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Background
Historically, the primary objectives in conventional 
phase 1 oncology clinical trials focused on safety as well 
as defining the optimal dose and pharmacokinetics (PK) 
profile of an investigational drug [1]. However, this model 
has demonstrated its limitations, particularly in this era 
of precision-based medicine, and is manifest to some 
extent by the high attrition rates in early development 
of oncology drugs where over 90% of investigational 
drugs in Phase I never achieve market authorization [2]. 
Although there are many reasons for these low success 
rates, the major factors driving this attrition are related 
to toxicity and to an absence of efficacy of the investi-
gational drug. This highlights the need to establish new 
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Abstract
Circulating tumour DNA (ctDNA) represents an increasingly important biomarker for the screening, diagnosis 
and management of patients in clinical practice in advanced/metastatic disease across multiple cancer types. In 
this context, ctDNA-based comprehensive genomic profiling is now available for patient management decisions, 
and several ctDNA-based companion diagnostic assays have been approved by regulatory agencies. However, 
although the assessment of ctDNA levels in Phase II-III drug development is now gathering momentum, it 
remains somewhat surprisingly limited in the early Phase I phases in light of the potential opportunities provided 
by such analysis. In this perspective review, we investigate the potential and hurdles of applying ctDNA testing 
for the inclusion and monitoring of patients in phase 1 clinical trials. This will enable more informed decisions 
regarding patient inclusion, dose optimization, and proof-of-mechanism of drug biological activity and molecular 
response, thereby supporting the evolving oncology drug development paradigm. Furthermore, we will highlight 
the use of cost-efficient, agnostic genome-wide techniques (such as low-pass whole genome sequencing and 
fragmentomics) and methylation-based methods to facilitate a more systematic integration of ctDNA in early 
clinical trial settings.

Keywords  Circulating tumour DNA (ctDNA), Phase I trial, Pharmacodynamics, Pharmacokinetics, Molecular response, 
RECIST, Tumour fraction

A perspective review on the systematic 
implementation of ctDNA in phase I clinical 
trial drug development
Nolwen Guigal-Stephan1*, Brian Lockhart1, Tina Moser2 and Ellen Heitzer2*

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13046-025-03328-4&domain=pdf&date_stamp=2025-2-28


Page 2 of 10Guigal-Stephan et al. Journal of Experimental & Clinical Cancer Research           (2025) 44:79 

strategies to enable improved data-driven decisions in 
early Phase I trials. From a Pharma perspective, termi-
nating developments of poor treatments quickly while 
enabling accelerated development for highly promis-
ing interventions will be a key driver in this evolution. 
However, one major obstacle to addressing biomarkers 
of pharmacodynamics (PD) in Phase I is that repeated 
longitudinal on-treatment tumour biopsies are not fea-
sible, thus pleading for the necessity to implement new 
approaches to assess molecular response.

Several study groups now advocate the integration of 
circulating tumour DNA (ctDNA) for response evalua-
tions as part of RECIST (Liquid Biopsy Response Evalu-
ation Criteria in Solid Tumours) [3–5] since recent 
evidence suggests that ctDNA levels broadly correlate 
with tumour burden and proliferation status [6–9]. Con-
sequently, ctDNA can serve as an indicator of evolving 
tumour burden and longitudinal monitoring of changes 
in ctDNA levels is emerging as an early signal of investi-
gational drug activity in clinical trials [10–14].

Therefore, a systematic implementation of ctDNA 
kinetics in Phase I clinical drug trials could represent 
a rapid and dynamic orthogonal method to comple-
ment radiological imaging as well as PK/PD modelling 
in early clinical trials to identify early biological activity 
and further optimize dose selection [13, 15]. Integrating 
ctDNA into in phase 1 trials requires balancing costs, 
turnaround times, and the reliability of tumour fraction 
(TF) assessments. In most studies, the assessment of TF 
in ctDNA relies on mutation analysis. Beyond mutations, 
aneuploidy, somatic copy number alterations (SCNA), 
and ctDNA methylation patterns are also used to deter-
mine TF and predict clinical outcomes [16–19]. More 
recently, ctDNA fragmentomics features have gained 
attention as a tool for refining ctDNA response criteria 
[20, 21]. In addition to identifying the most cost-effective 
means to measure tumour fractions for an early clinical 
trial framework, another key question is to what extent a 
reduction in ctDNA levels during early treatment corre-
lates with biological activity and molecular response.

In this perspective review, we will explore the oppor-
tunities and challenges to apply ctDNA approaches for 
both patient inclusion and monitoring during early clini-
cal trials. This will enable a more informed data-driven 
decision process for patient selection, dose optimization 
as well as proof-of-mechanism readouts of drug biologi-
cal activity and thus support the evolving paradigm in 
oncology early drug development. Finally, we focus on 
the use of cost-effective agnostic genome-wide (low-pass 
whole genome sequencing, fragmentomics) and methyl-
ation-based methods to permit a more systematic imple-
mentation of ctDNA in the Phase I clinical trial settings.

Paradigm change in Phase I investigational drug 
trials
I. Dose optimization rather than maximal tolerated dose
Identifying the potential of new treatments in oncology 
Phase I trials (either as monotherapy or in combination 
with Standard-of-Care and/or other Investigational Prod-
ucts) by addressing the optimal drug dosage and sched-
ule is key to expedite drug development and discern the 
optimal therapeutic window. Phase I study designs in 
oncology, still largely based on chemotherapy schedules, 
generally proceed via a defined dose escalation phase to 
determine a Maximum Tolerated Dose (MTD) [1] and 
based on the principal that an increasing dose will lead to 
increased tumour killing (Fig. 1A). However, in contem-
porary drug development this paradigm is no longer fully 
applicable to molecular targeted therapies (MTTs) and 
immunotherapies since they have target saturation lim-
its below the MTDs suggesting that these therapies could 
be administered at lower doses with similar efficacy and 
fewer side effects. The need to re-visit dose-optimization 
was addressed in a recent review [22], showing examples 
of drugs, that following approval required modified doses 
and schedules for safety or tolerability, emphasizing the 
need to better address this question earlier in the pro-
cess of drug development. During dose escalation, the 
use of PD biomarkers are key elements to support bet-
ter pharmacokinetics (PK)/PD characterization and dose 
optimization. In this regard, Phase 1 trials should include 
adequate PK sampling and when feasible, PD sampling 
should be incorporated to determine the drug exposure 
that results in inhibition of the drug target and prelimi-
nary characterization of dose-exposure relationships. In 
addition, the use of ‘backfilling’ cohorts in Phase I dose-
escalation studies enables the collection of additional 
information on the safety profile, optimal dose, pharma-
cokinetics and molecular activity of the investigational 
drug. To mitigate many of the failings regarding optimal 
doing, the US Food and Drug Administration (FDA) has 
published its opinion on the inadequate characterization 
of doses and schedules of oncology drugs. The FDA Proj-
ect Optimus, which focuses on new oncology drug dose 
optimization, highlights the need for a more thorough 
evaluation of the optimal risk-benefit ratio prior to regis-
tration trials [23].

II. Patients: from an “all-comers” approach to a more 
“targeted” population
Patients recruited into Phase I oncology drug trials for 
solid tumours are most often heterogeneous in terms of 
cancer type with advanced or oligometastatic progres-
sive disease (Fig. 1B). These patients have generally failed 
multiple previous lines of treatment from Standard-
of-Care to alternative lines of approved and/or inves-
tigational products. In addition, the patients´ tumours 
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may have developed multiple resistant mechanisms 
and/or have become refractory to treatment. Histori-
cally, with cytotoxic chemotherapy and classical Phase 
I trial design, reported clinical outcomes such as low 
response rates, have brought into question the therapeu-
tic appeal and ethical justification of Phase I trial enrol-
ment. More recent real-world data studies on Phase I 
trials with targeted therapies and immunotherapy with 
an enrichment design have indicated more encourag-
ing response rates [24–26]. The new evolving paradigm 
in Phase I clinical trials towards an enrichment design 
requires that we shift from an “all-comers” approach to 
a more “selected” patient population. This would require 
a more biomarker-driven population, with less hetero-
geneity in terms of cancer types and disease burden and 
consequently a higher likelihood for patients to respond 
to treatment. Indeed, one of the benefits of this evolv-
ing paradigm from an ethical perspective is that in this 
setting, the patient could have early access to an inves-
tigational drug (or combination thereof ), with a higher 
potential to demonstrate response. This could enable an 
increased recruitment rate, as oncologists may be less 
reticent about referring patients to phase 1 drug trials 
with a therapeutic intent rather than just designed for 
safety & tolerability.

III. Getting early signals of molecular response
The capacity to demonstrate early signals of clinical and 
molecular response of an investigational drug in Phase I 
could be a key driver to enable accelerated drug trials and 
reduce attrition in later phases. However, demonstration 
of clinical response in Phase I is extremely challenging as 
patients are recruited with a significant disease burden 
and heterogeneity. Moreover, the investigational drug 
is not administered at an optimal dose and/or schedule 
nor with the projected combination strategy. Currently, 
radiological imaging (RECIST & iRECIST) remains 
the mainstay for assessing clinical benefit in early clini-
cal development trials [27, 28]. However, in the case of 
RECIST, the assessment of treatment response depends 
primarily on dynamic changes in gross macroscopic 
tumour volume in pre-selected target lesions, and this 
may fail to detect smaller changes in tumour burden 
more globally in different tumour sites. Considering the 
difficulties in assessing clinical response in Phase I, the 
need to seek alternative readouts of activity of the drug, 
such as molecular response, is warranted. In this regard, 
the use of tissue-based PD biomarkers, to enable Proof-
of-Mechanism (PoM) and Proof-of-Principle (PoP) that 
demonstrate target engagement and show that the drug 
influences the expected signalling pathway, are critical 
to identify surrogates of biological activity. A promising 

Fig. 1  ctDNA baseline levels and kinetics as a supporting tool in the evolving paradigm of Phase I clinical drug trials. A) From Maximal Tolerated Dose 
(MTD)-based dosing to biomarker-driven optimization. Traditional chemotherapy schedules rely on escalating doses until reaching the MTD. However, 
many targeted therapies and immunotherapies achieve optimal target engagement at lower doses. Incorporating biomarkers - such as ctDNA tumour 
fraction (TF) dynamics - into early-phase studies can guide more precise dose selection, reduce unnecessary toxicity, and help identify the optimal thera-
peutic window. (Adapted from fda.gov) B) From “all-comers” to enriched patient populations. Assessment of baseline TF helps refine patient selection by 
reducing patient heterogeneity. This enrichment approach increases the likelihood of therapeutic response and supports earlier, more ethically sound 
access to investigational treatments. C) From limited efficacy assessments to early measures of biological activity. On-treatment TF monitoring provides 
an early indicator of molecular response, with decreases in TF levels serving as potential surrogates for clinical efficacy. PD BMK, biomarkers of pharmaco-
dynamics; WES, whole exome sequencing; TOO, tissue of origin; Created in BioRender. Heitzer, E. (2024) ​h​t​t​p​​s​:​/​​/​B​i​o​​R​e​​n​d​e​​r​.​c​​o​m​/​x​​3​3​​p​7​3​5
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alternative to tissue-based approaches is the use of 
ctDNA (Fig. 1C).

Systematic implementation of liquid biopsy to 
inform the new paradigm
A potential use case of ctDNA assessments for enhancing 
decision-making and accelerating drug development in 
Phase I oncology trials is patient stratification and enrich-
ment to identify patient subgroups with specific tumour 
fraction (TF) thresholds, improving trial recruitment 
efficiency and outcome predictability. There are multiple 
benefits associated with the assessment of tumour frac-
tion at baseline before recruiting a patient to a Phase I 
trial including (i) identifying patients with varying risks 
of recurrence/progression, which enables to integrate TF 
as a confounding factor in retrospective data analysis or 
prospective patient selection based on TF-related risk of 
recurrence/progression, (ii) optimisation of clinical stud-
ies design by reducing the overall number of trial partici-
pants needed (reduce time and cost of studies), and (iii) 
improved understanding of survival endpoints via ret-
rospective analysis of ctDNA levels and their prognostic 
value. The potential benefit of assessing ctDNA levels at 
baseline in early clinical development as an approach to 
assess therapeutic outcomes has been shown in many 
early clinical development studies following both chemo-
therapy and targeted therapies [29–31], and particularly 
in patients treated with immune checkpoint inhibitors 
[7, 32–36]. The assessment of the TF at inclusion in the 
clinical trial [37], can reflect disease aggressiveness with 
regards to the proliferation and overall tumour burden, 
will allow correlative analysis between TF and poten-
tial response or duration of response. A recent prospec-
tive analysis confirmed that high TF was associated with 
significantly worse overall survival (OS) and is thus a 
strong prognostic factor in patients with advanced solid 
tumours and represented a helpful tool in the process of 
patient selection for Phase I trial entry [38].

Another promising approach is the provision of real-
time insights into treatment response, enabling adaptive 
trial designs and early go/no-go decisions. Changes in 
TF may indicate early molecular responses to investiga-
tional drugs, even before imaging or clinical outcomes 
are evident. In a recent study, Sanz-Garcia and colleagues 
demonstrated that a decrease in ctDNA within the first 
4 weeks of investigational IO therapy was associated 
with improved treatment outcomes, with a more marked 
effect when a decrease in ctDNA of > 50% from baseline 
was observed [39].

Systematic implementation of ctDNA at baseline 
and during treatment
I. challenges of mutation-based assessment of TF and 
kinetics
In general, TF in cell-free DNA (cfDNA) is defined as 
the fractional proportion of tumour DNA relative to 
total cfDNA. Even in highly advanced patients, TF are 
highly variable and can be influenced by multiple factors 
[40] such as overall tumour burden, and disease activity 
(progressing, stable or responding to systemic therapy), 
patient-context factors such as fasting status or physi-
cal activity prior to blood collection. Moreover, techni-
cal pre-analytic factors related to sample acquisition, 
transport, and sample processing procedures can con-
found the true representation of tumour derived DNA. 
Furthermore, TF calculated from mutations - reflected 
as the variant allele frequency (VAF) - are influenced by 
factors like copy number alterations, loss of heterozygos-
ity, tumour ploidy, and clonal diversity within ctDNA. 
Advanced tumours show a high degree of spatial and 
temporal heterogeneity manifested by polyclonal prop-
erties. Therefore, highly sensitive tumour-informed 
approaches using bespoke assays do not reflect the 
genetic landscape of the disease [41] and tumour-agnos-
tic approaches that require no prior knowledge about the 
tissue are preferable in a Phase I setting (Fig.  2). Since 
most gene panels are designed for target detection rather 
than ctDNA tracking, they have limitations in detection 
sensitivity and may not effectively reveal emerging sub-
clones. Larger panels capable of aggregating multiple 
mutations per patient offer potential for high sensitiv-
ity ctDNA tracking but are still quite costly for repeated 
analysis [6]. Chemotherapy and immune infiltration 
can also affect clonal composition, potentially inflating 
VAFs of subclonal mutations, making them unreliable 
for reflecting the true tumour burden. While using mean 
VAF can mitigate sampling bias and temporal variabil-
ity, the maximal VAF better correlates with aneuploidy-
based TF measures [42]. Moreover, VAFs are affected by 
biological noise from clonal haematopoiesis, necessitat-
ing additional sequencing of peripheral blood leukocytes, 
which increases costs [43]. Non-tumour cfDNA variabil-
ity, influenced by factors like exercise or infection, can 
artificially alter VAFs, prompting the use of concentra-
tion-based metrics (e.g., mutated fragments per millilitre 
of plasma). However, recent analysis suggests concentra-
tion-based metrics may be more prone to certain techni-
cal biases, such as coverage bias [44].

Another important question is how to measure ctDNA 
kinetics and molecular response [3–5]. To assess changes 
of ctDNA over time several measures based on muta-
tions were described in the literature, with both abso-
lute and relative changes widely applied in an attempt to 
define a molecular ctDNA response [4, 15]. The easiest 
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way of measuring response is a binary read out by assess-
ing ctDNA clearance, i.e. the decrease of positive ctDNA 
results to a reduction below the limit of detection (LoD) 
[33, 45, 46]. However, since response might not always be 
associated with ctDNA clearance, this method might not 
consider patients with significant decreases as respond-
ers. Therefore, many study groups calculate relative 
changes between baseline and an on-treatment time 
point (delta) to assess molecular response. However, 
a relative change does not consider the overall levels of 
ctDNA and may therefore be misleading, which is why 
proportional changes, percent changes or ratios may bet-
ter reflect the actual tumour burden [47–50]. Studies by 

Zhang et al. and Thompson et al. have shown that the 
ratio of the mean VAF best predict OS and PFS [48, 49].

Other studies reported mutant allele counts or fre-
quencies directly, but there is a growing need for nor-
malized scores to quantify ctDNA kinetics. Kato et al. 
proposed Mutation Allele Ratio in Therapy (MART), 
i.e. the ratio of plasma mutation scores as a normalized 
scores to quantify ctDNA kinetics [51]. Similarly, the 
Circulating DNA Ratio (CDR) score, also known as the 
molecular response ratio, compares VAFs during therapy 
to baseline.

Fig. 2  Plethora of ctDNA-based approaches. The diagram highlights a selection of tumor-informed and tumor-agnostic methodologies designed to 
analyze single nucleotide variants (SNVs), aneuploidy, methylation patterns, and fragmentomic features. Choosing the right ctDNA assay depends on 
several factors, including the limit of detection (LoD), genome coverage, turnaround time (TAT), and cost. Shallow whole-genome sequencing is often ad-
equate for aneuploidy- and fragmentomics-based approaches, whereas high-coverage datasets may be used for greater detail but come with increased 
computational demands and costs. For each technology, examples of assays and their primary applications are provided. Created in BioRender. Heitzer, 
E. (2024) ​h​t​t​p​s​:​​​/​​/​B​i​o​R​e​​n​d​e​​​r​.​c​​o​​m​/​​c​3​​5​w​2​7​6
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II. Aneuploidy-based assessment of tumour fractions and 
kinetics as a cost-effective alternative to mutations
In early Phase I drug trials there is usually no critical 
need to obtain a full molecular portrait of the tumour but 
rather to have an unbiased measure of the TF to assess 
signals of response/efficacy. Aneuploidy-based assess-
ments of TF that enable a quantification of ctDNA lev-
els beyond evaluation of mutation allelic fraction, offer a 
potentially important and significantly under-exploited 
opportunity to further develop more systematic evalu-
ation of ctDNA kinetics in clinical practice [52] and in 
early clinical drug development [13, 39].

Such methods come with a short turn-around-time 
and may be a cost-effective alternative to mutation-based 
approaches. Since it is considered that > 90% of solid 
tumours are aneuploid and contain multiple SCNA [53], 
such methods would enable a broad patient coverage.

Amplicon-based methods using sequence-specific 
primers to enrich for uniquely mappable repetitive 
sequences have been proposed for this purpose [17, 54–
56]. Such protocols offer many advantages including a 
very fast and simple workflow, a minimum requirement 
for input DNA (5pg-1ng), reduced sequencing costs and 
a simplified computational analysis. An extremely simple 
and low-cost method for estimating TF represents the 
modified Fast Aneuploidy Screening Test-Sequencing 
System of LINE-1 sequences (mFAST-SeqS) method 
[17]– originally developed to detect trisomy 21 in fetal 
cfDNA [56]. Chromosome-arm wide read count devia-
tions of repetitive elements summed up to a genome-
wide z-score are used as TF surrogates with a limit of 
quantification (LoQ) of 5–10% TF depending on the 
number and level of SCNA. Despite this limited sensitiv-
ity, changing genome-wide mFAST-SeqS z-scores pro-
vide early means of treatment response and are closely 
correlated to ichorCNA-derived TF [57]. Moreover, 
longitudinal trajectories of z-scores as surrogates for TF 
can predict risk of progression in metastatic breast can-
cer patients undergoing CDK4/6 treatment [58]. A more 
recent study showed that mFAST-SeqS aneuploidy scores 
measured prior to treatment with pembrolizumab in 
metastatic urothelial cancer, significantly correlated with 
ctDNA levels measured by an orthogonal approach and 
were independently associated with lack of clinical ben-
efit [59].

Efforts were being made to push the sensitivity of aneu-
ploidy-based assays leveraging repetitive elements such 
as Within-Sample AneupLoidy DetectiOn (WALDO) 
[54] or Repetitive Element AneupLoidy Sequencing Sys-
tem (RealSeqS) [55], but none of them were used for 
monitoring purposes yet. Most of these amplicon-based 
methods do not directly infer the TF but rather calculate 
the deviation in read counts to a control population. For 
this reason, the TF surrogate values are biased towards 

the degree of aneuploidy in a sample, i.e. samples con-
taining more aneuploidy will provide higher values and 
may be easier to detect at a given neoplastic cell con-
tent compared to samples with a low degree of genetic 
instability. However, intra-patient variations of tumour 
levels are not affected by this issue and several studies 
have demonstrated utility for response monitoring in 
advanced cancer patients [57].

Low-pass whole-genome sequencing (LP-WGS) offers 
another cost-effective and broadly applicable approach 
for estimation of TF. Early studies used read count based 
genome-wide z-scores as an estimation of TF by com-
paring global copy number alterations in a given plasma 
sample to a panel of normal healthy donors (plasma-Seq) 
[60] or scores like the trimmed median absolute deviation 
(tMAD) from the copy number neutral state [61] as TF 
surrogates. More recently, computational models such as 
ichorCNA [16] and ACE [62] considering tumour purity, 
ploidy, and SCNA were developed to estimate ctDNA 
TF. For example, ichorCNA uses a probabilistic model, 
implemented as a hidden Markov model to simultane-
ously segment the genome, predict large-scale copy num-
ber alterations, and estimate the TF of a LP-WGS sample. 
Several studies have demonstrated the utility of LP-WGS 
for monitoring purposes in the advanced setting [30, 57, 
63–65]. In a small cohort of patients, Moser et al. con-
ducted a comparative analysis of TF estimations with 
plasma-Seq and ichorCNA (limit of detection - LoD, 3%) 
and NGS-panel based sequencing (0.1-1%) showing simi-
lar changes and trends in ctDNA kinetics to determine an 
early response to chemotherapy [30]. In a prospectively 
enrolled, advanced stage, pan-cancer cohort with differ-
ent advanced solid tumours and using LP-WGS ctDNA-
based monitoring, the degree of ctDNA reduction was 
shown to strongly correlate with long-term outcome 
using LP-WGS ctDNA-based monitoring [64]. The cur-
rent LoQ for these methods is a TF of 3% with a LoD of 
1% [16], which - given the current known range for base-
line TF in various advanced cancers - may not sufficiently 
sensitive to reliable determine TF in all patients [37, 42]. 
However, in the context of an early clinical trial setting, 
where the majority of patients are highly advanced and 
have progressive disease, LP-WGS would provide a rapid 
and affordable approach to assess TF. An extensive real-
world evidence study showed that over 94% (n = 22,130) 
of patient samples had detectable ctDNA, with a median 
TF of 2.2%, varying between 17.7% and 1.1% depending 
on the cancer type [42]. An earlier report [66] showed 
similar trends in ctDNA fractions with a large pan-can-
cer data set (n = 21,807). In a more recent study, an out-
come analysis study of 1725 advanced/metastatic patient 
plasma samples showed varying median TF values for 
metastatic castration-resistant prostate cancer (13,3%) 
metastatic breast cancer (4.1%) advanced non-small-cell 
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lung cancer (2.1%), or metastatic colorectal cancer (7.8%) 
[37]. Interesting, a study adopting a LP-WGS/ichorCNA 
methodology, from 246 plasma samples with advanced 
and metastatic mBC patients, 178 (72.4%) had TF of ≥ 3% 
(range 4–84%; median 9.4%) [67].

III. Non-genetic features as surrogates for TF
Aberrant methylation is a hallmark of cancer, including 
global hypomethylation and promoter-specific hyper-
methylation and several studies have demonstrated that 
these changes are not only diagnostic but also indicative 
of tumour burden [68–70]. Recently, it has been shown 
that TF in cfDNA can be deciphered from methylation 
signatures [18] and there is a growing interest in ctDNA 
methylation as an additional variable for developing 
molecular response criteria [19, 71].

Technological advancements have enabled the detec-
tion of methylation in ctDNA using techniques such 
as targeted bisulfite sequencing [72, 73], methyla-
tion-specific PCR [74, 75], and newer approaches like 
cfMeDIP-seq (cell-free methylated DNA immunopre-
cipitation sequencing) [76]. These methods allow for 
sensitive detection of cancer-specific methylation sites, 
correlating with tumour burden in advanced cancer 
patients.

Epigenetic-based TF estimation offers several advan-
tages over mutation-based methods. Unlike mutations, 
which may be absent or rare in specific tumour types, 
methylation changes are nearly universal in cancer and 
often occur early in tumorigenesis. Additionally, meth-
ylation markers are less affected by clonal hematopoiesis 
or other sources of biological noise that can confound 
mutation-based analyses.

Evidence suggests that changes in a small number of 
cancer-specific DNA methylation marks correlate with 
clinical outcomes and can predict therapeutic benefits 
[77, 78]. In hepatocellular carcinoma, triple-negative 
breast cancer, and colorectal cancer (CRC) methylation 
quantification in specific amplicons enriching for dif-
ferentially methylated CpGs has effectively monitored 
tumour burden [69, 72, 79]. Longitudinal assessment of 
cfDNA methylation using an epigenome-wide array in 
metastatic prostate cancer patients also unveiled dynamic 
patterns associated with disease progression and ther-
apy administration [80]. A cost-effective genome-wide 
approach is cfMeDIP-seq, that was recently shown to 
strongly correlate with OS and PFS, representing a prom-
ising plasma-based predictive epigenetic biomarker in 
patients treated with checkpoint blockade [81].

Another promising application is the ability to estimate 
the tissue of origin (TOO) of ctDNA through blended 
methylation signatures. Shifts in the composition of 
TOO may also be used for monitoring purposes. To 
this end, reference-based deconvolution has been most 

widely adopted methodology in previous studies [82], but 
evidence with respect to assessing treatment response is 
currently not available.

The analysis of biophysical properties of ctDNA, 
including fragment size distribution, end motifs, and 
chromatin-associated patterns may also offer a comple-
mentary and highly sensitive method for monitoring 
disease dynamics in advanced cancers [83]. Although 
these technologies are still in their infancy and were 
mostly developed for classification purposes enabling 
early cancer detection, some initial data show utility for 
monitoring. DEFLI (DNA evaluation of fragments for 
early interception) was originally developed as a can-
cer screening tool [20], but more recently this machine 
learning model incorporating genome-wide fragmenta-
tion features was also used to estimate cfDNA tumour 
burden for treatment response monitoring and clini-
cal outcome prediction in metastatic CRC. DELFI-TF 
strongly correlated with standard VAF testing based on 
ddPCR pointing out to a high sensitivity of this approach 
[84]. Similarly, Renaud and colleagues proposed non-
negative matrix factorization of fragment length distribu-
tions as a novel and completely unsupervised method for 
studying fragment length patterns in cfDNA that enables 
a simultaneous estimate of fragment length signatures 
and their weights in each sample. The weights of this sig-
nature correlated strongly with ctDNA levels - nearly as 
good as ichorCNA - without using any information about 
variants or ctDNA levels [85]. Fragle, is another multi-
stage machine learning model that quantifies ctDNA 
levels directly from a cfDNA fragment length density dis-
tribution from LP-WGS data. Preliminary data demon-
strated a superior limit of detection for Fragle compared 
to ichorCNA for both baseline (100% versus 53%) and 
during treatment (100% versus 41%). Budhraja and col-
leagues took a different approach and developed a metric 
based on genome-wide differences in fragment position-
ing, weighted by fragment length and GC-content (infor-
mation-weighted fraction of aberrant fragments (iwFAF), 
which strongly correlated with TF [21].

Multi-modal approaches, i.e. the integration of 
genomic alterations, methylation patterns, and fragmen-
tomics may further enhance the detection and moni-
toring of cancer and more accurately represent ctDNA 
dynamics compared to using a single biomarker [86–89]. 
For example, Stutheit-Zhao and colleagues developed 
a pan-cancer methylation signature to quantify cancer-
specific methylation (CSM) and fragment-length score 
(FLS) that predict overall survival and progression-free 
survival in patients treated with pembrolizumab, inde-
pendent of tumor type [76].

Despite their promises, epigenetic or fragmentomics-
based assessment of ctDNA TF faces challenges. The cost 
and complexity of epigenetic assays remain barriers to 
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widespread adoption. Moreover, reference-based decon-
volution methods for TOO estimation are still in early 
stages for assessing treatment response. Furthermore, 
since most of these technologies rely on machine learning 
approaches, variability in sample preparation, sequencing 
depth, and data interpretation can impact reproducibil-
ity. Therefore, extensive validation and standardizing of 
these processes is essential for clinical implementation.

Conclusion
A systematic implementation of TF assessments, in 
Phase I clinical drug trials represents a great opportunity 
to improve decision-making in early drug development 
by enabling not only patient selection and dose optimi-
zation but also proof-of-mechanism readouts of drug 
biological activity. To this end, rapid and cost-effective 
methods, without a necessity of prior knowledge of the 
genetic composition of tissues, and that enable an accu-
rate assessment of TF before and during treatment ful-
fil this purpose. While aneuploidy-based methods meet 
these criteria in terms of costs and turn-around time, 
the trade-off is evidently a loss of sensitivity. Neverthe-
less, given our improved understanding of the extent of 
TF variation within and between different cancer types, 
a large proportion of patients in Phase I clinical drug 
trials would have detectable TF with the current aneu-
ploidy-based methods. Moreover, in the context of Phase 
I clinical drug trial development with advanced meta-
static disease, sensitivity is less an issue and where the 
main objective is to assess FT levels at baseline as well 
as changes from baseline under treatment. Further pro-
spectives studies will be required to determine what level 
of TF at baseline and kinetic decrease are key decision 
enablers for early phase 1 trials.

Abbreviations
cfDNA	� Cell free DNA
CRC	� Colorectal cancer
ctDNA	� Circulating tumour DNA
DEFLI	� DNA evaluation of fragments for early interception
FDA	� Food and Drug Administration
LoD	� Limit of detection
LoQ	� Limit of Quantification
LP-WGS	� Low-pass whole-genome sequencing
mFAST-SeqS	� Modified Fast Aneuploidy Screening Test-Sequencing System 

of LINE-1 sequences
MTD	� Maximum Tolerated Dose
MTT	� Molecular targeted therapies
PD	� Pharmacodynamics
PK	� Pharmacokinetics
RECIST	� Response Evaluation Criteria in Solid Tumours
SCNA	� Somatic copy number alterations
tMAD	� Trimmed median absolute deviation
TOO	� Tissue of origin
TF	� Tumour fraction
VAF	� Variant allele frequency

Acknowledgements
BioRender.com was used to create Figs. 1 and 2.

Author contributions
N.G.-S., B.L. and E.H. wrote the main manuscript text and T.M. prepared Figs. 1 
and 2. All authors reviewed the manuscript.

Funding
Not applicable.

Data availability
Not applicable.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interest related to this 
mansucript.

Received: 20 December 2024 / Accepted: 13 February 2025

References
1.	 Le Tourneau C, Lee JJ, Siu LL. Dose escalation methods in phase I cancer clini-

cal trials. J Natl Cancer Inst. 2009;101(10):708–20.
2.	 Dowden H, Munro J. Trends in clinical success rates and therapeutic focus. 

Nat Rev Drug Discov. 2019;18(7):495–6.
3.	 Gouda MA, Janku F, Wahida A, Buschhorn L, Schneeweiss A, Abdel Karim N, 

et al. Liquid biopsy response evaluation Criteria in Solid Tumors (LB-RECIST). 
Ann Oncol. 2024;35(3):267–75.

4.	 Spindler KG, Jakobsen A. Circulating tumor DNA: response evaluation criteria 
in solid tumors - can we RECIST? Focus on colorectal cancer. Ther Adv Med 
Oncol. 2023;15:17588359231171580.

5.	 Thompson JC, Scholes DG, Carpenter EL, Aggarwal C. Molecular response 
assessment using circulating tumor DNA (ctDNA) in advanced solid tumors. 
Br J Cancer. 2023;129(12):1893–902.

6.	 Bredno J, Lipson J, Venn O, Aravanis AM, Jamshidi A. Clinical correlates of 
circulating cell-free DNA tumor fraction. PLoS ONE. 2021;16(8):e0256436.

7.	 Zhang EW, Dagogo-Jack I, Kuo A, Rooney MM, Shaw AT, Digumarthy SR. 
Association between circulating tumor DNA burden and disease burden in 
patients with ALK-positive lung cancer. Cancer. 2020;126(20):4473–84.

8.	 Kirchweger P, Kupferthaler A, Burghofer J, Webersinke G, Jukic E, 
Schwendinger S, et al. Circulating tumor DNA correlates with tumor burden 
and predicts outcome in pancreatic cancer irrespective of tumor stage. Eur J 
Surg Oncol. 2022;48(5):1046–53.

9.	 Alexander EM, Miller HA, Egger ME, Smith ML, Yaddanapudi K, Linder MW. 
The correlation between plasma circulating tumor DNA and Radiographic 
Tumor Burden. J Mol Diagn. 2024;26(11):952–61.

10.	 Garlan F, Laurent-Puig P, Sefrioui D, Siauve N, Didelot A, Sarafan-Vasseur N, 
et al. Early evaluation of circulating Tumor DNA as marker of therapeutic 
efficacy in metastatic colorectal Cancer patients (PLACOL Study). Clin Cancer 
Res. 2017;23(18):5416–25.

11.	 Tie J, Kinde I, Wang Y, Wong HL, Roebert J, Christie M, et al. Circulating tumor 
DNA as an early marker of therapeutic response in patients with metastatic 
colorectal cancer. Ann Oncol. 2015;26(8):1715–22.

12.	 Egger ME, Alexander E, Van Meter T, Kong M, Maung AA, Valdes R Jr., et al. 
Corresponding ctDNA and tumor burden dynamics in metastatic melanoma 
patients on systemic treatment. Transl Oncol. 2024;42:101883.

13.	 Sanz-Garcia E, Zhao E, Bratman SV, Siu LL. Monitoring and adapting cancer 
treatment using circulating tumor DNA kinetics: current research, opportuni-
ties, and challenges. Sci Adv. 2022;8(4):eabi8618.

14.	 Yi Z, Ma F, Rong G, Liu B, Guan Y, Li J, et al. The molecular tumor burden index 
as a response evaluation criterion in breast cancer. Signal Transduct Target 
Ther. 2021;6(1):251.

15.	 Brenner Thomsen C, Dandanell Juul A, Lefevre AC, Glismand Truelsen 
C, Dizdarevic E, Ryssel H, et al. Reporting on circulating tumor DNA 



Page 9 of 10Guigal-Stephan et al. Journal of Experimental & Clinical Cancer Research           (2025) 44:79 

monitoring in metastatic cancer-from clinical validity to clinical utility. Cancer. 
2022;128(11):2052–7.

16.	 Adalsteinsson VA, Ha G, Freeman SS, Choudhury AD, Stover DG, Parsons 
HA, et al. Scalable whole-exome sequencing of cell-free DNA reveals high 
concordance with metastatic tumors. Nat Commun. 2017;8(1):1324.

17.	 Belic J, Koch M, Ulz P, Auer M, Gerhalter T, Mohan S, et al. Rapid Identification 
of plasma DNA samples with increased ctDNA levels by a modified FAST-
SeqS Approach. Clin Chem. 2015;61(6):838–49.

18.	 Zhou X, Cheng Z, Dong M, Liu Q, Yang W, Liu M, et al. Tumor fractions deci-
phered from circulating cell-free DNA methylation for cancer early diagnosis. 
Nat Commun. 2022;13(1):7694.

19.	 Janke F, Angeles AK, Riediger AL, Bauer S, Reck M, Stenzinger A, et al. Longitu-
dinal monitoring of cell-free DNA methylation in ALK-positive non-small cell 
lung cancer patients. Clin Epigenetics. 2022;14(1):163.

20.	 Cristiano S, Leal A, Phallen J, Fiksel J, Adleff V, Bruhm DC, et al. Genome-
wide cell-free DNA fragmentation in patients with cancer. Nature. 
2019;570(7761):385–9.

21.	 Budhraja KK, McDonald BR, Stephens MD, Contente-Cuomo T, Markus H, 
Farooq M, et al. Genome-wide analysis of aberrant position and sequence 
of plasma DNA fragment ends in patients with cancer. Sci Transl Med. 
2023;15(678):eabm6863.

22.	 Shah M, Rahman A, Theoret MR, Pazdur R. The drug-dosing conundrum in 
oncology - when less is more. N Engl J Med. 2021;385(16):1445–7.

23.	 Administration USFaD. Optimizing the Dosage of Human Prescription Drugs 
and and Biological Products for the Treatment of Oncologic Diseases Guid-
ance for Industry. In: Services USDoHaH, Administration FaD, (OCE) OCoE, 
(CDER) CfDEaR, (CBER) CfBEaR, editors. 2024.

24.	 Chakiba C, Grellety T, Bellera C, Italiano A. Encouraging trends in Modern 
phase 1 oncology trials. N Engl J Med. 2018;378(23):2242–3.

25.	 Chihara D, Lin R, Flowers CR, Finnigan SR, Cordes LM, Fukuda Y, et al. Early 
drug development in solid tumours: analysis of National Cancer Institute-
sponsored phase 1 trials. Lancet. 2022;400(10351):512–21.

26.	 Menon S, Davies A, Frentzas S, Hawkins CA, Segelov E, Day D, et al. Recruit-
ment, outcomes, and toxicity trends in phase I oncology trials: six-year 
experience in a large institution. Cancer Rep (Hoboken). 2022;5(2):e1465.

27.	 Schwartz LH, Seymour L, Litiere S, Ford R, Gwyther S, Mandrekar S, et al. 
RECIST 1.1 - standardisation and disease-specific adaptations: perspectives 
from the RECIST Working Group. Eur J Cancer. 2016;62:138–45.

28.	 Seymour L, Bogaerts J, Perrone A, Ford R, Schwartz LH, Mandrekar S, et al. 
iRECIST: guidelines for response criteria for use in trials testing immunothera-
peutics. Lancet Oncol. 2017;18(3):e143–52.

29.	 Kruger S, Heinemann V, Ross C, Diehl F, Nagel D, Ormanns S, et al. Repeated 
mutKRAS ctDNA measurements represent a novel and promising tool for 
early response prediction and therapy monitoring in advanced pancreatic 
cancer. Ann Oncol. 2018;29(12):2348–55.

30.	 Moser T, Waldispuehl-Geigl J, Belic J, Weber S, Zhou Q, Hasenleithner SO, et 
al. On-treatment measurements of circulating tumor DNA during FOLFOX 
therapy in patients with colorectal cancer. NPJ Precis Oncol. 2020;4(1):30.

31.	 Unseld M, Belic J, Pierer K, Zhou Q, Moser T, Bauer R, et al. A higher ctDNA 
fraction decreases survival in regorafenib-treated metastatic colorectal 
cancer patients. Results from the regorafenib’s liquid biopsy translational 
biomarker phase II pilot study. Int J Cancer. 2021;148(6):1452–61.

32.	 Anagnostou V, Forde PM, White JR, Niknafs N, Hruban C, Naidoo J, et al. 
Dynamics of Tumor and Immune responses during Immune Checkpoint 
Blockade in Non-small Cell Lung Cancer. Cancer Res. 2019;79(6):1214–25.

33.	 Anagnostou V, Ho C, Nicholas G, Juergens RA, Sacher A, Fung AS, et al. ctDNA 
response after pembrolizumab in non-small cell lung cancer: phase 2 adap-
tive trial results. Nat Med. 2023;29(10):2559–69.

34.	 Herbreteau G, Vallee A, Knol AC, Theoleyre S, Quereux G, Varey E et al. Circu-
lating Tumor DNA Early kinetics Predict response of metastatic melanoma to 
Anti-PD1 immunotherapy: Validation Study. Cancers (Basel). 2021;13(8):1826.

35.	 Vega DM, Nishimura KK, Zariffa N, Thompson JC, Hoering A, Cilento V, et al. 
Changes in circulating Tumor DNA reflect clinical benefit across multiple 
studies of patients with non-small-cell lung Cancer treated with Immune 
Checkpoint inhibitors. JCO Precis Oncol. 2022;6:e2100372.

36.	 Weber S, van der Leest P, Donker HC, Schlange T, Timens W, Tamminga M, et 
al. Dynamic changes of circulating tumor DNA predict clinical outcome in 
patients with Advanced Non-small-cell Lung Cancer treated with Immune 
Checkpoint inhibitors. JCO Precis Oncol. 2021;5:1540–53.

37.	 Reichert ZR, Morgan TM, Li G, Castellanos E, Snow T, Dall’Olio FG, et al. Prog-
nostic value of plasma circulating tumor DNA fraction across four common 
cancer types: a real-world outcomes study. Ann Oncol. 2023;34(1):111–20.

38.	 Cousin SB, Trin L, Bayle K, Alame A, Rouleau M, Soubeyran E, Lacroix I, Blouin 
L, Vasseur L, Mathoulin-Pélissier D, Bellera S, C. A.; and, Italiano A. Tumor 
fraction to improve patient selection for oncology early phase clinical trials: 
analysis of two precision medicine studies. J Clin Oncol 2023;41, Number 
16_suppl.

39.	 Sanz-Garcia E, Genta S, Chen X, Ou Q, Araujo DV, Abdul Razak AR, et al. 
Tumor-naive circulating tumor DNA as an early response biomarker for 
patients treated with immunotherapy in early phase clinical trials. JCO Precis 
Oncol. 2023;7:e2200509.

40.	 Tsui DWY, Cheng ML, Shady M, Yang JL, Stephens D, Won H, et al. Tumor 
fraction-guided cell-free DNA profiling in metastatic solid tumor patients. 
Genome Med. 2021;13(1):96.

41.	 Rachman T, Bartlett D, LaFramboise W, Wagner P, Schwartz R, Carja O. Model-
ing the effect of spatial structure on solid tumor evolution and circulating 
tumor DNA composition. Cancers (Basel). 2024;16(5):844.

42.	 Husain H, Pavlick DC, Fendler BJ, Madison RW, Decker B, Gjoerup O, et al. 
Tumor Fraction correlates with detection of actionable variants across 
> 23,000 circulating tumor DNA samples. JCO Precis Oncol. 2022;6:e2200261.

43.	 Abbosh C, Swanton C, Birkbak NJ. Clonal haematopoiesis: a source of biologi-
cal noise in cell-free DNA analyses. Ann Oncol. 2019;30(3):358–9.

44.	 Bos MK, Nasserinejad K, Jansen M, Angus L, Atmodimedjo PN, de Jonge 
E, et al. Comparison of variant allele frequency and number of mutant 
molecules as units of measurement for circulating tumor DNA. Mol Oncol. 
2021;15(1):57–66.

45.	 Niemann B, Moise J, Sestito M, Malla M, Train K, Murken D et al. Circulating 
tumor DNA (ctDNA) clearance may predict treatment response in Neoadju-
vant Colorectal Cancer Management. J Clin Med. 2024;13(6):1684.

46.	 Song Y, Hu C, Xie Z, Wu L, Zhu Z, Rao C, et al. Circulating tumor DNA clear-
ance predicts prognosis across treatment regimen in a large real-world 
longitudinally monitored advanced non-small cell lung cancer cohort. Transl 
Lung Cancer Res. 2020;9(2):269–79.

47.	 Martinez-Saez O, Pascual T, Braso-Maristany F, Chic N, Gonzalez-Farre B, 
Sanfeliu E, et al. Circulating tumor DNA dynamics in advanced breast cancer 
treated with CDK4/6 inhibition and endocrine therapy. NPJ Breast Cancer. 
2021;7(1):8.

48.	 Thompson JC, Carpenter EL, Silva BA, Rosenstein J, Chien AL, Quinn K et 
al. Serial monitoring of circulating Tumor DNA by next-generation gene 
sequencing as a biomarker of response and survival in patients with 
Advanced NSCLC receiving Pembrolizumab-based therapy. JCO Precis Oncol. 
2021;5:PO.20.00321.

49.	 Zhang Q, Luo J, Wu S, Si H, Gao C, Xu W, et al. Prognostic and predictive 
impact of circulating Tumor DNA in patients with Advanced Cancers treated 
with Immune Checkpoint Blockade. Cancer Discov. 2020;10(12):1842–53.

50.	 Parikh AR, Mojtahed A, Schneider JL, Kanter K, Van Seventer EE, Fetter IJ, et 
al. Serial ctDNA monitoring to predict response to systemic therapy in meta-
static gastrointestinal cancers. Clin Cancer Res. 2020;26(8):1877–85.

51.	 Kato K, Uchida J, Kukita Y, Kumagai T, Nishino K, Inoue T, et al. Numerical 
indices based on circulating tumor DNA for the evaluation of therapeu-
tic response and disease progression in lung cancer patients. Sci Rep. 
2016;6:29093.

52.	 Zhou Q, Moser T, Perakis S, Heitzer E. Untargeted profiling of cell-free circulat-
ing DNA. Translational Cancer Res. 2017:S140–52.

53.	 Vasudevan A, Schukken KM, Sausville EL, Girish V, Adebambo OA, Sheltzer 
JM. Aneuploidy as a promoter and suppressor of malignant growth. Nat Rev 
Cancer. 2021;21(2):89–103.

54.	 Douville C, Cohen JD, Ptak J, Popoli M, Schaefer J, Silliman N, et al. Assessing 
aneuploidy with repetitive element sequencing. Proc Natl Acad Sci U S A. 
2020;117(9):4858–63.

55.	 Douville C, Springer S, Kinde I, Cohen JD, Hruban RH, Lennon AM, et al. 
Detection of aneuploidy in patients with cancer through amplification of 
long interspersed nucleotide elements (LINEs). Proc Natl Acad Sci U S A. 
2018;115(8):1871–6.

56.	 Kinde I, Papadopoulos N, Kinzler KW, Vogelstein B. FAST-SeqS: a simple 
and efficient method for the detection of aneuploidy by massively parallel 
sequencing. PLoS ONE. 2012;7(7):e41162.

57.	 Suppan C, Brcic I, Tiran V, Mueller HD, Posch F, Auer M et al. Untargeted 
Assessment of Tumor fractions in plasma for monitoring and prognostica-
tion from metastatic breast Cancer patients undergoing systemic treatment. 
Cancers (Basel). 2019;11(8):1171.

58.	 Dandachi N, Posch F, Graf R, Suppan C, Klocker EV, Muller HD, et al. Longi-
tudinal tumor fraction trajectories predict risk of progression in metastatic 



Page 10 of 10Guigal-Stephan et al. Journal of Experimental & Clinical Cancer Research           (2025) 44:79 

HR(+) breast cancer patients undergoing CDK4/6 treatment. Mol Oncol. 
2021;15(9):2390–400.

59.	 Mendelaar PAJ, Robbrecht DGJ, Rijnders M, de Wit R, de Weerd V, Deger T, et 
al. Genome-wide aneuploidy detected by mFast-SeqS in circulating cell-free 
DNA is associated with poor response to pembrolizumab in patients with 
advanced urothelial cancer. Mol Oncol. 2022;16(10):2086–97.

60.	 Heitzer E, Ulz P, Belic J, Gutschi S, Quehenberger F, Fischereder K, et al. Tumor-
associated copy number changes in the circulation of patients with prostate 
cancer identified through whole-genome sequencing. Genome Med. 
2013;5(4):30.

61.	 Mouliere F, Chandrananda D, Piskorz AM, Moore EK, Morris J, Ahlborn LB et al. 
Enhanced detection of circulating tumor DNA by fragment size analysis. Sci 
Transl Med. 2018;10(466).

62.	 Poell JB, Mendeville M, Sie D, Brink A, Brakenhoff RH, Ylstra B. ACE: absolute 
copy number estimation from low-coverage whole-genome sequencing 
data. Bioinformatics. 2019;35(16):2847–9.

63.	 Christodoulou E, Yellapantula V, O’Halloran K, Xu L, Berry JL, Cotter JA, et 
al. Combined low-pass whole genome and targeted sequencing in liquid 
biopsies for pediatric solid tumors. NPJ Precis Oncol. 2023;7(1):21.

64.	 Davis AA, Iams WT, Chan D, Oh MS, Lentz RW, Peterman N, et al. Early Assess-
ment of Molecular Progression and response by whole-genome circulating 
tumor DNA in Advanced Solid tumors. Mol Cancer Ther. 2020;19(7):1486–96.

65.	 Norgaard M, Bjerre MT, Fredsoe J, Vang S, Jensen JB, De Laere B, et al. 
Prognostic value of low-pass whole genome sequencing of circulating 
Tumor DNA in metastatic castration-resistant prostate Cancer. Clin Chem. 
2023;69(4):386–98.

66.	 Zill OA, Banks KC, Fairclough SR, Mortimer SA, Vowles JV, Mokhtari R, et 
al. The Landscape of Actionable genomic alterations in cell-free circulat-
ing tumor DNA from 21,807 Advanced Cancer patients. Clin Cancer Res. 
2018;24(15):3528–38.

67.	 Prat A, Braso-Maristany F, Martinez-Saez O, Sanfeliu E, Xia Y, Bellet M, et al. 
Circulating tumor DNA reveals complex biological features with clinical 
relevance in metastatic breast cancer. Nat Commun. 2023;14(1):1157.

68.	 Li L, Sun Y. Circulating tumor DNA methylation detection as biomarker and 
its application in tumor liquid biopsy: advances and challenges. MedComm 
(2020). 2024;5(11):e766.

69.	 Angeli-Pahim I, Chambers A, Duarte S, Soma D, Beduschi T, Sahin I, et al. 
Methylated ctDNA quantification: Noninvasive Approach to Monitoring 
Hepatocellular Carcinoma Burden. J Am Coll Surg. 2024;238(4):770–8.

70.	 Geissler F, Nesic K, Kondrashova O, Dobrovic A, Swisher EM, Scott CL, et 
al. The role of aberrant DNA methylation in cancer initiation and clinical 
impacts. Ther Adv Med Oncol. 2024;16:17588359231220511.

71.	 Barault L, Amatu A, Siravegna G, Ponzetti A, Moran S, Cassingena A, et al. 
Discovery of methylated circulating DNA biomarkers for comprehensive non-
invasive monitoring of treatment response in metastatic colorectal cancer. 
Gut. 2018;67(11):1995–2005.

72.	 Ryu H, Kim JH, Kim YJ, Jeon H, Kim BC, Jeon Y, et al. Quantification method of 
ctDNA using cell-free DNA methylation profile for noninvasive screening and 
monitoring of colon cancer. Clin Epigenetics. 2024;16(1):95.

73.	 Melton CA, Freese P, Zhou Y, Shenoy A, Bagaria S, Chang C et al. A novel 
tissue-free method to Estimate Tumor-Derived cell-free DNA quantity using 
Tumor methylation patterns. Cancers (Basel). 2023;16(1):82.

74.	 de Vos L, Jung M, Koerber RM, Bawden EG, Holderried TAW, Dietrich J, et al. 
Treatment response monitoring in patients with Advanced malignancies 
using cell-free SHOX2 and SEPT9 DNA methylation in blood: an observational 
prospective study. J Mol Diagn. 2020;22(7):920–33.

75.	 Wang H, Zhang B, Chen D, Xia W, Zhang J, Wang F, et al. Real-time monitoring 
efficiency and toxicity of chemotherapy in patients with advanced lung 
cancer. Clin Epigenetics. 2015;7:119.

76.	 Stutheit-Zhao EY, Sanz-Garcia E, Liu ZA, Wong D, Marsh K, Abdul Razak AR, et 
al. Early changes in Tumor-Naive Cell-Free methylomes and fragmentomes 
Predict outcomes in Pembrolizumab-treated solid tumors. Cancer Discov. 
2024;14(6):1048–63.

77.	 Yasui K, Toshima T, Inada R, Umeda Y, Yano S, Tanioka H, et al. Circulating 
cell-free DNA methylation patterns as non-invasive biomarkers to monitor 
colorectal cancer treatment efficacy without referencing primary site muta-
tion profiles. Mol Cancer. 2024;23(1):1.

78.	 Bartak BK, Fodor T, Kalmar A, Nagy ZB, Zsigrai S, Szigeti KA et al. A Liquid 
Biopsy-Based Approach for Monitoring Treatment response in post-operative 
colorectal Cancer patients. Int J Mol Sci. 2022;23(7).

79.	 Cristall K, Bidard FC, Pierga JY, Rauh MJ, Popova T, Sebbag C, et al. A DNA 
methylation-based liquid biopsy for triple-negative breast cancer. NPJ Precis 
Oncol. 2021;5(1):53.

80.	 Silva R, Moran B, Baird AM, O’Rourke CJ, Finn SP, McDermott R, et al. Longitu-
dinal analysis of individual cfDNA methylome patterns in metastatic prostate 
cancer. Clin Epigenetics. 2021;13(1):168.

81.	 Sanz Garcia E, Zhao EY, Liu Z, Marsh K, Abdul Razak AR, Spreafico A, Bedard 
PL, Hansen AR, Lheureux S, Torti D, Lam B, Pugh TJ. and L. Siu L.L:. Methylated 
circulating tumor DNA (cfMeDIP) as a predictive biomarker of clinical out-
come in pan-cancer patients (pts) treated with pembrolizumab (P). Journal of 
Clinical Oncology 2022;40, Number 16_suppl.

82.	 Moser T, Kuhberger S, Lazzeri I, Vlachos G, Heitzer E. Bridging bio-
logical cfDNA features and machine learning approaches. Trends Genet. 
2023;39(4):285–307.

83.	 Ding SC, Lo YMD, Cell-Free DNA. Fragmentomics Liquid Biopsy Diagnostics 
(Basel). 2022;12(4):978.

84.	 Skidmore ZLvtE I, Lumbard K, Alipanahi B, Keefer L, Rinaldi L, Carey J, Jennifer 
Tom J, Punt CJA, Dracopoli NC, Meijer GA, Scharpf RB, Velculescu VE, Fijneman 
R.; and Leal A. Cell-free DNA fragmentation profiling for therapeutic response 
monitoring in metastatic colorectal cancer. Ournal Clin Oncol 2023;41, Num-
ber 16_suppl.

85.	 Renaud G, Norgaard M, Lindberg J, Gronberg H, De Laere B, Jensen JB et al. 
Unsupervised detection of fragment length signatures of circulating tumor 
DNA using non-negative matrix factorization. Elife. 2022;11:e71569.

86.	 Thien Nguyen CV, Hanh Nguyen TH, Vo DH, Vi Van TT, Huong Nguyen GT, 
Tran TH, et al. Evaluation of a multimodal ctDNA-based assay for detec-
tion of aggressive cancers lacking standard screening tests. Future Oncol. 
2025;21(1):105–15.

87.	 Vavoulis DV, Cutts A, Thota N, Brown J, Sugar R, Rueda A, et al. Multimodal 
cell-free DNA whole-genome TAPS is sensitive and reveals specific cancer 
signals. Nat Commun. 2025;16(1):430.

88.	 An Y, Zhao X, Zhang Z, Xia Z, Yang M, Ma L, et al. DNA methylation analysis 
explores the molecular basis of plasma cell-free DNA fragmentation. Nat 
Commun. 2023;14(1):287.

89.	 Moldovan N, van der Pol Y, van den Ende T, Boers D, Verkuijlen S, Creem-
ers A, et al. Multi-modal cell-free DNA genomic and fragmentomic 
patterns enhance cancer survival and recurrence analysis. Cell Rep Med. 
2024;5(1):101349.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.


	﻿A perspective review on the systematic implementation of ctDNA in phase I clinical trial drug development
	﻿Abstract
	﻿Background
	﻿Paradigm change in Phase I investigational drug trials
	﻿I. Dose optimization rather than maximal tolerated dose
	﻿II. Patients: from an “all-comers” approach to a more “targeted” population
	﻿III. Getting early signals of molecular response

	﻿Systematic implementation of liquid biopsy to inform the new paradigm
	﻿Systematic implementation of ctDNA at baseline and during treatment
	﻿I. challenges of mutation-based assessment of TF and kinetics
	﻿II. Aneuploidy-based assessment of tumour fractions and kinetics as a cost-effective alternative to mutations
	﻿III. Non-genetic features as surrogates for TF

	﻿Conclusion
	﻿References


