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ABSTRACT 19 

Background  20 

Plasma cell-free DNA (cfDNA) shows promise as predictive cancer biomarker, but 21 

mechanisms governing cfDNA production/fragmentation/elimination dynamics, and 22 

their relationships with tumor burden and disease progression, remain poorly 23 

understood. 24 

Methods  25 

We developed a mechanistic model jointly describing short (75-<580 bp) and long 26 

(≥580-1650 bp) cfDNA dynamics alongside tumor kinetics in 112 advanced cancer 27 

patients receiving immune checkpoint inhibition, using a population approach.  28 

Results  29 

The model successfully described complex cfDNA patterns, including treatment-30 

initiation spikes. It revealed large inter-patient variability in kinetic cfDNA parameters, 31 

and a 7.4-fold higher shedding rate for short versus long fragments. A model-derived 32 

parameter from 6-weeks data — reflecting enhanced release or reduced elimination of 33 

short fragments — was significantly associated with progression-free survival (PFS) 34 

(HR=1.6 [95% confidence interval (CI): 1.2-2.2], 𝑝 = 0.001). Notably, adding this 35 

parameter to baseline clinical prognostic variables improved PFS prediction (C-index 36 

0.78 [95% CI: 0.73-0.89] vs 0.80 [95% CI: 0.74-0.90], 𝑝 < 0.0001). 37 

Conclusion  38 

Our model provides quantitative insights into cfDNA biology and offers a non-invasive 39 

way to monitor and predict resistance before imaging.  40 

 41 

Keywords: cell-free DNA; fragmentome; size profile; biomarker; mechanistic 42 

modeling; immune-checkpoint inhibition. 43 

  44 
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Author Summary 45 

Using an ordinary differential equation system, we modeled the kinetics of both short 46 

(75–580 bp) and long (580–1650 bp) cfDNA fragments during immunotherapy, 47 

assuming that variations in cfDNA largely arise from tumor-derived release through 48 

chaotic apoptosis, necrosis, and active secretion. Using a nonlinear mixed-effect 49 

statistical framework on clinical data, this first mechanistic model of the joint size-50 

dependent cfDNA and tumor dynamics was identifiable, provided quantitative insights 51 

of both short and long fragment biology, and captured complex cfDNA patterns, 52 

including the initial spike often observed at treatment onset, which may reflect rapid 53 

immunotherapy-induced tumor shrinkage.  54 

We then applied a landmark analysis strategy using data available at six weeks to 55 

assess associations with progression-free survival (PFS). Notably, we identified a 56 

significant association between the short-fragment release rate and shorter PFS. 57 

Overall, this mechanistic modeling approach shows promise for leveraging longitudinal 58 

cfDNA fragment sizes to monitor immunotherapy response, particularly to guide early 59 

treatment-discontinuation decisions.  60 
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INTRODUCTION 61 

Through the last decades, circulating cell-free DNA (cfDNA) has demonstrated high 62 

potential as a promising biomarker for treatment monitoring through liquid biopsy 63 

approaches. This methodology offers several advantages over traditional tissue-based 64 

assessments: it provides access to systemic biological information, catching both 65 

tumor and wild-type data, reflects intra- and inter-tumor genetic heterogeneity, and 66 

enables frequent, non-invasiveness, and cost-effective sampling throughout treatment. 67 

Study of cfDNA fragmentation patterns, known as fragmentomics1, has emerged as an 68 

important area of research  for understanding tumor biology and immune system 69 

function, while offering clinical applications for disease detection and therapy 70 

monitoring2. In particular, the size distribution profile of cfDNA fragments presents 71 

interesting characteristics, with sharp peaks at the base pair positions corresponding 72 

to k-nucleosomes (e.g., released fragments from mono-nucleosomes have a typical 73 

size of 166 base pairs)3. 74 

In oncology, immune checkpoint inhibitors (ICI) have revolutionized cancer treatment, 75 

significantly improving survival outcomes for patients with advanced malignancies over 76 

the last two decades. However, 20 to 40% of patients fail to respond to 77 

immunotherapy4, experiencing disease progress, or developing immune-related 78 

adverse events. This therapeutic variability has made the understanding of biological 79 

dynamics of ICI response and its prediction early on-treatment the most pressing 80 

challenges in the last years.  81 

Conventional approaches to monitor ICI response face several critical limitations. 82 

Current imaging-based assessments through iRECIST criteria (Response Evaluation 83 

Criteria in Solid Tumors)5 provide static evaluations, preventing quick individualized 84 

therapeutic adaptation. Established predictive biomarkers, including Programmed 85 

Death-Ligand 1 (PD-L1) protein expression and Tumor Mutation Burden (TMB), 86 

require invasive tissue biopsies, that cannot be performed frequently. Furthermore, 87 

these methods demonstrate limited standardization and poor predictive accuracy of 88 

resistance, with positive predictive values (PPV) of 34 and 42%, respectively, in multi-89 

cancer contexts6. In contrast, the cfDNA fragmentome offers a non-invasive, cheap 90 

and promising source of biomarkers to predict and monitor response / resistance. 91 
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Most investigations have concentrated on pre-treatment cfDNA analysis to enable 92 

early treatment adjustments7. While many studies have focused on circulating tumor 93 

DNA (ctDNA) characteristics, such as blood TMB, copy number instability, mutation 94 

burden8–10, several notable studies have accounted for global cfDNA parameters, such 95 

as global cfDNA concentration11, or fragmentome data12,13. Recently, Janke et al. 96 

found association between baseline fragment length alterations and PFS, 97 

outperforming and complementing PD-L1 protein expression in advanced non-small 98 

cell lung cancer (NSCLC) patients under immunotherapy14. Several studies have also 99 

assessed overall survival (OS) outcomes based on cfDNA features collected during 100 

treatment, including both absolute and relative to baseline measurements15–18. 101 

Notably, Assaf et al. were among the first to demonstrate a strong association between 102 

early changes of ctDNA as well as total cfDNA concentration and OS (7.53 vs. 25.2 103 

months in the progressors vs. stable/responder groups, C-index = 0.66) in NSCLC 104 

patients, using a machine learning framework19. 105 

While previous studies have highlighted pre- and on-treatment cfDNA markers, they 106 

treated these as static measurements rather than modelling the continuous temporal 107 

dynamics throughout treatment. Mechanistic modeling offers a powerful approach to 108 

represent underlying biological processes over time, enabling not only physiological 109 

interpretation and assessment of biological assumptions, but also providing 110 

computational markers potentially predictive of outcome. 111 

The first mechanistic models describing systemic quantities beyond pharmacokinetics 112 

in oncology were tumor growth inhibition models20. These relied on the successful 113 

population approach widely employed in pharmacometrics21. Modeling of other 114 

circulating biomarkers has also been proposed, including for treatment prediction 22,23. 115 

For instance, Netterberg et al. linked mean circulating tumor cell (CTC) counts to tumor 116 

growth in patients with metastatic colorectal cancer24, showing that CTC predictions 117 

from tumor size measurements via Poisson model outperformed tumor kinetics (TK) 118 

as OS predictors. In a recent study, we demonstrated that modeling kinetics of simple 119 

laboratory blood markers could enhance prediction of OS compared to TK alone25. 120 

However, few empirically-validated models have yet been proposed for cfDNA data. 121 

Avanzini et al. first employed mechanistic modeling to determine an optimal blood-122 

based screening frequency for cancer diagnosis based on cfDNA data 26. Janssen et 123 

al. developed a nonlinear mixed-effects model to describe EGFR mutation 124 
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concentrations in NSCLC patients receiving chemotherapy. The model’s predicted 125 

concentrations were found to be predictive of disease progression during treatment27. 126 

Li et al. recently proposed a stochastic approach modeling ctDNA release by tumor 127 

cells and elimination under targeted therapy or radiotherapy in NSCLC patients28. 128 

Ribba et al. developed the first joint ctDNA—TK model to assess atezolizumab 129 

response in NSCLC patients, incorporating a coefficient to link tumor size decay rate 130 

to the ctDNA growth rate29. Beyond the mere ctDNA, limited research has focused on 131 

mechanistic modeling of the total cfDNA, and even less on fragment size-structured 132 

dynamics. Using Markov chain modeling to describe cfDNA fragmentation and 133 

simulate size distributions, Tsui et al. demonstrated that the elimination of cfDNA 134 

fragments depends on their size, with smaller fragments being cleared more easily 135 

from the circulation than longer ones30. However, no existing model has integrated 136 

size-dependent cfDNA concentrations with TK. 137 

This study presents the first mechanistic model of joint TK – size-structured cfDNA 138 

dynamics. We relied on longitudinal cfDNA size distribution data by grouping the 139 

fragments into two groups: short fragments – corresponding to mono-, di-, and tri-140 

nucleosomal fragments and mainly resulting from apoptosis3 – and long fragments 141 

mainly resulting from necrosis31. We had two primary objectives: 1) to quantitatively 142 

elucidate the biological mechanisms underlying cfDNA release and elimination and 2) 143 

to assess the predictive ability for progression of early, on-treatment data of the 144 

dynamics of the cfDNA fragmentome.  145 
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METHODS 146 

Study design and patient population  147 

The Size CfDNA Immunotherapy Signature Monitoring (SChISM) clinical study has 148 

been introduced and comprehensively described previously32. Briefly, SChISM is a 149 

prospective, non-interventional clinical study that aims to investigate cfDNA as a 150 

predictive tool in 337 patients with metastatic and/or recurrent NSCLC, head and neck 151 

squamous cell carcinoma (HNSCC), clear-cell renal cell carcinoma (ccRCC), urothelial 152 

carcinoma (UC), and melanoma initiating treatment with ICIs as standard care. cfDNA 153 

samples were collected before each cure of ICI until the first imaging evaluation, then 154 

every two cycles for one year, and at recurrence. The study cohort was limited to 155 

patients with complete data and adequate follow-up for longitudinal modeling. 156 

Exclusions included melanoma diagnosis (i.e., non-carcinoma, n = 110), non-157 

evaluable disease status (n = 43), insufficient follow-up data (n = 58), missing tumor 158 

size data (n = 10), and elevated cfDNA concentration (> 1000 pg/µL at one timepoint) 159 

(n = 4). 160 

Blood collection and cfDNA quantification  161 

Blood samples (Roche cfDNA Collection Tube) were processed through two 162 

centrifugation steps to isolate plasma and remove cellular debris. The plasma was then 163 

aliquoted and frozen at -80°C for storage. Plasma was analyzed by Adelis 164 

Technologies (Labège, France), using the BIABooster device for size profile 165 

characterization of cfDNA. cfDNA was analyzed using capillary electrophoresis with 166 

fluorescence detection. The system concentrated DNA fragments while removing salts 167 

and proteins, then separated fragments by size (75-1650 base pairs (bp) range) with 168 

10 fg/µL sensitivity33. 169 

Variables 170 

Clinical and biological data were prospectively collected for each patient included in 171 

the study. Collected variables included age, sex, Eastern Cooperative Oncology Group 172 

(ECOG) performance status, tumor type (NSCLC, HNSCC, ccRCC, or UC), and 173 

disease stage at the time of immunotherapy initiation (metastatic and/or recurrent). 174 

Treatment response was assessed every three months using contrast-enhanced 175 

computed tomography (CT) scans, interpreted according to iRECIST criteria5. The sum 176 

of the largest diameters (SLD) of target lesions was computed from these CT scans. 177 
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The date of radiological progression, when applicable, was recorded, as well as the 178 

date of last follow-up or death for survival analyses. In addition, routine laboratory 179 

parameters were collected at baseline and during follow-up. The neutrophil-to-180 

lymphocyte ratio (NLR) was calculated for each patient and selected as a nonspecific 181 

serum biomarker that has been extensively studied as both a prognostic and predictive 182 

factor in the context of immunotherapy34,35. 183 

One cfDNA curve is defined as the concentration of fragments in pg/µL according to 184 

the fragment size in bp (Figure 1A). Three quantitative variables were derived from 185 

each curve for longitudinal modeling, based on different ranges of size: 186 

- The total concentration 𝐷, defined as the area under the cfDNA curve between 75 187 

and 1650 bp and computed by the trapezoid method. 188 

- The concentration in pg/µL of short cfDNA fragments measuring between 75 and 189 

580 bp, denoted as 𝐷𝑆. 190 

- The concentration in pg/µL of short cfDNA fragments measuring between 580 and 191 

1650 bp, denoted as 𝐷𝐿. 192 

The threshold between short and long fragments was arbitrarily set at 580 bp. It 193 

corresponds to the boundary after the first three peaks in cfDNA size profiles, which 194 

represent DNA fragments typically released through apoptosis3.  195 

Moreover, this threshold allowed to distinguish between two quantities that vary 196 

differently over time, enabling meaningful analysis of their distinct patterns. 197 

Longitudinal modeling 198 

A mechanistic model was developed to jointly describe the dynamics of global cfDNA 199 

concentration short fragments 𝐷𝑆 and long fragments 𝐷𝐿 of cfDNA with tumor size 𝑇 under 200 

immunotherapy (Figure 1B). Short fragments arise from apoptosis3, while longer 201 

fragments (genome-wide) originate from necrosis31, though these are less abundant in 202 

plasma3. CfDNA clearance occurs primarily through hepatic, splenic, and renal 203 

mechanisms36,37. However, the precise elimination kinetics remain poorly understood, 204 

with conflict evidence regarding cfDNA clearance saturation36 and its dependence with 205 

fragment sizes30. Active secretion processes can release fragments of variable sizes 206 

(~100 bp to >10 Kbp)38 via extracellular vesicle formation for cellular homeostasis 207 

maintenance, or through micronuclei release during replication error correction, 208 

particularly in patients with chromosomal instability39. 209 
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Thus, the model relied on the following biological assumptions:  210 

- tumor cells (assimilated to the sum 𝑇(𝑡) of largest diameters of all lesions) 211 

comprise two sub-populations: cells sensitive to treatment (𝑇𝑆) and resistant ones 212 

(𝑇𝑅), governed by first ordered kinetics driven by a shrinkage parameter 𝛽 and a 213 

regrowth parameter 𝛼. 214 

- Short fragments (𝐷𝑆) are proportionally released, via a rate 𝜆𝑆 (expressed in pg.µL-215 

1.mm-1), through: 216 

o Cancer cells (𝑇) proliferation, through active secretion.  217 

o Treatment-sensitive cancer cells (𝑇𝑆) death, through apoptosis3. 218 

- Long fragments 𝐷𝐿 are proportionally released, via a rate 𝜆𝐿 (expressed in pg.µL-219 

1.mm-1), through:  220 

o Cancer cells (𝑇) proliferation, due to active secretion and/or necrosis of the 221 

tumor microenvironment. 222 

o Treatment-sensitive cancer cells (𝑇𝑆) death, through necrosis. 223 

- Short fragments are linearly cleared from the circulation at a clearance rate 𝑘𝐷𝑆
 224 

(expressed in month-1). 225 

- Long fragments are linearly cleared from the circulation at a clearance rate 𝑘𝐷𝐿
 226 

(expressed in month-1). 227 

𝑑𝑇𝑅

𝑑𝑡
= 𝛼 ⋅ 𝑇𝑅

𝑑𝑇𝑆

𝑑𝑡
= {

𝛼 ⋅ 𝑇𝑆,                  𝑖𝑓 𝑡 < 0

(𝛼 − 𝛽). 𝑇𝑆 ,        𝑖𝑓 𝑡 ≥ 0

𝑇𝑅0
= 𝑇𝑅(𝑡0)

𝑇𝑆0
= 𝑇𝑆(𝑡0)

𝑇 = 𝑇𝑆 + 𝑇𝑅

 228 

𝑑𝐷𝑆

𝑑𝑡
= 𝜆𝑆 ⋅ (𝛼 ⋅ 𝑇 + 𝛽 ⋅ 𝑇𝑆) − 𝑘𝐷𝑆

⋅ 𝐷𝑆

𝑑𝐷𝐿

𝑑𝑡
= 𝜆𝐿 ⋅ (𝛼 ⋅ 𝑇 + 𝛽 ⋅ 𝑇𝑆) − 𝑘𝐷𝐿

⋅ 𝐷𝐿

𝐷𝑆0
= 𝐷𝑆(𝑡0)

𝐷𝐿0
= 𝐷𝐿(𝑡0)

 229 

where 𝑡 = 0 denotes treatment initiation, and 𝑇𝑅0
, 𝑇𝑆0

, 𝐷𝑆0
, and 𝐷𝐿0

 are the initial 230 

observations of 𝑇𝑅, 𝑇𝑆, 𝐷𝑆, and 𝐷𝐿, respectively, at time 𝑡0. 231 

Statistical model 232 
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The parameters were identified using non-linear mixed effects modeling to account for 233 

inter-individual variability. Let ℳ(𝑡; 𝜃) be a structural model depending on time 𝑡 and 234 

a set 𝜃 of parameters. Then, 235 

𝑦𝑖𝑗 = ℳ(𝑡𝑖𝑗; 𝜃𝑖) + 𝜖𝑖𝑗  236 

where 𝑦 is observed data belonging to {𝑇, 𝐷, 𝐷𝑆 , 𝐷𝐿}, 𝑦𝑖𝑗 is the 𝑗-th measurement of the 237 

𝑖-th patient observed at time 𝑡𝑖𝑗, 𝜃𝑖 ∈ ℝ𝑝 is the set of 𝑝 individual parameters of the 238 

patient 𝑖, and 𝜖𝑖𝑗~𝒩(𝜇, 𝜎𝑖𝑗) is the residual error model. Individual parameters 𝜃𝑖 =239 

{𝜃𝑖
1, … , 𝜃𝑖

𝑝} were assumed to follow a log-normal distribution, described by a fixed 240 

population parameter 𝜃𝑝𝑜𝑝 and a random effect 𝜂𝑖 to account for inter-individual 241 

variability: 242 

ln(𝜃𝑖) = ln(𝜃𝑝𝑜𝑝) + 𝜂𝑖 , 𝜂𝑖~𝒩(0, 𝜔2)243 

A constant error model was applied to 𝑇 (𝜖𝑖𝑗~𝒩(1, 𝑎2)), whereas a proportional error 244 

model was applied to 𝐷, 𝐷𝑆, and 𝐷𝐿 (𝜖𝑖𝑗~𝒩 (0, (𝑏 ⋅ ℳ(𝑡𝑖𝑗; 𝜃𝑖))
2
)).  245 

The complete vector of population parameters 𝜓 was then extended to  246 

𝜓 = (𝜃𝑝𝑜𝑝, 𝜔, 𝑎, 𝑏) 247 

Model calibration and selection 248 

Population parameters 𝜓 of each structural model were identified by computing the 249 

maximum likelihood estimation using the Stochastic-Approximation Expectation 250 

Maximization algorithm40 through Monolix software version 2023R1.  251 

Tumor population parameters (𝑇𝑆0
, 𝑇𝑅0

, 𝛼, and 𝛽) were first identified from radiological 252 

report data, independently from cfDNA observations. They were secondly fixed in the 253 

complete joint cfDNA-TK model (Figure 1C).  254 

Model was selected based on parameter identifiability (< 50% relative standard errors 255 

(RSEs) of population parameters 𝜓) and minimal corrected Bayesian Information 256 

Criterion (BICc) minimization41: 257 

𝐵𝐼𝐶𝑐 = −2ℒℒℳ (𝜓̂) + dim(𝜃𝑅) ⋅ log(𝑁) + dim(𝜃𝐹) ⋅ log (∑ 𝑛𝑖

𝑖

) 258 

where ℒℳ(𝜓̂) is the likelihood, 𝑁 is the number of patients, 𝜃𝑅 represents the number 259 

of random effects, and 𝜃𝐹 the number of fixed effects. 260 
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Individual empirical Bayes estimates were finally re-identified using only first 6 weeks 261 

data from patients who had not progressed during this period, with fixed prior given by 262 

the population parameters from the full kinetics model. 263 

Survival analysis 264 

To prevent immortal time bias due to model-based parameters calculated from post-265 

baseline data, we used landmark analysis42. We selected 6 weeks as a landmark time 266 

point — corresponding to a minimum of two treatment cycles for most patients — and 267 

defined PFS6 as the post-6 weeks PFS. PFS6 was computed as the time from 6 weeks 268 

after treatment initiation to disease progression, death or last follow-up, whichever 269 

occurred first. Progression date was defined as the date of disease progression based 270 

on the iRECIST criteria. 271 

All statistical calculations were performed using R version 4.4.0. Classical statistical 272 

modeling was conducted for association with PFS6 using Cox proportional hazard 273 

regression as implemented in the survival::coxph 3.8.3 function. Regressions were 274 

adjusted for established prognostic clinical confounding variables: age, sex, ECOG 275 

performance status, primary tumor origin and NLR. Multivariable Cox models including 276 

either these clinical variables or these plus candidate additional biomarkers were 277 

considered as predictive models and assessed by calculating the C-index using the 278 

Hmisc::rcorr.cens 5.2.3 function. Survival was displayed using the Kaplan-Meier 279 

estimated curves (survival::survfit 3.8.3). To optimally split patients into short and long 280 

survivors based on continuous features, the function survminer::surv_cutpoint 0.5.0 281 

was used, which maximizes the log-rank statistic. A minimum proportion of 20% of 282 

patients per group was enforced.  283 
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RESULTS 284 

Patient characteristics 285 

The cohort included 112 patients suffering from advanced or metastatic carcinoma of 286 

multiple primary origin: UC (n = 8), HNSCC (n = 28), ccRCC (n = 13), or NSCLC (n = 287 

63) (Table S1). Patients received either first- or second-line immunotherapy, most 288 

frequently pembrolizumab or nivolumab, with some in combination with chemotherapy 289 

or targeted therapy (Table S1). Pre-treatment SLD measurements were available for 290 

95% of the cohort. The median PFS was 9.9 months [95% confidence interval (CI): 291 

7.0-NA] months, with 52% of patients progressing for a median follow-up of 18.7 292 

months (Table S1). 293 

Tumor imaging was available with a median of 2 assessments per patient (range: 1-294 

10), yielding a total of 295 tumor imaging, whereas cfDNA size profile quantification 295 

was performed with a median of 7 assessments per patient (range: 1-20), yielding a 296 

total of 907 cfDNA samples. Focusing on data available only at 6 weeks of treatment, 297 

tumor imaging was available once in 54 patients and twice in 39 patients. 298 

Quantification of the cfDNA size profile was available with a median of 3 assessments 299 

per patient (1 timepoint, 𝑛 =  2; 2 timepoints: 𝑛 =  25; 3 timepoints, 𝑛 =  54; 4 300 

timepoints, 𝑛 =  12), with a total of 262 cfDNA samples. 301 

Tumor and cfDNA dynamic patterns 302 

TK patterns varied widely among patients, mostly showing simple patterns of tumor 303 

growth or shrinkage (Figure 2A, Figure S1). Some patients also experienced an initial 304 

tumor shrinkage before subsequently progressing (n = 22). Two patients showed high 305 

tumor burden increase at treatment initiation (hyperprogression), and one patient 306 

demonstrated initial growth followed by treatment response (pseudoprogression). 307 

Total, short, and long cfDNA fragments also demonstrated high inter- and intra-patient 308 

variability over time. The concentration of all fragments ranged from 2.19 to 636.54 309 

pg/µL, with a median of 13.47 pg/µL, (Figure 2B) samples >100 pg/µL. Twenty-three 310 

patients showed an initial spike in cfDNA levels at treatment initiation, followed by 311 

stabilization at lower levels, whereas other patients showed cfDNA spikes later during 312 

treatment (Figure S1). Most released fragments were approximately 166 bp and short 313 

fragments corresponded to 73% [range: 39-81%] of the total fragments, with a median 314 

concentration of 9.79 pg/µL [range: 1.38-512 pg/µL] (Figure 2C). Long fragments had 315 
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a smaller median concentration of 1.17 pg/µL [range: 0.19–44.63], with only 11 316 

samples exceeding 10 pg/µL (Figure 2D). Moreover, long fragments did not follow the 317 

same temporal patterns as short fragments (Figure S1). Long fragments generally 318 

displayed concordant directional trends with short fragments, though with differing 319 

amplitudes; moreover, their dynamics occasionally diverged, in a way that increases 320 

in long fragments coincided with decreases in short fragments, or vice versa. 321 

Mechanistic modeling of the joint tumor – size-dependent cfDNA kinetics 322 

We developed a mechanistic model to jointly describe TK and size-structured short 323 

and long cfDNA fragment kinetics. The TK model and parameters were calibrated to 324 

the TK data.  325 

The model was able to accurately describe non-trivial cfDNA kinetics (Figure 3A, 326 

Figure S2). Notably, it captured both steady trends and transient spikes at treatment 327 

initiation, observed in short and/or long fragment dynamics (e.g., patient 3, Figure 3A). 328 

It was also able to capture contrasting kinetic patterns between short and long 329 

fragments (e.g., a short fragment decrease with a long fragment increase in patient 2; 330 

or an initial short fragment decrease with an initial long fragment increase in patient 4). 331 

Goodness-of-fit diagnostics indicated no model misspecification, supporting the 332 

adequacy of the model for jointly describing the observed tumor size dynamics to 333 

cfDNA concentration ones (Figure 3B-D). Individual conditionally weighted residuals 334 

of TK were centered around zero (Figure 3C-D), with an estimated residual error of 7.8 335 

mm (Table 1A). However, the cfDNA ones displayed a small rightward skew, indicating 336 

a potential under-estimation of cfDNA data for all fragments, especially long ones 337 

(outlier proportion of 6.39% and 13% for short and long fragments, respectively, Figure 338 

3B). Additionally, the population maximum likelihood estimation indicated a 45% and 339 

57% discrepancy between the fits and the data for the short and long fragments, 340 

respectively (Table 1B). 341 

All population parameter RSEs were below 19% and absolute correlations of the 342 

population parameter estimates did not exceed 0.31, indicating good parametric 343 

identifiability. A condition number of 3.46 further confirmed the model was not over-344 

parameterized.  345 

Quantitative insights into cfDNA biology 346 
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The mechanistic nature of the model allowed to derive quantitative parameters relative 347 

to the biology of cfDNA tumor release and elimination kinetics. Proliferative and dying 348 

cells were assumed to release cfDNA at the same shedding rate (𝜆𝑆 and 𝜆𝐿 for short 349 

and long fragments, respectively), meaning that any change in the tumor cell 350 

population was converted into cfDNA release similarly. The shedding rate of small 351 

fragments was estimated to 0.46 pg.µL-1.mm-1, 7.4 times larger than for long fragments 352 

(Table 1B).  353 

Important inter-patient variability was identified for 𝜆𝑆 and 𝑘𝐷𝑆
, with coefficients of 354 

variation of 240% and 250%, respectively (Table 1B), being both approximately 3 times 355 

higher than the variability of the baseline short fragment concentration. Similarly, 𝜆𝐿 356 

and 𝑘𝐷𝐿
 showed coefficients of variation of 110% and 140%, respectively, being 357 

approximately 1.7 and 2.2-fold higher than the variability of the baseline long-fragment 358 

concentration.  359 

We found moderate correlation of 𝜆𝑆 with 𝜆𝐿 (𝑟 = 0.52, 𝑝 < 0.0001, Figure S4) and 360 

significant mean difference (Student's t-test, 𝑝 < 0.0001). 𝑘𝐷𝑆
 and 𝑘𝐷𝐿 showed 361 

moderate correlation (𝑟 = 0.5, 𝑝 < 0.001) and significant difference (Student's t-test, 362 

𝑝 < 0.001). 363 

An early on-treatment model-derived parameter predicts progression-free 364 

survival beyond 6 weeks 365 

With population parameters held constant, individual parameters were re-estimated 366 

using data from the first six weeks of treatment for patients who had not progressed 367 

during this period (n = 93). Tumor kinetics parameters were associated with post-6 368 

weeks PFS (PFS6, 
𝛼

𝛽
 C-Index = 0.64, HR: 1.6 [95% CI: 1.1-2.2], 𝑝 = 0.02, Table 2, 369 

Figure 4AB), although with a wide confidence interval, reflecting the small number of 370 

patients with more than one measurement (n = 39). The ratio 
𝜆𝑆

𝑘𝐷𝑆

 was also significantly 371 

associated with shorter PFS6, even after adjusting for confounders, notably baseline 372 

NLR (HR: 1.6 [95% CI: 1.2 − 2.2], 𝑝 = 0.001, Figure 4AB). Critically, this ratio provided 373 

predictive value beyond established prognostic variables. The multivariable Cox 374 

model, which achieved a C-index of 0.78 [95% CI: 0.73-0.89] when including only the 375 

clinical variables, significantly increased to 0.80 [95% CI: 0.74-0.90] after adding 
𝜆𝑆

𝑘𝐷𝑆

 376 

(one-tailed paired t-test 𝑝 < 0.0001).  377 
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Individual patient trajectories further illustrate the predictive potential of cfDNA-derived 378 

model-based parameters (Figures 4C-S3). The optimal cutpoint for splitting PFS6 379 

Kaplan-Meier curves (Figures 4B) was determined as 𝑐𝑆 = 0.36 for 
𝜆𝑆

𝑘𝐷𝑆

. This ratio was 380 

above 𝑐𝑆 in patients 5 and 6, both of whom progressed within 3 months of treatment. 381 

In contrast, patient 7, who progressed later at 8 months, and patient 8, who had not 382 

progressed at 8 months, showed consistent values of 
𝜆𝑆

𝑘𝐷𝑆

 below the identified cutpoints 383 

(Figure 4C). 384 

  385 
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DISCUSSION 386 

This study provides the first mechanistic modeling integrating tumor kinetics with size-387 

dependent cfDNA fragment dynamics under treatment (here, immunotherapy). The 388 

framework was able to accurately describe both short and long fragment dynamics, 389 

including non-trivial features such as transient cfDNA spikes at treatment initiation in 390 

short and/or long fragments. The identifiability of model parameters enabled validation 391 

of underlying biological assumptions, supporting a size-dependent release and 392 

clearance of cfDNA fragments. Furthermore, a model-derived parameter – identifiable 393 

for individual patients from early on-treatment data – was associated with PFS early 394 

on-treatment, highlighting the model’s potential for therapeutic management. 395 

The NLME mechanistic mathematical modeling approach provides multiple 396 

advantages: 1) it allows determination of parameters integrating the entire kinetics 397 

(instead of time-dependent snapshots); 2) these parameters have physiological 398 

meaning; 3) the model fit allows smoothening of measurement errors, leading to 399 

decreased variance, stronger robustness and, in fine, better predictions (as shown 400 

previously25) and 4) the NLME population approach makes it possible to derive 401 

individual estimates from early on-treatment data through Bayesian estimation. 402 

In this model, we distinguished between two size ranges of cfDNA fragments 403 

(threshold at 580 bp) to capture the two main shedding processes: apoptosis and 404 

necrosis. We considered the simplifying assumption that tumor cell death and 405 

proliferation contributed equally to cfDNA release in the circulation. In a preliminary 406 

version of the model, we had allowed for distinct shedding rates depending on whether 407 

cells proliferated or died, but this resulting in parametric non-identifiability. Moreover, 408 

the significant difference between 𝑘𝐷𝑆
 and 𝑘𝐷𝐿

, along with their weak correlation, 409 

indicates size-dependent clearance mechanisms, supporting previous results from 410 

stochastic modeling of cfDNA fragmentation processes30. Unexpectedly, we observed 411 

a higher elimination rate for the long fragments (𝑘𝐷𝑆𝑝𝑜𝑝
= 0.36 months-1 versus 𝑘𝐷𝐿𝑝𝑜𝑝

=412 

0.49 months-1, Table 1). This contradicts previous reports that long fragments are less 413 

efficiently cleared by kidneys43, though it has only been proven for single-stranded 414 

DNA. This discrepancy could be explained by the predominance of double-stranded 415 

DNA, and nucleosome-bound fragments — mainly cleared by the liver44 —, or by 416 

additional fragmentation by nucleases within the circulation, causing the concentration 417 
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of long fragments to decrease while the one of short fragments to increase. In early 418 

versions of the model, we considered incorporating a fragmentation process in which 419 

long fragments break down into short ones. This approach was ultimately discarded, 420 

because no effective fragmentation term was parametrically identifiable on the time 421 

scale of the available data (every 2–3 weeks), as longer fragments are continuously 422 

degraded in the circulation by nuclease activity. Collecting cfDNA data at a finer time 423 

scale could enable integration and better characterization of such a fragmentation 424 

process. 425 

Short fragments release during the first six weeks of treatment was significantly 426 

associated with post-6 weeks PFS. These fragments comprise the first three peaks in 427 

cfDNA size profiles and correspond to mono-, di-, and tri-nucleosomal fragments and 428 

are primarily released through apoptosis3. This form of programmed cell death process 429 

involves cfDNA fragmentation through nuclease activation within cell nucleus, which 430 

cleaves nucleotides around histones and leads to these characteristic patterns. This 431 

association likely reflects how treatment-sensitive tumor cells respond to 432 

immunotherapy, indicating that short fragment dynamics at treatment initiation may 433 

serve as a systemic surrogate marker of response by quantifying the proportion of cells 434 

undergoing apoptosis. Crucially, this information is readily obtainable from plasma 435 

samples, offering a cost-effective, accessible, and frequently measurable approach to 436 

monitor emerging treatment resistance. Notably, this parameter could only be derived 437 

through mechanistic modeling and no predictive kinetic parameter was found from the 438 

raw data or through simpler, empirical, modeling approaches. In clinical practice, this 439 

tool could inform adaptive therapeutic strategies, such as accelerating imaging-based 440 

response assessment or, in conjunction with other factors like treatment intolerance, 441 

redirecting patients toward alternative therapies. 442 

Despite these strengths, our work also presents some limitations. This study only 443 

considered general tumor growth and shrinkage, by calibrating the model on the SLD 444 

of all lesions, without considering individual lesion kinetics. Future work could go 445 

further on the modeling of individual lesions following recent advanced by Kerioui et 446 

al.45,46 and, possibly, organ-specific shedding rates. Conversely, the current model still 447 

relies on (limited) tumor size imaging assessments. Further research will explore the 448 

predictive value of a model relying on cfDNA data only. Moreover, cfDNA release was 449 

modeled as tumor-driven only, whereas white blood cells have been shown to release 450 
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from 55% of the cfDNA in healthy individuals (32% granulocytes, 11% monocytes and 451 

12% lymphocytes)47 to 76% in cancer patients48. This omission may explain the 452 

overestimation of long-fragment spikes observed later during treatment in some 453 

patients (e.g., patient 7 at ~3 months, Figure 3). Integrating immune cell kinetics (e.g., 454 

neutrophils, lymphocytes) would surely improve long cfDNA fragment estimation. 455 

Methodologically, early on-treatment parameter estimation was performed on the 456 

same cohort used for population calibration, restricted to patients who did not progress 457 

during the considered period. This highlights the need for independent validation in 458 

future cohorts. Moreover, PFS has been considered the primary endpoint, but 459 

additional outcomes could be explored in the future, such as OS. More advanced 460 

statistical approaches, such as joint modeling49 could be explored to improve accuracy 461 

and account for informative dropout (early study exit because of early progression or 462 

death). Finally, only univariable predictive models have been explored here. 463 

Multivariable analysis, integrating pre-treatment and early on-treatment model-based 464 

parameters with clinical and biological covariates, could be further explored, using, 465 

e.g., machine learning frameworks7. These could improve treatment response 466 

prediction and go deeper in the use of cfDNA as biomarker of treatment monitoring. 467 

Altogether, this study demonstrates that mechanistic modeling of size-dependent 468 

cfDNA fragments provides biological insights and early predictive markers of ICI 469 

response, highlighting the causal role of tumor dynamics on cfDNA concentrations by 470 

size. Beyond its immediate clinical applications, this approach opens the way for digital 471 

twin models in oncology, enabling in silico testing of hypotheses about cfDNA release 472 

and clearance, e.g., simulating the effect of therapeutic interventions targeting the 473 

tumor on cfDNA kinetics, and potentially guiding clinical trial design. With further 474 

validation and integration of immune system dynamics, mechanistic cfDNA models 475 

could become powerful tools for precision immuno-oncology. 476 

  477 
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FIGURES  478 

Figure 1: Mechanistic modeling of joint cfDNA-tumor kinetics 479 

 480 

(A) cfDNA size profile of one patient prior to treatment. Both x- and y-axes are 481 

displayed on logarithmic scales. The concentration (area under the curve) of short 482 

fragments (75-580 base pairs (bp) is shown in green, while the concentration of long 483 

fragments (580-1650 bp) is shown in blue. (B) Joint cfDNA-TK model schematics. 484 

Tumor cells proliferate at a rate of 𝛼. Treatment-sensitive tumor cells die at a rate of 𝛽. 485 

cfDNA fragments are categorized as either short or long. Both fragment types are 486 

released by proliferating and dying cells, at size-specific rates (𝜆𝑆 and 𝜆𝐿, respectively). 487 

Fragments are proportionally cleared at size-dependent rates (𝑘𝐷𝑆
 and 𝑘𝐷𝐿

). (C) 488 

Sequential parameter estimation framework. 489 
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Figure 2: Spaghetti plots of tumor and cfDNA kinetics 

 

Individual patient tumor size and cfDNA concentration kinetics over time. (A) Tumor 

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 𝐷𝑆, representing short fragment kinetics, in green. Data points are the 

observed cfDNA concentration of short fragments (75-580 base pairs (bp)). Bottom 

panels: variable 𝐷𝐿, representing long fragment kinetics, in blue. Data points are the 

observed cfDNA concentration of short fragments (580-1650 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). 𝜖-shrinkage represents the information on residual variability and 

is defined as (1 − 𝜎𝐼𝑊𝑅𝐸𝑆) × 100, where 𝜎𝐼𝑊𝑅𝐸𝑆 is the standard deviation of the 

IWRES50. Informative data lead to an 𝜖-shrinkage close to 0%, whereas non-

informative data will result in 𝜖-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 

 

 (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 (CI). 

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 𝐷𝑆, representing short fragment kinetics, in green. Data points are the 

observed cfDNA concentration of short fragments (75-580 base pairs (bp)). Bottom 

panels: variable 𝐷𝐿, 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 

 

(C.V.: coefficient of variation, defined as 100 ⋅ √exp(𝜔𝜃
2) − 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  

 

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 

 

 

Table s1: Patient characteristics  
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(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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