (excluding non-positive relapse times). C-F. Bootstrap analysis (200 replicates) assessing parameter
identifiability. Each panel shows the bootstrap density of a population parameter, with the solid vertical line representing the
estimate from the full dataset and the dashed lines indicating the 90% bootstrap confidence interval. C. Bootstrap density of
%p0p D. Bootstrap density of yu,,, E. Bootstrap density of w, F. Bootstrap density of w,
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Parameters value R.S.E.

a,,, (per day) 4.60 x 102 13.99%
w? 3.95 x 104 45.00%
H,0p (PET day) 7.03x10* 12.63%
a)i 0.68 70.66%
Y 0.01 (Fixed)
c 0.02 (Fixed)

Table 3. Estimands of the population parameters
BMFS dataset

producing the overall population survival function (Figure 2 A) while remaining within the 90% con-
fidence bounds of the Kaplan-Meier estimator. However, systematic deviations were observed,
with underestimation of survival probability during the initial phase (<1 year) and modest over-
estimation of long-term survival rates. To evaluate model performance specifically for patients
without brain disease at diagnosis, survival functions were also conditioned on disease-free sta-
tus at baseline (Figure 2 B). While the model maintained reasonable overall concordance with the
observed brain disease-free survival patterns, it failed to adequately capture the initial phase dy-
namics, characterized by slower progression rates in the early post-diagnosis period.

The precision of the parameter estimation was assessed through 200 bootstrap replicates
(Figure 2 C-F). The fixed-effects parameters Apop (Figure 2C) and Hpop (Figure 2 E) demonstrated
robust estimation properties with low relative standard errors (RSE), all values falling below the
conventional 30% threshold for acceptable fixed-effects parameter estimation (Tab/e 3). Between-
subject variance components exhibited greater estimation uncertainty: »? (Figure 2 D) achieved
acceptable precision with RSE values below the established 50% threshold for variance parameter
estimation, while wi (Figure 2 F) showed considerably higher estimation variability (RSE = 70.66%),
exceeding conventional acceptability criteria and indicating reduced confidence in this parameter
estimate.

Identification of individual parameters

METAMATS allows the identification of individual parameters from PT size data at diagnosis and
metastasis sizes at the time ¢5,,. We used METAMATS on the AP-HM datasets for patients who
have had a brain metastasis relapse (N = 40 patients). Simultaneous estimation of the three pa-
rameters a, x4, and y was not computationally feasible as no stable solution could be found using
the SUBPLEX algorithm, which led us to estimate a and u for each patient while keeping y fixed. We
compared four possible values for y (0.1, 0.3, 0.5, and 1) corresponding to different hypotheses in
the subset of PT cells that can disseminate. A value of y = 0.1 gave significantly better fits for the
whole population; values of y = 0.3, 0.5, or 1 led to a similar higher error level (Figure 4 A).

At the individual level, we found that for a large number of patients y = 0.1 was indeed the
best fit (17 patients out of 40, Supplementary Figure $4), but still more than half of the population
was estimated to have a different value of y (6 patients with y = 0.3, 10 patients with y = 0.5 and
7 patients with y = 1). This result emphasizes the potential inter-individual variability in terms of
metastatic aggressiveness.

The model was able to fit data from patients with different metastasis size profiles, to run simu-
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Figure 3. Individual patient fits and calibration of the metastatic size distribution model. Model parameters were
estimated through minimization of squared error between observed and predicted cumulative size distributions for each
patient. A-C. Model simulations using patient-specific parameter estimates demonstrating predicted metastatic growth dy-
namics for representative cases: A. Patient 8, B. Patient 23, and C. Patient 42. D-F. Comparative analysis of size distributions
for observable metastases (>3 mm) between empirical observations and model predictions at the time of metastatic relapse:
D. Patient 8, E. Patient 23, and F. Patient 42. G-I. Direct comparison of individual metastatic lesion sizes between observed
and model-predicted observable metastases at metastatic relapse: G. Patient 8, H. Patient 23, and I. Patient 42. J. Model
calibration assessment for the number of visible metastases, displaying predicted versus observed metastatic counts. Data
points represent discrete integer values with random positioning applied to enhance visualization of the underlying distribu-
tion. K. Model calibration assessment for visible metastatic burden, comparing predicted total metastatic cell number against
observed values.
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lations of the natural history of the disease for visible and occult metastases, and to predict the age
of the disease at diagnosis, as well as metastatic aggressiveness metrics such as the dissemination
rate for a 10mm PT. Patient 8 (Figure 3 A) had a tumor of 40 mm diameter at diagnosis and a brain
metastasis of approximately 15 mm at the first brain metastatic event (12 months after diagnosis);
the estimated parameters show a small « = 0.016, leading to an estimated age of PT at diagnosis
of 10 years and a doubling time at diagnosis of 394 days, y = 0.1, u = 0.00024 and r = 0.0024. This
set of parameters predicts that 2 tumors, the first of size around 15mm and the second of size
around 5mm, should be present at the time of the brain metastatic event (Figure 3 B-C). Patient
23 (Figure 3D) had a smaller 25 mm PT, but developed four BMs 7 months after diagnosis, with 2
between 8 mm and 5 mm and 2 smaller than 5mm. For this patient, « = 0.017 was similar to that of
patient 8, giving a similar growth of PT (estimated age around 8 years, doubling time at diagnosis
of 253 days) but y = 0.3 and x4 = 5 x 107 (r = 0.048) led to a different metastatic scenario with 3
tumors predicted by the model (Figure 3 E-F). Patient 42 (Figure 3 G) had the largest PT (50 mm)
and developed, 12 months after diagnosis, three 9 mm BM and six BM smaller than 8 mm. Their PT
was also the youngest (3.7 years) with a large a = 0.047 and a doubling time at diagnosis of 172 days.
Metastatic parameters y = 1 and u = 1.7 x 107! (r = 0.014) induce rapid metastatic dissemination
with the prediction of 5 small visible BM (less than 5mm), 3 BM in the 5mm to 8 mm range, and 2
BM larger than 9 mm (Figure 3 H-I).

Due to differences in estimated values of a and PT at diagnosis, predicted ages of the PT
ranged from 2 to over 12 years, with a mean of 6.4 years and a standard deviation of 3.0 years
(Supplementary Figure S5).

Beyond the comprehensive size distribution analysis, METAMATS enables the prediction of to-
tal metastatic burden and metastasis count at any given time. The model’s prediction of visible
metastatic burden was compared against observed metastatic burden at T,, in the AP-HM patient
cohort, demonstrating excellent concordance between predicted and actual visible metastatic bur-
den (Figure 3]). Additionally, METAMATS facilitated comparison between predicted and observed
numbers of visible metastases (Figure 3 K), revealing accurate model performance for this param-
eter, albeit with a systematic tendency toward overestimation, particularly pronounced at higher
metastasis counts.

Clinical application: impact of prophylactic cranial irradiation

We compared the distribution of the individual parameters in the PCl and non-PCl groups to see
how the model would reflect this therapeutic intervention. No significant differences were found
in the tumor growth parameter a between the two groups (p = 0.29 Wilcoxon rank sum test,
Figure 4 A), while the fractal parameter y was found to be greater in the PCl group than in the
non-PCl group (p = 0.044 Fisher's exact test, Figure 4B).

Direct comparison of u between patients is difficult because the scale of the y parameter de-
pends onthevalue of y (Supplementary Figure 56). We thus used the distribution of the parameter
r that incorporates both y and u to compare all patients on the same scale, and r was found to be
significantly lower in the PCl versus non-PCl group (Wilcoxon rank sum test, p-value 0.011). The
joint distribution of a« and r (Figure 4 D) did not reveal a clear separation of the two groups.

The NLME model framework facilitates the investigation of covariate effects on BMFS. This mod-
eling approach enables independent covariate influence on the distribution of individual model pa-
rameters. We incorporated the PCl status as a covariate on both « and u distributions and trained
this NLME model on the BMFS dataset yielding the parameter estimates presented in Table 4. In-
tegration of PCl status yielded superior model performance, with improved log-likelihood (-2LL
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Figure 4. Influence of prophylactic cranial irradiation (PCI) status on model parameter estimation and predictive
performance. Individual parameter distributions are stratified by PCl status, with patients without PCl represented in red and
patients with PCl represented in blue. A-C. Distribution analysis of patient-specific parameter estimates stratified by PCl status:
A. growth parameter a, B. dissemination rate r, and C. fractal scale parameter y. D. Bivariate distribution of growth parameter
a and dissemination rate r with color-coding by PCl status (red: no PCl; blue: PCl present). E. Kaplan-Meier visual predictive
check for the nonlinear mixed-effects (NLME) population model incorporating PCl status as a covariate for the distribution of
u. Solid lines represent model-predicted means, dotted lines indicate 90% prediction intervals, with stratification by PCl status
(red: no PCI group; blue: PCI group). The visual predictive check assesses model adequacy through comparison of observed
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survival patterns against model-generated predictions under varying PCI conditions.
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Parameters value R.S.E.

a,,, (per day) 2.50 x 1072 34.12%
w? 1.49 x 104 79.05%
H,0p (PET day) 7.90 x 10 22.91%
»? 0.56 32.42%
Prcia 0.02 27.57%
Brcr -0.38 62.65%
Y 0.01

- 0.02

Table 4. Population parameter estimates for the NLME model incorporating PCl status effects on «
and y parameters.
BMFS dataset

= 1560) compared to the covariate-free model (-2LL = 1599). The Bayesian Information Criterion
was similarly enhanced in the complete model (BIC = 1598 vs 1626), at the same time the inter-
individual variance was reduced both for « (w? = 3.95 x 10~* without PCl and w2 = 1.49 x 10~* with
PCl as a covariate) and for u (a)i = 0.68 without PCl and a)i = 0.56 with PCl as a covariate).

Parameter estimation for this enhanced model remained robust, with a,,, exhibiting a relative
standard error (RSE) marginally exceeding 30% (Supplementary Figure S7 A) and y,,, demonstrat-
ing adequate precision (Supplementary Figure S7 B). Inter-individual variability parameters main-
tained the previously observed estimation imbalance, with w, displaying substantial RSE exceeding
70% (Supplementary Figure 57 C), while w,, achieved satisfactory estimation precision (Supplementary Figu
The PCl status effect on « was well-characterized, with fp¢ , RSE below 30% (Supplementary Figure S7E).
Conversely, the PCl effect on u proved more challenging to estimate accurately within our dataset,
resulting in fipc, , RSE exceeding 70% (Supplementary Figure S7F). Despite estimation uncertainty,
the bootstrap distribution (Supplementary Figure S7) provided strong evidence for significant PCI
status effects on g, with fewer than 5% of bootstrap estimates for fp| , yielding strictly negative
values (p < 0.00025, Wald test).

Simulations and identifiability

Investigation of the impact of sample size on the model identifiability of the NLME time-to-relapse
model was assessed through simulation studies using synthetic patient populations. Model pa-
rameters were estimated across populations of varying sizes (n = 50, 100, 250, 500, and 1000) to
evaluate the relationship between sample size and estimation precision. Simulation parameters
were set to a = 0.04, u = 0.0007, ®> = 0.0004, wi =0.7, ¢ = 0.02, and y = 0.01 to replicate conditions
analogous to those observed in the BMFS population estimation. Censoring was simulated using
a lognormal distribution with parameters derived from the observed censoring distribution in the
BMFS dataset (median censoring time = 1109 d, standard error of log-censoring time = 0.71).

The population growth parameter ay,, exhibited minimal bias across all sample sizes (Figure 5 A),
with estimates converging to approximately 0.046 (relative bias: 15%). Conversely, the popula-
tion dissemination parameter u, demonstrated negligible bias (relative bias: 7%), with the true
value consistently contained within the 90% confidence interval (Figure 5B). The inter-individual
variability parameter w, proved to be the least identifiable parameter (Figure 5 C), exhibiting con-
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Figure 5. Identifiability assessment of the nonlinear mixed-effects (NLME) population model through simulation-
based parameter recovery analysis. Synthetic datasets were generated using the established model framework across
varying sample sizes (N = 50, 100, 250, 500, 1000 subjects). For each sample size configuration, 100 independent simulations
were conducted, with subsequent re-estimation of population model parameters performed to assess parameter identifia-
bility and estimation precision. Solid lines represent the true parameter values employed in the data generation process,
dashed lines indicate the median of parameter estimates across 100 replicates for each sample size, and dotted lines demar-
cate the 90th percentile boundaries of the estimated parameter distributions. A. Population-level growth parameter a,q,. B.
Population-level location parameter u,,,. C. Between-subject variance component for the growth parameter 2. D. Between-
subject variance component for the location parameter o’ . The convergence patterns demonstrate the asymptotic properties
of maximum likelihood estimators and quantify the sample size requirements for reliable parameter identification within the
proposed modeling framework.
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sistent substantial bias with estimates converging to 0.0002 (relative bias: 48%). In contrast, the
inter-individual variability parameter for u demonstrated excellent identifiability (Figure 5 D) with
negligible bias.

As anticipated, estimation variance decreased with increasing sample size. A sample size of
N = 250 appeared sufficient to achieve low estimator dispersion, with no substantial variance im-
provement observed when increasing from N =500 to N = 1000. Given that the dataset comprises
censored time-to-event data, individual contributions to information content vary, with only non-
censored patients providing complete likelihood information.

Discussion

This article presents a comprehensive framework for modeling metastatic size distributions, with a
demonstration of its clinical application to brain metastases in small-cell lung cancer (SCLC) and the
impact of prophylactic cranial irradiation. The framework is implemented in the R package META-
MATS, which provides extensibility for incorporating novel modeling hypotheses and diverse clin-
ical scenarios. The METAMATS package integrates computational tools for parameter inference
from both individual patient data and population-level time-to-event data, alongside capabilities
for simulation and visualization.

Modeling

METAMATS uses a discrete formulation of a partial differential equation to model the temporal
evolution of metastatic size distributions, based on an original paper by lwata et al. Ilwata et al.,
2000. This modeling framework encompasses a broad family of models capable of representing
diverse biological hypotheses regarding the metastatic process Benzekry et al., 2016; Bigarré et
al., 2023; Bilous et al., 2019; Nicold et al., 2020. The framework provides substantial flexibility in
defining the fundamental model functions that govern tumor growth dynamics and instantaneous
dissemination from the primary tumor. Users can implement custom functions tailored to their
specific modeling assumptions. The default implementation incorporates either Gompertz or ex-
ponential growth laws for both primary tumors and metastases, with optional incorporation of
a fixed dormancy period. The dissemination function is implemented by default as a power-law
relationship with primary tumor size. Treatment effects on primary tumors and metastases are
incorporated through time-dependent modifications of the growth dynamics. The package can ac-
commodate surgical interventions, including partial or complete resection of the primary tumor
at diagnosis. Other types of non-constant treatment responses could also be incorporated into
the model.

The current implementation assumes independence between individual tumor growth dynam-
ics and enforces uniform growth kinetics for all metastases as a function of time since seeding.
Future developments could include the incorporation of time-dependent differential equations
to define growth dynamics, thereby expanding the range of biological phenomena that can be
modeled. This extension would enable the representation of host-tumor interactions, including
the influence of the local tumor microenvironment and systemic immune system. An additional
prospective enhancement involves the incorporation of metastatic site specificity, as the current
model remains organ-agnostic with respect to metastatic localization.

Inference and predictions
In metastatic disease studies, two distinct data types are available, necessitating different infer-
ence procedures. The primary model output consists of the complete size distribution of metas-
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tases as a function of time. The most direct data type comprises longitudinal records of metastatic
count and size for individual patients. However, this presents two challenges: such data are diffi-
cult to acquire in practice, typically requiring specialized radiological studies with systematic enu-
meration and measurement of individual tumors; additionally, no established statistical frame-
work exists for these data, as model predictions and observations constitute non-normalized
integer-valued functions lacking classical probability distributions.

To address these challenges, we implemented a minimization approach for estimating individ-
ual patient parameters using a criterion based on squared differences of cumulative distribution
functions. While this method enables individual parameter estimation, the absence of a rigorous
statistical framework precludes population-level model assessment. Furthermore, simultaneous
estimation of all three free parameters (a, 4, and y) proved computationally intractable, necessi-
tating a modified approach wherein y was fixed at discrete values (0.1, 0.3, 0.5, 1.0) with separate
estimation of « and u for each y value.

A second data type applicable to this modeling framework is metastasis-free survival, which
provides limited information at the individual level but becomes informative at the population
level. Within our modeling framework, metastatic relapse is defined as the time at which the first
metastasis exceeds a specified size threshold V,;,. This definition enabled the construction of a
robust non-linear mixed-effects (NLME) model for population-level parameter inference.

Due to technical constraints, the current NLME implementation was restricted to a specific
model configuration wherein primary tumor and metastatic growth follow identical Gompertz ki-
netics with fixed carrying capacity, and dissemination was governed by a power law function of
primary tumor size. The model additionally assumed complete resection of the primary tumor
at diagnosis, thereby precluding post-diagnostic metastatic seeding. Future developments could
encompass NLME implementation for longitudinal metastatic size data and extension of the time-
to-event framework to accommodate alternative growth and dissemination functions, including
the impact of pre- and post-surgical therapy Benzekry et al., 2024,

Simulations

As a mechanistic model, METAMATS enables direct simulation of patient trajectories given individ-
ual parameters. This capability allows reconstruction of pre-diagnostic disease history and estima-
tion of the occult metastatic burden at diagnosis. Forward simulations can predict disease progres-
sion for individual patients and evaluate different therapeutic response scenarios and treatment
strategies. This functionality positions the model as a potential tool for personalized metastatic
risk assessment. We demonstrated that the model generates realistic patient trajectories suitable
for in silico studies investigating treatment effects and informing clinical trial design.

Simulation studies provided the foundation for comprehensive identifiability analysis of the
NLME population model. Synthetic populations of varying sizes were generated using population
parameters, initial tumor sizes, and censoring patterns comparable to those observed in clinical
data. Parameter recovery was assessed using the estimation procedure with y and ¢ (observation
error) fixed at values used in the clinical dataset analysis.

For the growth-related population parameters a,,,, and o,, similar sample size effects on vari-
ance were observed; however, both parameters exhibited systematic bias. Two potential mecha-
nisms may explain this phenomenon: (i) the likelihood landscape may contain multiple local min-
ima for the parameter pair (a,,,, ®,), with a non-global minimum attracting a substantial propor-
tion of estimates; (ii) approximately 2% of simulated patients exhibited negative « values under
the simulation parameters, necessitating their exclusion and effectively truncating the population
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distribution. This truncation likely contributed to the observed bias in the identifiability analysis.
Despite the systematic nature of this bias, the magnitude remained relatively modest (15 % relative
error for a,,, and 50 % relative error for w,).

Application: clinical insights for the management of brain metastases in
SCLC patients

Prophylactic cranial irradiation represents the current standard of care for patients without de-
tectable brain metastases at diagnosis; however, recent concerns regarding the benefit-risk pro-
file of this intervention have emerged due to its substantial impact on quality of life (Heredia et al.,
2025; Zeng et al., 2020). The study population comprised patients who either received or did not
receive PCl following successful primary tumor treatment.

For a subset of the population (N = 41), records detailing brain metastasis number and size at
relapse were available. Individual parameters were estimated for this subpopulation using cumu-
lative size distribution criteria, enabling per-patient parameter estimation describing both time
to first metastatic event and brain metastasis size distributions. The y parameter was estimated
consistently closer to zero than to one, with most patients demonstrating optimal fit at y = 0.1;
however, substantial variability was observed in y distribution, with over half of patients achieving
superior fitwith y # 0.1 (ranging from 0.3 to 1.0). This suggests that in most cases, only a small frac-
tion of the primary tumor contributes to brain metastasis formation. Such low fractal dimension
of the metastasis-competent primary tumor subpopulation could be attributed to limited tumor
vascularization (assuming uniform metastatic potential among primary tumor cells proximal to
blood vessels) or restricted development of metastatic phenotype within only a small primary tu-
mor fraction, potentially involving a combination of both mechanisms.

The individual parameter a« was estimated to range from 0.014 to 0.091, with a mean of 0.034,
consistent with the wide range of doubling rates for SCLC primary tumors reported in the literature
(Brigham et al., 1978). From this information, we estimated tumor age since initiation to range
from 2 to 12 years (mean 6.7 years), which is biologically plausible.

For the dissemination component of the model, parameter x was estimated to have a very
large inter-patient variability, ranging from 1.9x 10713 to 6.6 x 10~* (mean 1.1 x 10~%), but with strong
dependence on the y values. When y = 0.1 the median x was 2.38 x 10~#; when y = 0.3 the median
u was 6.27 x 107% when y = 0.5 the median u was 7.68 x 10~8; and when y = 1 the median x was
3.32x 10713 (Supplementary Figure S6). Better comparison was achieved using r, the dissemination
rate of successfully established metastatic cells at a fixed diameter of 10mm. In our population, r
ranged from 9.8 x 107> cell/d to 2.12 x 1072 cell/d (median = 1.77 x 1073 cell/d) and was much more
homogeneous across y values (except potentially for y = 1). This means that the most aggressive
tumors were estimated to seed a new metastasis every 47 days (at constant size) and the least
aggressive every 28 years (median 565 days).

Distribution of parameters gamma and r were found to be significantly different for patients
who received PCl, while values of alpha were comparable in both groups. This suggests that PClI
does not much alter the growth of the brain metastases but rather acts as if the dissemination from
the PT was lower, which could correspond to the destruction of part of the brain tumor population.
One of the drawbacks of the individual fitting approach is that a lot of data per individual is needed
to obtain a precise estimation of the individual parameters, and a large number of patients is
needed to see small or medium effects of PCl on the parameters.

Using the metastatic-free survival data, population model parameters could be reliably esti-
mated only when incorporating information regarding the proportion of patients presenting with
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metastatic disease at diagnosis. By design, the database excluded patients with brain metastases
at diagnosis, resulting in poor convergence and unstable parameter estimates when using this
dataset alone. To address this limitation, the original cohort was augmented with phantom pa-
tients exhibiting left-censored relapse times at diagnosis. The proportion of supplementary pa-
tients was calibrated to match metastatic prevalence reported in SEER database analyses (Mor-
gensztern et al., 2012). Following the inclusion of left-censored patients, population parameters
achieved acceptable estimation precision, with the exception of w,, which exhibited relative stan-
dard error exceeding 70 %. The necessity of population augmentation supports our choice of popu-
lation distribution for individual parameters, as fitting without left-censored patients corresponds
to estimating a truncated (log-)normal distribution from data originating from a complete distri-
bution.

The NLME approach confirmed that a very small value for y was best suited to describe brain
metastasis relapse in this population, consistent with the cancer stem cell-like hypothesis where
only a small pool of cells develops metastatic capabilities and the size of this pool is largely inde-
pendent of PT size. The estimated distribution for « matched the values obtained in the individual
approach and values of u were of the same order of magnitude as for the individual approach
when y = 0.1, showing that both methods are compatible and can provide complementary infor-
mation.

The population model also brought quantitative estimates of the impact of PCl. Including PCl
status as a linear covariate on the log-distribution of u led to a significant reduction of the dissem-
ination rate for patients who received PCl by a factor of exp(—1.22) = 0.30. At the population level,
the inclusion of the PCl status covariate discriminated the two sub-populations in terms of BMFS.
From a biological point of view, there is little evidence that brain irradiation could directly impact
the metastatic capability of PT cells. The impact on x should probably be viewed as a proxy for
an effect on part of the metastatic process not described by our model, such as a delay between
metastatic seeding and growth.

This study not only introduces the METAMATS software but also represents a proof of concept
for the practical application of our mechanistic modeling framework. It is the first mechanistic
modeling study of BMFS in SCLC patients and demonstrates interesting clinical results on the im-
pact of PCl in this context. Upon further validation, METAMATS could provide a valuable tool to
discriminate patients and personalize treatments based on predicted metastatic risks.
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Supplementary Figure S1. Disease history of the patients in the BM-SCLC dataset
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Supplementary Figure S2. Brain metastasis-free survival in the BMFS dataset. The blue curve shows the BMFS for
patients who underwent PCl while the dark red curve shows the BMFS for patients who did not receive PCI.
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Supplementary Figure S3. Impact of the Model Parameters. All simulations assume a primary tumor diameter of
10mm at diagnosis. The red curve represents the growth of the primary tumor, while the blue curves correspond to
the growth of individual metastases. A. Simulation using a Gompertz growth model with parameters a« = 0.1, 4 = 0.001,
and y = 0.1. B. Simulation using a Gompertz growth model with parameters a« = 0.044, 4 = 5x 10™, and y = 0.1. C.
Simulation using a Gompertz growth model with parameters a = 0.044, y = 0.001, and y = 0.01. D. Simulation using a

Gompertz growth model with a 90% reduction in primary tumor diameter after diagnosis, with parameters « = 0.044,
u=0.001,and y = 0.1.
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Supplementary Figure S4. Distribution of best-fitting y values across the AP-HM patient population. The bar chart
shows the number of patients for whom each value of y (0.1, 0.3, 0.5, or 1) provided the best fit to their observed
metastatic size distribution data.
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Supplementary Figure S7. Bootstrap distributions of model parameters incorporating PCl status as covariate.
A. Distribution of a parameter estimates. B. Distribution of 4 parameter estimates. C. Distribution of »? parameter
estimates. D. Distribution of w? parameter estimates. E. Distribution of gy, coefficient estimates. F. Distribution of
Prar, coefficient estimates. Vertical solid lines indicate maximum likelihood estimates, and vertical dashed lines indicate
95% confidence intervals for each parameter.
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Supplementary Tables

Variable No PCI, N =61’ PCI, N = 1297
Number of events 26 (43%) 57 (44%)
TNMT
TO 1(1.6%) 3(2.3%)
T1 15 (25%) 15 (12%)
T1b 1(1.6%) 1 (0.8%)
T2 10 (16%) 32 (25%)
T2a 1(1.6%) 0 (0%)
T2b 1(1.6%) 3(2.3%)
T3 17 (28%) 34 (26%)
T4 15 (25%) 41 (32%)
'n (%)

Supplementary Table S1. BMFS population characteristics
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