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ABSTRACT

Background

Plasma cell-free DNA (cfDNA) shows promise as predictive cancer biomarker, but
mechanisms governing cfDNA production/fragmentation/elimination dynamics, and
their relationships with tumor burden and disease progression, remain poorly

understood.

Method's

We developed a mechanistic model jointly describing short (75-<580 bp) and long
(=580-1650 bp) cfDNA dynamics alongside tumor kinetics in 112 advanced cancer

patients receiving immune checkpoint inhibition, using a population approach.

Results

The model successfully described complex cfDNA patterns, including treatment-
initiation spikes. It revealed large inter-patient variability in kinetic cfDNA parameters,
and a 7.4-fold higher shedding rate for short versus long fragments. A model-derived
parameter from 6-weeks data — reflecting enhanced release or reduced elimination of
short fragments — was significantly associated with progression-free survival (PFS)
(HR=1.6 [95% confidence interval (Cl): 1.2-2.2], p = 0.001). Notably, adding this
parameter to baseline clinical prognostic variables improved PFS prediction (C-index
0.78 [95% CI: 0.73-0.89] vs 0.80 [95% CI: 0.74-0.90], p < 0.0001).

Conclusion

Our model provides quantitative insights into cfDNA biology and offers a non-invasive

way to monitor and predict resistance before imaging.

Keywords: cell-free DNA; fragmentome; size profile; biomarker; mechanistic

modeling; immune-checkpoint inhibition.
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Author Summary

Using an ordinary differential equation system, we modeled the kinetics of both short
(75-580 bp) and long (580-1650 bp) cfDNA fragments during immunotherapy,
assuming that variations in cfDNA largely arise from tumor-derived release through
chaotic apoptosis, necrosis, and active secretion. Using a nonlinear mixed-effect
statistical framework on clinical data, this first mechanistic model of the joint size-
dependent cfDNA and tumor dynamics was identifiable, provided quantitative insights
of both short and long fragment biology, and captured complex cfDNA patterns,
including the initial spike often observed at treatment onset, which may reflect rapid

immunotherapy-induced tumor shrinkage.

We then applied a landmark analysis strategy using data available at six weeks to
assess associations with progression-free survival (PFS). Notably, we identified a
significant association between the short-fragment release rate and shorter PFS.
Overall, this mechanistic modeling approach shows promise for leveraging longitudinal
cfDNA fragment sizes to monitor immunotherapy response, particularly to guide early

treatment-discontinuation decisions.
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INTRODUCTION

Through the last decades, circulating cell-free DNA (cfDNA) has demonstrated high
potential as a promising biomarker for treatment monitoring through liquid biopsy
approaches. This methodology offers several advantages over traditional tissue-based
assessments: it provides access to systemic biological information, catching both
tumor and wild-type data, reflects intra- and inter-tumor genetic heterogeneity, and
enables frequent, non-invasiveness, and cost-effective sampling throughout treatment.
Study of cfDNA fragmentation patterns, known as fragmentomics', has emerged as an
important area of research for understanding tumor biology and immune system
function, while offering clinical applications for disease detection and therapy
monitoring®. In particular, the size distribution profile of cfDNA fragments presents
interesting characteristics, with sharp peaks at the base pair positions corresponding
to k-nucleosomes (e.g., released fragments from mono-nucleosomes have a typical

size of 166 base pairs)?.

In oncology, immune checkpoint inhibitors (ICI) have revolutionized cancer treatment,
significantly improving survival outcomes for patients with advanced malignancies over
the last two decades. However, 20 to 40% of patients fail to respond to
immunotherapy?*, experiencing disease progress, or developing immune-related
adverse events. This therapeutic variability has made the understanding of biological
dynamics of ICI response and its prediction early on-treatment the most pressing

challenges in the last years.

Conventional approaches to monitor ICI response face several critical limitations.
Current imaging-based assessments through iRECIST criteria (Response Evaluation
Criteria in Solid Tumors)® provide static evaluations, preventing quick individualized
therapeutic adaptation. Established predictive biomarkers, including Programmed
Death-Ligand 1 (PD-L1) protein expression and Tumor Mutation Burden (TMB),
require invasive tissue biopsies, that cannot be performed frequently. Furthermore,
these methods demonstrate limited standardization and poor predictive accuracy of
resistance, with positive predictive values (PPV) of 34 and 42%, respectively, in multi-
cancer contexts®. In contrast, the cfDNA fragmentome offers a non-invasive, cheap

and promising source of biomarkers to predict and monitor response / resistance.
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Most investigations have concentrated on pre-treatment cfDNA analysis to enable
early treatment adjustments’. While many studies have focused on circulating tumor
DNA (ctDNA) characteristics, such as blood TMB, copy number instability, mutation
burden®-19, several notable studies have accounted for global cfDNA parameters, such
as global cfDNA concentration'!, or fragmentome data'>'3. Recently, Janke et al.
found association between baseline fragment length alterations and PFS,
outperforming and complementing PD-L1 protein expression in advanced non-small
cell lung cancer (NSCLC) patients under immunotherapy'. Several studies have also
assessed overall survival (OS) outcomes based on cfDNA features collected during
treatment, including both absolute and relative to baseline measurements’>-'8.
Notably, Assaf et al. were among the first to demonstrate a strong association between
early changes of ctDNA as well as total cfDNA concentration and OS (7.53 vs. 25.2
months in the progressors vs. stable/responder groups, C-index = 0.66) in NSCLC

patients, using a machine learning framework'®.

While previous studies have highlighted pre- and on-treatment cfDNA markers, they
treated these as static measurements rather than modelling the continuous temporal
dynamics throughout treatment. Mechanistic modeling offers a powerful approach to
represent underlying biological processes over time, enabling not only physiological
interpretation and assessment of biological assumptions, but also providing

computational markers potentially predictive of outcome.

The first mechanistic models describing systemic quantities beyond pharmacokinetics
in oncology were tumor growth inhibition models?°. These relied on the successful
population approach widely employed in pharmacometrics?!. Modeling of other
circulating biomarkers has also been proposed, including for treatment prediction 2223,
Forinstance, Netterberg et al. linked mean circulating tumor cell (CTC) counts to tumor
growth in patients with metastatic colorectal cancer?*, showing that CTC predictions
from tumor size measurements via Poisson model outperformed tumor kinetics (TK)
as OS predictors. In a recent study, we demonstrated that modeling kinetics of simple
laboratory blood markers could enhance prediction of OS compared to TK alone?.
However, few empirically-validated models have yet been proposed for cfDNA data.
Avanzini et al. first employed mechanistic modeling to determine an optimal blood-
based screening frequency for cancer diagnosis based on cfDNA data 2°. Janssen et

al. developed a nonlinear mixed-effects model to describe EGFR mutation
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concentrations in NSCLC patients receiving chemotherapy. The model's predicted
concentrations were found to be predictive of disease progression during treatment?”’.
Li et al. recently proposed a stochastic approach modeling ctDNA release by tumor
cells and elimination under targeted therapy or radiotherapy in NSCLC patients?%.
Ribba et al. developed the first joint ctDNA—TK model to assess atezolizumab
response in NSCLC patients, incorporating a coefficient to link tumor size decay rate
to the ctDNA growth rate?®. Beyond the mere ctDNA, limited research has focused on
mechanistic modeling of the total cfDNA, and even less on fragment size-structured
dynamics. Using Markov chain modeling to describe cfDNA fragmentation and
simulate size distributions, Tsui et al. demonstrated that the elimination of cfDNA
fragments depends on their size, with smaller fragments being cleared more easily
from the circulation than longer ones®. However, no existing model has integrated

size-dependent cfDNA concentrations with TK.

This study presents the first mechanistic model of joint TK — size-structured cfDNA
dynamics. We relied on longitudinal cfDNA size distribution data by grouping the
fragments into two groups: short fragments — corresponding to mono-, di-, and tri-
nucleosomal fragments and mainly resulting from apoptosis® — and long fragments
mainly resulting from necrosis3'. We had two primary objectives: 1) to quantitatively
elucidate the biological mechanisms underlying cfDNA release and elimination and 2)
to assess the predictive ability for progression of early, on-treatment data of the

dynamics of the cfDNA fragmentome.
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METHODS

Study design and patient population
The Size CfDNA Immunotherapy Signature Monitoring (SChISM) clinical study has

been introduced and comprehensively described previously®?. Briefly, SChISM is a
prospective, non-interventional clinical study that aims to investigate cfDNA as a
predictive tool in 337 patients with metastatic and/or recurrent NSCLC, head and neck
squamous cell carcinoma (HNSCC), clear-cell renal cell carcinoma (ccRCC), urothelial
carcinoma (UC), and melanoma initiating treatment with ICls as standard care. cfDNA
samples were collected before each cure of ICI until the first imaging evaluation, then
every two cycles for one year, and at recurrence. The study cohort was limited to
patients with complete data and adequate follow-up for longitudinal modeling.
Exclusions included melanoma diagnosis (i.e., non-carcinoma, n = 110), non-
evaluable disease status (n = 43), insufficient follow-up data (n = 58), missing tumor
size data (n = 10), and elevated cfDNA concentration (> 1000 pg/uL at one timepoint)
(n=4).

Blood collection and cfDNA quantification

Blood samples (Roche cfDNA Collection Tube) were processed through two
centrifugation steps to isolate plasma and remove cellular debris. The plasma was then
aliquoted and frozen at -80°C for storage. Plasma was analyzed by Adelis
Technologies (Labege, France), using the BIABooster device for size profile
characterization of cfDNA. cfDNA was analyzed using capillary electrophoresis with
fluorescence detection. The system concentrated DNA fragments while removing salts
and proteins, then separated fragments by size (75-1650 base pairs (bp) range) with
10 fg/uL sensitivity33.

Variables

Clinical and biological data were prospectively collected for each patient included in
the study. Collected variables included age, sex, Eastern Cooperative Oncology Group
(ECOG) performance status, tumor type (NSCLC, HNSCC, ccRCC, or UC), and
disease stage at the time of immunotherapy initiation (metastatic and/or recurrent).
Treatment response was assessed every three months using contrast-enhanced
computed tomography (CT) scans, interpreted according to iRECIST criteria®. The sum

of the largest diameters (SLD) of target lesions was computed from these CT scans.

7
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The date of radiological progression, when applicable, was recorded, as well as the
date of last follow-up or death for survival analyses. In addition, routine laboratory
parameters were collected at baseline and during follow-up. The neutrophil-to-
lymphocyte ratio (NLR) was calculated for each patient and selected as a nonspecific
serum biomarker that has been extensively studied as both a prognostic and predictive

factor in the context of immunotherapy3+3.

One cfDNA curve is defined as the concentration of fragments in pg/pL according to
the fragment size in bp (Figure 1A). Three quantitative variables were derived from

each curve for longitudinal modeling, based on different ranges of size:

- The total concentration D, defined as the area under the cfDNA curve between 75
and 1650 bp and computed by the trapezoid method.

- The concentration in pg/uL of short cfDNA fragments measuring between 75 and
580 bp, denoted as Ds.

- The concentration in pg/pL of short cfDNA fragments measuring between 580 and
1650 bp, denoted as D, .

The threshold between short and long fragments was arbitrarily set at 580 bp. It
corresponds to the boundary after the first three peaks in cfDNA size profiles, which

represent DNA fragments typically released through apoptosis?3.

Moreover, this threshold allowed to distinguish between two quantities that vary

differently over time, enabling meaningful analysis of their distinct patterns.

Longitudinal modeling

A mechanistic model was developed to jointly describe the dynamics of global cfDNA
concentration short fragments Ds and long fragments D, of cfDNA with tumor size T under
immunotherapy (Figure 1B). Short fragments arise from apoptosis®, while longer
fragments (genome-wide) originate from necrosis®', though these are less abundant in
plasma3. CfDNA clearance occurs primarily through hepatic, splenic, and renal
mechanisms3¢:3’. However, the precise elimination kinetics remain poorly understood,
with conflict evidence regarding cfDNA clearance saturation®® and its dependence with
fragment sizes30. Active secretion processes can release fragments of variable sizes
(~100 bp to >10 Kbp)3® via extracellular vesicle formation for cellular homeostasis
maintenance, or through micronuclei release during replication error correction,

particularly in patients with chromosomal instability=°.
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Thus, the model relied on the following biological assumptions:

- tumor cells (assimilated to the sum T(t) of largest diameters of all lesions)
comprise two sub-populations: cells sensitive to treatment (Ts) and resistant ones
(Tg), governed by first ordered kinetics driven by a shrinkage parameter  and a
regrowth parameter a.

- Short fragments (Dg) are proportionally released, via a rate A (expressed in pg.uL-
T.mm-"), through:

o Cancer cells (T) proliferation, through active secretion.
o Treatment-sensitive cancer cells (Tg) death, through apoptosis?.

- Long fragments D, are proportionally released, via a rate A, (expressed in pg.uL-
T.mm-"), through:

o Cancer cells (T) proliferation, due to active secretion and/or necrosis of the
tumor microenvironment.
o Treatment-sensitive cancer cells (T) death, through necrosis.

- Short fragments are linearly cleared from the circulation at a clearance rate kp_

(expressed in month™).

- Long fragments are linearly cleared from the circulation at a clearance rate kj,

(expressed in month™').

%za-TR
%={a-Ts, ift<o
dt ~Wa—B).Ts, ift=0

Tg, = Tr(to)

Ts, = Ts(to)

T =T+ Th

s = hs- (@ T +B-T5) —kp, - Dy
%:AL'((I'T-FB'TS)_ICDL'DL
Ds, = Ds(to)
D, = Dy(to)

where t = 0 denotes treatment initiation, and T, Ts,, Ds,, and D, are the initial

observations of Ty, Ts, Dg, and D, , respectively, at time t,.

Statistical model
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The parameters were identified using non-linear mixed effects modeling to account for
inter-individual variability. Let M '(t; 6) be a structural model depending on time t and

a set 0 of parameters. Then,
yij = M(tij;6;) + €
where y is observed data belonging to {T, D, D5, D, }, y;; is the j-th measurement of the

i-th patient observed at time ¢;;, 6; € RP is the set of p individual parameters of the

JE
patient i, and Eij~N(M, aij) is the residual error model. Individual parameters 6; =
{6%,...,67} were assumed to follow a log-normal distribution, described by a fixed

population parameter 6 and a random effect n; to account for inter-individual

pop
variability:
In(8;) = ln(onp) +n;, ;~N(0,w?)

A constant error model was applied to T (el-j~]\f(1,a2)), whereas a proportional error
model was applied to D, Ds, and D, (e;;~N (0, (b - M (ty; Bi))z)).
The complete vector of population parameters y was then extended to
¥ = (Bpop, w, a, b)
Model calibration and selection

Population parameters i of each structural model were identified by computing the
maximum likelihood estimation using the Stochastic-Approximation Expectation

Maximization algorithm“° through Monolix software version 2023R1.

Tumor population parameters (Ts,, Tg,, @, and §) were first identified from radiological

report data, independently from cfDNA observations. They were secondly fixed in the
complete joint cfDNA-TK model (Figure 1C).

Model was selected based on parameter identifiability (< 50% relative standard errors
(RSEs) of population parameters y) and minimal corrected Bayesian Information

Criterion (BICc) minimization*!:

BICc = —2LLy () + dim(Bg) - log(N) + dim(6p) - log (Z ni)

l
where £,,(3) is the likelihood, N is the number of patients, 65 represents the number

of random effects, and 8, the number of fixed effects.

10
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Individual empirical Bayes estimates were finally re-identified using only first 6 weeks
data from patients who had not progressed during this period, with fixed prior given by

the population parameters from the full kinetics model.

Survival analysis

To prevent immortal time bias due to model-based parameters calculated from post-
baseline data, we used landmark analysis*2. We selected 6 weeks as a landmark time
point — corresponding to a minimum of two treatment cycles for most patients — and
defined PFS6 as the post-6 weeks PFS. PFS6 was computed as the time from 6 weeks
after treatment initiation to disease progression, death or last follow-up, whichever
occurred first. Progression date was defined as the date of disease progression based
on the iIRECIST criteria.

All statistical calculations were performed using R version 4.4.0. Classical statistical
modeling was conducted for association with PFS6 using Cox proportional hazard
regression as implemented in the survival::coxph 3.8.3 function. Regressions were
adjusted for established prognostic clinical confounding variables: age, sex, ECOG
performance status, primary tumor origin and NLR. Multivariable Cox models including
either these clinical variables or these plus candidate additional biomarkers were
considered as predictive models and assessed by calculating the C-index using the
Hmisc::rcorr.cens 5.2.3 function. Survival was displayed using the Kaplan-Meier
estimated curves (survival::survfit 3.8.3). To optimally split patients into short and long
survivors based on continuous features, the function survminer::surv_cutpoint 0.5.0
was used, which maximizes the log-rank statistic. A minimum proportion of 20% of

patients per group was enforced.

11
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RESULTS

Patient characteristics

The cohort included 112 patients suffering from advanced or metastatic carcinoma of
multiple primary origin: UC (n = 8), HNSCC (n = 28), ccRCC (n = 13), or NSCLC (n =
63) (Table S1). Patients received either first- or second-line immunotherapy, most
frequently pembrolizumab or nivolumab, with some in combination with chemotherapy
or targeted therapy (Table S1). Pre-treatment SLD measurements were available for
95% of the cohort. The median PFS was 9.9 months [95% confidence interval (Cl):
7.0-NA] months, with 52% of patients progressing for a median follow-up of 18.7
months (Table S1).

Tumor imaging was available with a median of 2 assessments per patient (range: 1-
10), yielding a total of 295 tumor imaging, whereas cfDNA size profile quantification
was performed with a median of 7 assessments per patient (range: 1-20), yielding a
total of 907 cfDNA samples. Focusing on data available only at 6 weeks of treatment,
tumor imaging was available once in 54 patients and twice in 39 patients.
Quantification of the cfDNA size profile was available with a median of 3 assessments
per patient (1 timepoint, n = 2; 2 timepoints: n = 25; 3 timepoints, n = 54; 4

timepoints, n = 12), with a total of 262 cfDNA samples.

Tumor and cfDNA dynamic patterns

TK patterns varied widely among patients, mostly showing simple patterns of tumor
growth or shrinkage (Figure 2A, Figure S1). Some patients also experienced an initial
tumor shrinkage before subsequently progressing (n = 22). Two patients showed high
tumor burden increase at treatment initiation (hyperprogression), and one patient
demonstrated initial growth followed by treatment response (pseudoprogression).
Total, short, and long cfDNA fragments also demonstrated high inter- and intra-patient
variability over time. The concentration of all fragments ranged from 2.19 to 636.54
pg/uL, with a median of 13.47 pg/uL, (Figure 2B) samples >100 pg/uL. Twenty-three
patients showed an initial spike in cfDNA levels at treatment initiation, followed by
stabilization at lower levels, whereas other patients showed cfDNA spikes later during
treatment (Figure S1). Most released fragments were approximately 166 bp and short
fragments corresponded to 73% [range: 39-81%] of the total fragments, with a median

concentration of 9.79 pg/uL [range: 1.38-512 pg/uL] (Figure 2C). Long fragments had

12
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a smaller median concentration of 1.17 pg/uL [range: 0.19-44.63], with only 11
samples exceeding 10 pg/pL (Figure 2D). Moreover, long fragments did not follow the
same temporal patterns as short fragments (Figure S1). Long fragments generally
displayed concordant directional trends with short fragments, though with differing
amplitudes; moreover, their dynamics occasionally diverged, in a way that increases

in long fragments coincided with decreases in short fragments, or vice versa.

Mechanistic modeling of the joint tumor — size-dependent cfDNA kinetics

We developed a mechanistic model to jointly describe TK and size-structured short
and long cfDNA fragment kinetics. The TK model and parameters were calibrated to
the TK data.

The model was able to accurately describe non-trivial cfDNA kinetics (Figure 3A,
Figure S2). Notably, it captured both steady trends and transient spikes at treatment
initiation, observed in short and/or long fragment dynamics (e.g., patient 3, Figure 3A).
It was also able to capture contrasting kinetic patterns between short and long
fragments (e.g., a short fragment decrease with a long fragment increase in patient 2;

or an initial short fragment decrease with an initial long fragment increase in patient 4).

Goodness-of-fit diagnostics indicated no model misspecification, supporting the
adequacy of the model for jointly describing the observed tumor size dynamics to
cfDNA concentration ones (Figure 3B-D). Individual conditionally weighted residuals
of TK were centered around zero (Figure 3C-D), with an estimated residual error of 7.8
mm (Table 1A). However, the cfDNA ones displayed a small rightward skew, indicating
a potential under-estimation of cfDNA data for all fragments, especially long ones
(outlier proportion of 6.39% and 13% for short and long fragments, respectively, Figure
3B). Additionally, the population maximum likelihood estimation indicated a 45% and
57% discrepancy between the fits and the data for the short and long fragments,

respectively (Table 1B).

All population parameter RSEs were below 19% and absolute correlations of the
population parameter estimates did not exceed 0.31, indicating good parametric
identifiability. A condition number of 3.46 further confirmed the model was not over-

parameterized.

Quantitative insights into cfDNA biology

13
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The mechanistic nature of the model allowed to derive quantitative parameters relative
to the biology of cfDNA tumor release and elimination kinetics. Proliferative and dying
cells were assumed to release cfDNA at the same shedding rate (45 and 4, for short
and long fragments, respectively), meaning that any change in the tumor cell
population was converted into cfDNA release similarly. The shedding rate of small
fragments was estimated to 0.46 pg.uL".mm, 7.4 times larger than for long fragments
(Table 1B).

Important inter-patient variability was identified for Ag and kj., with coefficients of
variation of 240% and 250%, respectively (Table 1B), being both approximately 3 times
higher than the variability of the baseline short fragment concentration. Similarly, 4,
and kp, showed coefficients of variation of 110% and 140%, respectively, being
approximately 1.7 and 2.2-fold higher than the variability of the baseline long-fragment

concentration.

We found moderate correlation of Ag with 1, (r = 0.52, p < 0.0001, Figure S4) and

significant mean difference (Student's t-test, p <0.0001). k,, and kj, showed

moderate correlation (r = 0.5, p < 0.001) and significant difference (Student's t-test,
p < 0.001).

An early on-treatment model-derived parameter predicts progression-free

survival beyond 6 weeks

With population parameters held constant, individual parameters were re-estimated
using data from the first six weeks of treatment for patients who had not progressed

during this period (n = 93). Tumor kinetics parameters were associated with post-6

weeks PFS (PFS6, 7 C-Index = 0.64, HR: 1.6 [95% CI: 1.1-2.2], p = 0.02, Table 2,

Figure 4AB), although with a wide confidence interval, reflecting the small number of

patients with more than one measurement (n = 39). The ratio :—5 was also significantly
Ds

associated with shorter PFS6, even after adjusting for confounders, notably baseline
NLR (HR: 1.6 [95% CI: 1.2 — 2.2],p = 0.001, Figure 4AB). Critically, this ratio provided
predictive value beyond established prognostic variables. The multivariable Cox
model, which achieved a C-index of 0.78 [95% CI: 0.73-0.89] when including only the

clinical variables, significantly increased to 0.80 [95% CI: 0.74-0.90] after adding k’l—s
D

N

(one-tailed paired t-test p < 0.0001).

14
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Individual patient trajectories further illustrate the predictive potential of cfDNA-derived

model-based parameters (Figures 4C-S3). The optimal cutpoint for splitting PFS6

Kaplan-Meier curves (Figures 4B) was determined as c¢; = 0.36 for :—S This ratio was
Dg

above cs in patients 5 and 6, both of whom progressed within 3 months of treatment.

In contrast, patient 7, who progressed later at 8 months, and patient 8, who had not

progressed at 8 months, showed consistent values of == below the identified cutpoints

A
kDS

(Figure 4C).
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DISCUSSION

This study provides the first mechanistic modeling integrating tumor kinetics with size-
dependent cfDNA fragment dynamics under treatment (here, immunotherapy). The
framework was able to accurately describe both short and long fragment dynamics,
including non-trivial features such as transient cfDNA spikes at treatment initiation in
short and/or long fragments. The identifiability of model parameters enabled validation
of underlying biological assumptions, supporting a size-dependent release and
clearance of cfDNA fragments. Furthermore, a model-derived parameter — identifiable
for individual patients from early on-treatment data — was associated with PFS early

on-treatment, highlighting the model’s potential for therapeutic management.

The NLME mechanistic mathematical modeling approach provides multiple
advantages: 1) it allows determination of parameters integrating the entire kinetics
(instead of time-dependent snapshots); 2) these parameters have physiological
meaning; 3) the model fit allows smoothening of measurement errors, leading to
decreased variance, stronger robustness and, in fine, better predictions (as shown
previously?®) and 4) the NLME population approach makes it possible to derive

individual estimates from early on-treatment data through Bayesian estimation.

In this model, we distinguished between two size ranges of cfDNA fragments
(threshold at 580 bp) to capture the two main shedding processes: apoptosis and
necrosis. We considered the simplifying assumption that tumor cell death and
proliferation contributed equally to cfDNA release in the circulation. In a preliminary
version of the model, we had allowed for distinct shedding rates depending on whether
cells proliferated or died, but this resulting in parametric non-identifiability. Moreover,
the significant difference between k,. and kj , along with their weak correlation,
indicates size-dependent clearance mechanisms, supporting previous results from
stochastic modeling of cfDNA fragmentation processes?°. Unexpectedly, we observed

a higher elimination rate for the long fragments (sz,,op = 0.36 months™' versus kDLpop =

0.49 months™, Table 1). This contradicts previous reports that long fragments are less
efficiently cleared by kidneys*3, though it has only been proven for single-stranded
DNA. This discrepancy could be explained by the predominance of double-stranded
DNA, and nucleosome-bound fragments — mainly cleared by the liver** —, or by

additional fragmentation by nucleases within the circulation, causing the concentration
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of long fragments to decrease while the one of short fragments to increase. In early
versions of the model, we considered incorporating a fragmentation process in which
long fragments break down into short ones. This approach was ultimately discarded,
because no effective fragmentation term was parametrically identifiable on the time
scale of the available data (every 2—3 weeks), as longer fragments are continuously
degraded in the circulation by nuclease activity. Collecting cfDNA data at a finer time
scale could enable integration and better characterization of such a fragmentation

process.

Short fragments release during the first six weeks of treatment was significantly
associated with post-6 weeks PFS. These fragments comprise the first three peaks in
cfDNA size profiles and correspond to mono-, di-, and tri-nucleosomal fragments and
are primarily released through apoptosis®. This form of programmed cell death process
involves cfDNA fragmentation through nuclease activation within cell nucleus, which
cleaves nucleotides around histones and leads to these characteristic patterns. This
association likely reflects how treatment-sensitive tumor cells respond to
immunotherapy, indicating that short fragment dynamics at treatment initiation may
serve as a systemic surrogate marker of response by quantifying the proportion of cells
undergoing apoptosis. Crucially, this information is readily obtainable from plasma
samples, offering a cost-effective, accessible, and frequently measurable approach to
monitor emerging treatment resistance. Notably, this parameter could only be derived
through mechanistic modeling and no predictive kinetic parameter was found from the
raw data or through simpler, empirical, modeling approaches. In clinical practice, this
tool could inform adaptive therapeutic strategies, such as accelerating imaging-based
response assessment or, in conjunction with other factors like treatment intolerance,

redirecting patients toward alternative therapies.

Despite these strengths, our work also presents some limitations. This study only
considered general tumor growth and shrinkage, by calibrating the model on the SLD
of all lesions, without considering individual lesion kinetics. Future work could go
further on the modeling of individual lesions following recent advanced by Kerioui et
al.*54® and, possibly, organ-specific shedding rates. Conversely, the current model still
relies on (limited) tumor size imaging assessments. Further research will explore the
predictive value of a model relying on cfDNA data only. Moreover, cfDNA release was

modeled as tumor-driven only, whereas white blood cells have been shown to release
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from 55% of the cfDNA in healthy individuals (32% granulocytes, 11% monocytes and
12% lymphocytes)* to 76% in cancer patients*®. This omission may explain the
overestimation of long-fragment spikes observed later during treatment in some
patients (e.g., patient 7 at ~3 months, Figure 3). Integrating immune cell kinetics (e.g.,
neutrophils, lymphocytes) would surely improve long cfDNA fragment estimation.
Methodologically, early on-treatment parameter estimation was performed on the
same cohort used for population calibration, restricted to patients who did not progress
during the considered period. This highlights the need for independent validation in
future cohorts. Moreover, PFS has been considered the primary endpoint, but
additional outcomes could be explored in the future, such as OS. More advanced
statistical approaches, such as joint modeling*® could be explored to improve accuracy
and account for informative dropout (early study exit because of early progression or
death). Finally, only univariable predictive models have been explored here.
Multivariable analysis, integrating pre-treatment and early on-treatment model-based
parameters with clinical and biological covariates, could be further explored, using,
e.g., machine learning frameworks’. These could improve treatment response

prediction and go deeper in the use of cfDNA as biomarker of treatment monitoring.

Altogether, this study demonstrates that mechanistic modeling of size-dependent
cfDNA fragments provides biological insights and early predictive markers of ICI
response, highlighting the causal role of tumor dynamics on cfDNA concentrations by
size. Beyond its immediate clinical applications, this approach opens the way for digital
twin models in oncology, enabling in silico testing of hypotheses about cfDNA release
and clearance, e.g., simulating the effect of therapeutic interventions targeting the
tumor on cfDNA kinetics, and potentially guiding clinical trial design. With further
validation and integration of immune system dynamics, mechanistic cfDNA models

could become powerful tools for precision immuno-oncology.
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478 FIGURES

479  Figure 1: Mechanistic modeling of joint cfDNA-tumor kinetics
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481 (A) cfDNA size profile of one patient prior to treatment. Both x- and y-axes are
482 displayed on logarithmic scales. The concentration (area under the curve) of short
483 fragments (75-580 base pairs (bp) is shown in green, while the concentration of long
484  fragments (580-1650 bp) is shown in blue. (B) Joint cfDNA-TK model schematics.
485  Tumor cells proliferate at a rate of a. Treatment-sensitive tumor cells die at a rate of S.
486 cfDNA fragments are categorized as either short or long. Both fragment types are
487 released by proliferating and dying cells, at size-specific rates (1 and 4,, respectively).
488 Fragments are proportionally cleared at size-dependent rates (kp. and kp, ). (C)

489  Sequential parameter estimation framework.
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Figure 2: Spaghetti plots of tumor and cfDNA kinetics
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size kinetics for all 112 patients of the cohort, represented by the sum of largest
diameters (SLD) of all lesions, in millimeters (mm). (B-D) Concentration (area under
the size profile) of all fragments (75-1650 base pairs (bp), B), short fragments (75-580
bp, C), and long fragments (580-1650 bp, D). All panels use a logarithmic scale on the

y-axis.
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Figure 3: The joint size-dependent cfDNA-tumor kinetics model accurately fits

size-dependent cfDNA kinetics
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(A) Individual model fits for 4 patients using the joint size-dependent cfDNA-TK model.
Top panels: variable T, representing tumor size kinetics, in red. Data points are the
observed sum of largest diameters (SLD) of all lesions, in millimeters (mm). Middle
panels: variable D, representing short fragment kinetics, in green. Data points are the
observed cfDNA concentration of short fragments (75-580 base pairs (bp)). Bottom
panels: variable D;, representing long fragment kinetics, in blue. Data points are the
observed cfDNA concentration of short fragments (5680-1650 bp). (B-D) Goodness-of-
fit diagnostic plot for tumor (red), short fragment (green), and long fragment (blue)
kinetics. (B) Individual predictions vs. observations. Outliers are defined as predictions
outside of the 90% prediction interval. (C) Individual predictions vs. individual weighted
residuals (IWRES). e-shrinkage represents the information on residual variability and
is defined as (1 — g;ygres) X 100, where ores is the standard deviation of the
IWRES®. Informative data lead to an e-shrinkage close to 0%, whereas non-
informative data will result in e-shrinkage values approaching 100%. (D) Empirical

IWRES distribution. Dotted lines represent the theoretical probability density function.
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Figure 4: Short fragment-based parameters estimated early during treatment are

associated with longer PFS
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(A) Cox proportional hazards regression results for the best model-derived parameters
estimated from early on-treatment kinetics (within 6 weeks of therapy), displayed
through forest plot of the hazard ratios and their 95% confidence interval (ClI).
Corresponding C-index are displayed on the right of the forest plots. (B) Kaplan-Meier
curves of progression-free survival stratified by model parameters. The log-rank test
p-value and the optimal threshold used to separate patients with long vs. short

progression-free survival (see Methods) are shown. (C) Early on-treatment individual
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model fits for four patients using the joint size-dependent cfDNA-TK model, estimated
using data available at 6 weeks of treatment. Patients 5 and 6 progressed before 3
months, while patient 7 progressed at 8 months and patient 8 did not progress. Top
panels: variable T, representing tumor size kinetics, in red. Data points are the
observed sum of largest diameters (SLD) of all lesions, in millimeters (mm). Middle
panels: variable Dg, representing short fragment kinetics, in green. Data points are the
observed cfDNA concentration of short fragments (75-580 base pairs (bp)). Bottom
panels: variable D;, representing long fragment kinetics, in blue. Data points are the

observed cfDNA concentration of short fragments (580-1650 bp).
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TABLES

Table 1: Population parameters of the joint size-dependent cfDNA-TK model

(A) (B)
TK model Joint model
STOCHASTIC STOCHASTIC
APPROXIMATION APPROXIMATION
RSE. R.S.E.
uNIT VALUE C.V.(%) S.E. (%) uNIT VALUE C.V.%) S.E. (%)
FIXED EFFECTS FIXED EFFECTS
Opop ~ month™ 0.12 0.019 i Ds,, v&-uL’ 11 0.99
Bpop ~ month™ 0.38 0.043 . Di,. vs-ub 13 0.11
‘pop
Tﬂjm mm 7.8 1.5 1 AS}W pg-pL™' - mm~* 0.46 0.074
TS“M mm 48 4.5 ALM' pg-puL ' mm* 0.062 0.0075
STANDARD DEVIATION OF THE RANDOM EFFECTS kD, month! 0.36 0.064
pop

Wer 0.87 110 0.12 ' kDLW month ! 0.49 0.071

wp 0.79 8 on ' STANDARD DEVIATION OF THE RANDOM EFFECTS
W, 0.96 120 0.16 . wpy, 0.68 77 0.078
wry, 0.88 110 0.069 . wp, 0.59 65  0.069
ERROR MODEL PARAMETERS n 14 240  0.12

. . .
“ o 78 059 W, 082 110  0.075
Wk, 1.4 250 0.3
Wy, 1.1 140 0.1
ERROR MODEL PARAMETERS
bsaorr 0.45 0.014
arTK mm 7.8

brong 0.57 0.019

(C.V.: coefficient of variation, defined as 100 - /exp(wg) — 1. S.E.: standard error.

R.S.E.: relative standard error. TK: tumor kinetic.)
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Table 2: Cox proportional hazards regression results

EARLY KINETICS (6 WEEKS)

VARIABLE LEVEL N C INDEX HR SIGNIF

MODEL-BASED PARAMETERS

f; 93 0.64 1.6 (1.1 —2.2) **
AS *k
kog 93 0.59 1.6 (1.2 —2.2)

As 93 0.57 1.6 (1.2 —2.1) ok

CLINICAL AND BIOLOGICAL VARIABLES

Pathology NSCLC (reference) 93
HNSCC 0.66 6.6 (2.8 — 15) o
ccRCC 0.66 2(0.74 — 5.6) n.s.
uc 0.66 3.6 (0.88 — 15) n.s.
NLR 84 0.63 1.2(0.82 —1.9) n.s.
Sex female (reference) 93
male 0.61 46 (1.6 — 14) *
ECOG 0 (reference) 93
2+ 0.56 1.5 (0.58 — 3.8) n.s.
1 0.56 0.6 (0.27 — 1.4) n.s.
Age 93 0.50 0.88 (0.61 — 1.3) n.s.

Results are displayed for the model-based parameters derived from early on-treatment

kinetics (within 6 weeks of therapy) and the clinical pre-treatment variables.

(ccRCC: clear cell renal cell carcinoma; HNSCC: head and neck squamous cell
carcinoma; HR: hazard ratio; MV: multivariable; NSCLC: non-small cell lung cancer;

OR: odds ratio; UC: urothelial carcinoma; UV: univariable)

(Significance: ****: p-value < 0.0001; ***: p-value < 0.001; **: p-value < 0.01; *: p-value

< 0.05; n.s.: non-significant, > 0.05)
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SUPPLEMENTARY

Figure S1: Exploratory longitudinal data analysis
See PDF

Figure S2: Individual fits — estimation from full kinetics

See PDF

Figure S3: Individual fits — estimation from early kinetics

See PDF

Figure S4: Correlation of model-based parameters
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Pathology
Overall uc HNSCC ccRCC NSCLG

Variable N=112' N=8' N =28 N=13' N =63 p-value®
Sex 09
Female 31 (28%) 1 (13%) 8 (29%) 4 (31%) 18 (29%)
Male 81 (72%) 7 (88%) 20 (71%) 9 (69%) 45 (71%)
Age (years) 64 (11) 71(9) 66 (9) 58 (14) 63 (11) 0,10
Treatment’
Atezolizumab 1 (0,9%) 0 (0%) 0 (0%) 0 (0%) 1(1,6%)
Nivolumab 26 (23%) 0 (0%) 20 (71%) 0 (0%) 6 (9.5%)
Nivolumab + Ipilimumab 2(1,8%) 0 (0%) 0 (0%) 2 (15%) 0 (0%)
ther\;lé:.‘r:‘c;lrumal:) + targeted 4(3,6%) 0(0%) 0 (0%) 4 (31%) 0 (0%)
Pembrolizumab 27 (24%) 7 (88%) 2(7,1%) 2 (15%) 16 (25%)
chsgg@g‘;ﬁrmab + 45 (40%) 0 (0%) 5 (18%) 0 (0%) 40 (63%)
targ:{gg'&'g:gfb * 7 (6,3%) 1 (13%) 1 (3,6%) 5 (38%) 0 (0%)
Treatment line <0,001
1 91 (81%) 3 (38%) 19 (68%) 13 (100%) 56 (89%)
2 21 (19%) 5 (63%) 9 (32%) 0 (0%) 7(11%)
CPS (%) 06
[1, 20 7 (39%) 0 (0%) 7 (41%) 0 (-%) 0 (-%)
<1 5 (28%) 0(0%) 5 (29%) 0 (%) 0 (%)
>=20 6 (33%) 1 (100%) 5 (29%) 0 (-%) 0(-%)
Missing 94 7 1 13 63
TPS (%) >0,9
[1, 50[ 20 (35%) 0 (-%) 0 (-%) 0 (-%) 20 (35%)
<1 14 (25%) 0 (-%) 0(-%) 0 (-%) 14 (25%)
>= 50 23 (40%) 0 (%) 0 (-%) 0 (-%) 23 (40%)
Missing 55 8 28 13 6
NLR 4,5(3,7) 4,2(2,2) 7,3(5,3) 27(1,2) 3,6 (2,3) 0,004
Missing 10 0 2 1 7
SLD (mm) 67 (50) 49 (42) 39 (23) 99 (59) 74 (52) 0,001
Missing 3 0 1 0 2
Mutations”
KRAS 24 (63%) 0 (0%) 0 (0%) 0 (-%) 24 (67%)
TP53 24 (71%) 1 (100%) 1 (100%) 0 (-%) 22 (69%)
Early progression’ <0,001
0 76 (68%) 3 (38%) 12 (43%) 10 (77%) 51 (81%)
1 36 (32%) 5 (63%) 16 (57%) 3 (23%) 12 (19%)
PFS (median) 9,9 (7,0, —) 2,9(24,6,8) 26(1,9, —) 9,6 (58, —) — (13, —) <0,001

"n (%); Mean (SD)

?Fisher's exact test; Kruskal-Wallis rank sum test; NA

? Immunotherapy combination and potential associated therapy

* Other hidden mutations are: EGFR (3), BRAF (4), CTNNB1 (1), ERBB4 (1), FGFR 3 (1), P13 KINASE (1), PDGFRA (1), PIK3CA (2), PTEN (4), RET (1), STK11 (1), TTF1 (1)
1, progression before 3 months of immunotherapy | 0, otherwise

(ccRCC: clear cell renal cell carcinoma; CPS: combined positive score; HNSCC: head
and neck squamous cell carcinoma; NLR: neutrophil-to-lymphocyte ratio, NSCLC:
non-small cell lung cancer; PFS: progression-free survival; SLD: sum of the longest

diameter of the lesions; TPS: tumor proportion score; UC: urothelial carcinoma;)
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