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Abstract
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Plasma circulating tumor DNA (ctDNA) enables non-invasive monitoring of metastatic cancer. However, the
detection of low tumor content (TC) via tumor tissue-agnostic approaches remains challenging. We introduce
METER, a computational strategy exploiting tumor-type specific DNA methylation patterns for sensitive ctDNA
detection, accurate quantification, and subtyping from plasma low-pass (0.5-1x) whole-methylome sequencing.

In longitudinal samples from metastatic breast cancer patients, METER demonstrated a stronger association with
clinical outcomes than both state-of-the-art ctDNA methods and matched circulating tumor cell (CTC) counts,
even at TC below 3%. METER (https://github.com/caos-lab-unifi/METER) integrates TC estimation and subtyping in a
single framework, enabling sensitive and accurate analyses for precision oncology.
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Background

Cell-free DNA (cfDNA)-based liquid biopsy is becom-
ing critical for clinical management of cancer patients
[1, 2] and, supported by a large body of clinical studies,
is expected to play a major role in oncological practice in
the near future. In the metastatic setting, it can comple-
ment imaging to improve response monitoring [3], offer-
ing several advantages over traditional tissue biopsies. It
is not limited by challenging-to-access metastatic sites,
and its minimal invasiveness enables serial sampling for
real-time disease monitoring and timely treatment inter-
ventions [4]. A primary strategy for these applications
involves evaluating the presence and proportion of cir-
culating tumor DNA (ctDNA) within the total cell-free
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DNA (cfDNA) from patients’ blood samples, referred
to as tumor content (TC). Indeed, TC has emerged as
an independent prognostic biomarker in various can-
cers, including breast cancer (BC) [5, 6], and as a pow-
erful tool for monitoring disease during treatment [7].
Elevated TC levels are associated with relevant molecular
features such as actionable variants and high mutational
and copy number burden [8, 9]. The detection of plasma
ctDNA may indicate poor response to treatment and a
higher risk of early disease progression [1]. Moreover,
ctDNA profiling may facilitate the monitoring of tumor
phenotypic transformations and the emergence of molec-
ular resistance mechanisms, overcoming challenges
associated with metastatic biopsies and intra-tumoral
heterogeneity [10, 11]. Improving TC analysis through
scalable and robust methods is, therefore, a priority in
precision oncology, enabling advancements in real-time
disease monitoring and treatment optimization. One of
the most common and effective strategies for measur-
ing TC consists in the analysis of copy number altera-
tions (CNA) and somatic point mutations either from
target sequencing [12-15] or low-pass whole genome
sequencing (IpWGS) by ichorCNA [16]. IpWGS has sev-
eral advantages compared to other approaches based on
the analysis of CNA or circulating mutations from tar-
geted assays [17, 18]. First, it requires a low input DNA
amount, enhancing the likelihood of successful analysis
of liquid biopsy samples. Second, it is tumor-type agnos-
tic, requiring no prior information about the molecular
characteristics of the metastases shedding DNA in the
circulation. Third, it is highly reproducible and cost-
effective as it relies on well-established library prepara-
tion protocols, requires a few million reads, and utilizes
state-of-the-art computational tools. However, its typi-
cal lower limit of TC detection of ~ 3% hinders its clini-
cal applicability in challenging low-TC settings, such as
metastatic disease monitoring at early treatment lines,
where ctDNA detection is critical [19], failing to provide
effective stratification of patients and hindering accurate
identification of responders or early progressors. Fur-
ther, low-pass CNA-based approaches are not ideal for
assessing tumor-specific transcriptional programs that
cannot be easily inferred by genomic alterations. Recent
methods based on the analysis of genome-wide [10, 18,
20] or targeted DNA-methylation patterns [11, 18], epig-
enomics profiling [11, 21, 22], nucleosome position-
ing [23] and fragmentomics [17, 24] enable the analysis
of both TC and relevant molecular features typically
measurable in tumor tissues, such as histological and
molecular subtypes. However, most of these epigenetics-
based approaches, based on machine learning classifi-
ers, require non-trivial experimental procedures, deep
sequencing and prior knowledge of epigenetics features
for their application.
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We reasoned that the pervasiveness of cancer-related
DNA-methylation patterns provides a robust signal,
enabling ctDNA analysis through shallow, genome-wide
sequencing approaches [25, 26]. Based on this, we devel-
oped METER (DNA-METhylome AnalysER), a compu-
tational tool for ctDNA analysis from low-pass whole
methylome sequencing of cfDNA samples. To evaluate
METER’s performance and its clinical relevance in the
metastatic setting, we applied our method to 338 plasma
samples from 124 patients with metastatic breast cancer
(mBC) on early-line treatment, representing a challeng-
ing scenario spanning low TC levels from two indepen-
dent cohorts. METER provided precise TC quantification
and demonstrated enhanced sensitivity in TC detection,
enabling effective disease monitoring and prognostic
stratification. Additionally, it accurately inferred tumor
subtypes, facilitating comprehensive analysis of tumor
signals in circulation.

Methods

Study cohorts

The MIMESIS-1 and MIMESIS-2 studies enrolled
patients with mBC coordinated at the Hospital of Prato
(Italy) (CEAVC Em.2021-CEAVC study 15108, Area
Vasta Toscana Centro and local Ethics Committee of
the Hospital of Prato). The MIMESIS-1 dataset consists
of 154 plasma samples from 30 healthy donors (Preci-
sion Medicine Group, LLC) and 59 patients with mBC
[27, 28]. Most patients had hormone receptor positive/
HER2 negative (HR+/HER2-) mBC (N = 36, 61%), while
the remainder had HER2+ (N = 10, 17%) or triple nega-
tive breast cancer (TNBC) (N = 11, 19%). At study entry,
88% of patients (N = 52) had received fewer than 3 met-
astatic treatment lines (range 0-6), and 90% of patients
(N = 53) had fewer than 4 metastatic sites at study entry
(maximum 6). Main clinical characteristics are reported
in Additional File 1: Table S1. Plasma samples were col-
lected before initiating systemic therapy (pre-treatment
baseline, BL; N = 59), after the first treatment cycle (day
1 of cycle 2, C2D1; N = 43), and at progression (Prog; N
= 22). IpWGBS of plasma cell-free DNA was performed,
yielding a median per-sample coverage of 0.8x (range
0.3-2.0x), corresponding to a median of 21 (range 7-50)
million reads per sample. Circulating tumor cells (CTC)
counts were previously determined for all patients, for
121 of 124 samples [29-31].

The MIMESIS-2 dataset includes 214 plasma samples
from 65 patients with mBC. Most patients had HR+/
HER2- mBC (N = 53, 82%), with HER2+ (6, 9%), TNBC
(5, 8%), and one patient HR+ with unknown HER2 sta-
tus. All patients had received no or one metastatic treat-
ment line at study entry (48% and 52%, respectively),
and 92% (N=60) had fewer than four metastatic sites
(range 1-6). Main clinical characteristics are reported
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in Additional File 1: Table S2. Plasma samples were col-
lected at 6 serial time points: BL (N=62), C2D1 (N=62),
at the first three radiological evaluations (imaging, 11
(N=3), 12 (N=26), I3 (N=23)), and at Prog (N =38). IpW-
GBS of plasma cell-free DNA was performed, yielding a
median per-sample coverage of 0.5x (range: 0.1-2x), cor-
responding to a median of ~ 14 million reads per sample
(range: 4—48 million reads). The median follow-up was
31 months.

To evaluate METER in early-stage disease, we analyzed
pre-operative plasma samples from four patients enrolled
in the LIBIMET study (CEAVC Em.2024-CEAVC study
11252, Area Vasta Toscana Centro). LIBIMET is a mul-
ticenter, prospective study aimed at redefining prognos-
tic stratification in colorectal cancer (CRC) using liquid
biopsy—based biomarkers in patients with stage III and
high-risk stage II disease [32].

Plasma samples collection, cfDNA extraction and library
preparation

cfDNA was extracted by QIAmp Circulating Nucleic acid
Kit (Qiagen) and quantified by Qubit (Qubit dsDNA High
Sensitivity Kit, Life Technologies). cfDNA samples were
stored at —80 °C until the bisulfite conversion. Approxi-
mately 20 ng (mean: 19.8 ng; range: 10.52 ng—-22.9 ng)
of cfDNA was bisulfite converted using the EZ DNA
Methylation-Lightning Kit (Zymo Research) according
to the manufacturer’s instructions. Samples with vol-
ume exceeded the 20ul input for conversion was concen-
trated by SpeedVac DNA130 (Thermo Fisher Scientific)
at 35 °C. Bisulfite-converted cfDNA was eluted into 15pul
of Low EDTA TE and used for library preparation. For
MIMESIS-1 and LIBIMET, libraries were prepared using
Accel-NGS Methyl-Seq DNA Library Kit (Swift Biosci-
ences), Swift Normalase Unique Dual Indexing Primer
Plates (Swift Biosciences) and KAPA HiFi HotStart Ura-
cil (Roche), according to the manufacturer’s instructions.
For MIMESIS-2, libraries were prepared using the xGen™
Methyl-Seq Lib Prep (IDT), xGen Normalase UDI Prim-
ers plates (IDT) and KAPA HiFi HotStart Uracil (Roche)
according to the manufacturer’s instructions. 13 cycles of
indexing PCR were conducted in order to achieve at least
300 ng of library product. Libraries’ size distribution and
concentration were analyzed respectively by Bioanalyzer
DNA High Sensitivity Kit (Agilent) and Qubit (Qubit
dsDNA High Sensitivity Kit, Life Technologies) before
pooling and sequencing. Sequencing was performed with
15-25% PhiX (Illumina) spike-in at 2x 150 bp on Illu-
mina NovaSeq 6000.

In vitro and in silico artificial samples

In vitro artificial dilutions were generated mixing
DNA extracted from luminal T47D BC cell line cul-
ture medium, as a surrogate of circulating tumor

Page 3 of 20

DNA (s-ctDNA), and a human mixed genomic DNA
(PROMEGA) (0, 0.1, 0.5, 1, 2.5 and 5%). s-ctDNA was
extracted by QIAmp Circulating Nucleic Acid Kit (Qia-
gen) and quantified by Qubit dsDNA High Sensitivity
Kit, (Life Technologies). IpWGBS of these samples was
generated as described in the previous section.

In silico artificial dilutions were generated by combin-
ing sequenced reads from WGBS of the luminal MCF7
breast cancer cell line, downloaded from Sequence Read
Archive (SRA, GEO accession: GSM3336908) [33], with
sequenced reads from pooled IpWGBS of 20 controls
from the MIMESIS-1 dataset. Reads from these two
sources were randomly sampled and mixed in propor-
tions to simulate increasing TC and sequence coverage,
using SAMtools version 1.16.1 [34]. Specifically, TC val-
ues ranging from 0 to 0.02 were simulated, generating
10 dilutions for each TC point, within distinct simulated
coverage levels: 0.7x, 1.3x, 2.7x, and 4.0x. ]pWGBS data
from 20 out of 30 controls available were used to gener-
ate the dilutions, while data from the remaining 10 con-
trols were pooled and subsequently used to generate 10
additional artificial controls, for each simulated coverage
interval, through the random sampling of reads using
SAMtools.

Processing of cfDNA-methylation data

Sequenced reads were processed through the ‘methylseq’
pipeline version 1.6.1 within the nf-core project [35] ver-
sion 2.2, using the Bismark [36] workflow. Briefly, reads
were aligned to the hg38 genome version using Bismark,
trimmed using Accel-Ngs Methyl-seq specific parame-
ters by Trim Galore [37]. Deduplication and methylation
calls were obtained using Bismark. For in silico artificial
dilutions, only the final step of methylation calls using
Bismark was applied, as the sequenced reads used in cre-
ating the dilutions had already undergone processing.

Selection of informative BC-specific DMS and DMR
Rocker-meth [38] was applied with default parameters to
identify BC-specific differentially methylated CpG sites
(DMS) and regions (DMR) by comparing CpG pB-values
from WGBS of 30 BC tissue samples from the BASIS
dataset [39] and 23 healthy cfDNA samples from Loyfer
et al. [40].

The B-value of a CpG s in sample j is the fraction of
methylated calls among all calls covering s, reflecting the
proportion of cells in which the CpG is methylated [36,
41]:

) )
B ) (s) = . n, Y (s) .
nm(J) (s) + nu(J) (s)
where nEﬂ? and n,) are the methylated and unmethyl-
ated read counts, respectively.
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Lets = 1, ..., Sindex the CpG sites. We select those
satisfying the following criteria:

AUC (s) > 0.8 (hyper) OR AUC (s) < 0.2 (hypo)

‘Etumor (S> - Econtrol (S) | > 0.4

(Q3 (Beontrol (8)) < 0.1 AND (Byymor () = Beontrol (8)) > 0) (hyper) OR

(Ql (ﬁ(tontrol(s)) > 0.9 AND (ﬁtumor (S) - Bcomrol (S)) < 0) (hypo)

where: AUC (s) is the area under the curve of a receiver
operating characteristic (ROC) curve of a sites s separat-
ing tumor from control samples computed by Rocker-
meth; B (s) is the mean B-value by group for site s; Q3
and Q1 are the third and first quartiles, respectively.

This procedure yielded a set Dpc, including ~45k
hypermethylated and ~ 165k hypomethylated BC-specific
DMS (Additional File 1: Table S3).

Let g=1,..., G index the genomic regions. We
select those satisfying the following criteria:

FDR (g) < 0.05

|Etumor (g> - Econtrol (g) | > 0.2

(Q3 (Beontrol(g)) < 0.1 AND (Etumor (g) - Econtrol (g)) > 0) (hyper) OR

(Ql (Bcontrol(g)> > 0.9AND (Bhumor (g) - B(:ontr()l (g)) < 0) (hypo)

where: FDR (g) is the adjusted (Benjamini-Hochberg)
p-value of a DMR g by Rocker-meth; B (g)is computed
as the mean of the B-values of the single CpGs within a
region g (B-by-DMR) by group; Q3 and Q1 are third and
first quartiles, respectively.

This procedure yielded a set Gpc, including 1778
hypermethylated and 6703 hypomethylated BC-specific
DMR (Additional File 1: Table S4).

Details and characterization of the selected DMR are
provided in Additional File 2: Supplementary Text and
Fig. SIA-F.

Selection of ER status-informative DMR
ER status-informative DMR were identified from the
previously defined BC-specific DMR by comparing CpG
B-values from WGBS of ER+/HER2- (N = 24) and ER-/
HER2- (N = 5) tumors in the BASIS dataset [39].

Letg =1, ..., B index the BC-specific DMR in Gpc.
We select those satisfying the following criteria:

ngR+ (g) — Bgr. (g)]>02
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where B (g) denotes the mean B-by-DMR values by
group.

This procedure yielded 635 hypermethylated and 970
hypomethylated (ER+/HER2- vs. ER-/HER2- direction)
DMR (Additional File 2: Supplementary Text and Fig.
S1G-K).

The METER computational tool

METER is a computational tool to analyze ctDNA
exploiting DMS and DMR from IpWGBS data of cfDNA
samples. It comprises three modules: (1) METER-quant,
to measure ctDNA level (i.e. TC), based on tumor-spe-
cific DMS; (2) METER-detect, to classify samples as
ctDNA+or ctDNA- (that is ¢tDNA is detected or not),
based on tumor-specific DMR; (3) METER-subtype to
infer specific subtype from ctDNA, based on tumor sub-
type-specific DMR.

METER-quant
METER-quant computes for a sample the proportion
of tumor-like CpG sites (pT'S) from IpWGBS data as a
proxy for the sample’s TC.

The a-value of a read is defined as the average methyla-
tion state across all CpGs covered by that read [42]:

1
a (r) = -~ ZXL,.
T =1

where n,is the number of CpGs covered by read
r, and X, € {0, 1} is the methylation call at CpG 1i in
r (1 = methylated, 0 = unmethylated).

For a sample j, we define pTSY as the ratio between
hypermethylated DMS with B) (s) = 1 or hypometh-
ylated DMS with B0 (s) = 0 (i.e., DMS consistent with
the tumor-specific direction) and the total number of
covered DMS with U (s) € {0, 1}. To reduce bisulfite-
conversion artifacts and increase specificity, BU) (s) is
computed considering only reads with « (r) € {0, 1}
and n, > 6 (user selectable parameter). Formally, let

s = 1, ..., Sindex the DMS;
PV = {50 (s) € {0.1}}

T (s) € {hyper,hypo} (tumor versus normal direction).
We define:

1if T (s) = hyper AND B (.j) (s)=1
1if T (s) = hypo AND B W (s) =0
0 otherwise

70 (s) =
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TS — > se DO T ) (s)
p o \D(j)|

where BU) (s) is computed considering only reads with
a (r) € {0,1} andn, > 6.

In addition to the direct TC estimate through pTS, we
trained a linear model on 94 (60%) randomly selected
samples (N = 76 tumors, N = 18 controls) from the
MIMESIS-1 cohort, using pTS as predictor and refer-
ence TC given by 0 for control cfDNA and ichorCNA-
estimated [16] TC for tumor ¢fDNA. The model was then
evaluated on the remaining 60 (40%) samples (N = 48
tumors, N = 12 controls), and negative predictions were
truncated to zero. Parameters and results are shown in
Additional File 2: Fig. S2 and Additional File 1: Table S5.

METER-detect

METER-detect computes for a sample the proportion of
tumor-like sequencing reads (pTR) from IpWGBS, and
then classifies the sample as ctDNA-positive (ctDNA+,
METER+) or ctDNA-negative (ctDNA-, METER-)
through a Z-score rule relative to the distribution in con-
trol cfDNA samples (reference distribution).

As in METER-quant, we retain reads with
a (r) € {0, 1} and n, > 6 (user selectable parameter),
and define pTR(j) as the ratio between retained reads
with « (r) =1 mapping to hypermethylated DMR or
reads with a (r) = 0 mapping to hypomethylated DMR
(i.e., reads consistent with the tumor-specific direction)
and the total number of retained reads. Formally, let

g=1,...,G index the DMR;

T (g) € {hyper, hypo} (tumor versus normal direction)
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where (., and o ;1 denote, respectively, the mean
and standard deviation of pTR across control cfDNA
samples.

Finally, for a sample j

_ [ tDNA + if 20 > 7,
ctDNA — ifZW < 2,

Where z; is a user selectable threshold, and for this
study z; = 3 (precomputed thresholds corresponding to
Z-scores of 2, 3, and 4 relative to the 30 controls from the
MIMESIS-1, are provided in METER-detect).

Prior to pTR computation, an additional filter was
applied to exclude DMR exhibiting unexpected methyla-
tion signal in control samples. Specifically:

+ any hypermethylated DMR that was covered by
one or more reads with « (r) = 1andn, > 6 (i.e.
exhibiting an unexpected tumor-like methylation
pattern) in at least three control samples was
excluded.

+ any hypomethylated DMR that was covered by one
or more reads with « (r) = 0and n, > 6 in at least
three control samples was excluded.

For the 30 samples considered in this study, a total of 40
DMR were excluded (Additional File 1: Table S6).

METER-subtype

METER-subtype was developed to infer tumor subtype
from cfDNA samples using selected subtype-specific
DMR and the EpiDISH R package [43], which implements
reference-based deconvolution via robust partial correla-
tions (RPC). While the original application of EpiDISH
'exploited B-values of informative CpGs, we reasoned that
in low-pass settings, leveraging B-values of informative
DMR, taking advantage of the pervasive nature of DNA

RY = {r: a(r) € {0,1} ANDr maps to some g € G}.methylation, would provide greater granularity.

We define:

70 (r) = {

TR — 2 rer0T Y (1)
PR = RO

1if T (g) = hyper AND « (r) =
1if T (g) = hypo AND « (r) =
0 otherwise

1
0,

Then, for a sample j, we compute the Z-score relative to
controls:

pTR(J) — M octrl

O ctrl

70 —

To assess ER status from I[pWGBS of the MIMESIS-1
and MIMESIS-2 cfDNA samples, we selected 1605 ER
status-informative DMR (Additional File 2: Supplemen-
tary Text and Additional File 1: Table S7 for the genomic
coordinates of selected DMR) and built a three-compo-
nent reference model (ER+, ER-, healthy cfDNA). Refer-
ence profiles were obtained as median -by-DMR values,
defined as the mean p-values of CpGs within each DMR,
using ER+/HER2- and ER-/HER2- samples from the
BASIS dataset [39], and healthy cfDNA samples from
Loyfer et al. [40]. For IpWGBS cfDNA data, p-by-DMR
values were computed as the ratio of methylated to total
calls across all CpGs within each DMR, and used to esti-
mate ER+ and ER- weights. ER status was then assigned
according to the maximum weight between ER+ and ER-.
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This procedure was integrated into METER-subtype
module and generalized to support custom subtype defi-
nitions and marker sets.

Analysis of false discovery rate of METER-detect

The false discovery rate (FDR) of METER-detect was
assessed through a leave-one-out strategy applied to pTR
in control samples. At each iteration, one control sample
was classified as METER+ or METER- based on the refer-
ence model (mean and sd for Z-score and DMR cleaning)
estimated using the other 29 samples. The relationship
between FDR and Z-score thresholds, from 1 to 6, was
investigated. Following this procedure, we classified 0 out
of 30 controls as ctDNA+ using a Z-score =3, supporting
an FDR of less than or equal to 0.05 in our dataset.

Copy number alterations-based estimation of tumor
content in cfDNA using ichorCNA

To quantify and detect ctDNA based on copy num-
ber alterations (CNAs), ichorCNA version 0.3.2 [16]
was applied to IpWGBS data from cfDNA samples in
the MIMESIS-1 and MIMESIS-2 cohorts. To evalu-
ate the feasibility of applying ichorCNA to WGBS, we
first evaluated its reliability using nine cfDNA samples
from advanced metastatic prostate cancer patients with
matched WES and WGBS [10] (Additional File 2: Supple-
mentary Text and Fig. S3 and S4), demonstrating excel-
lent concordance for CNA profiling and consistent TC
estimates, in line with previous studies [20, 44, 45]. For
the analysis on IpWGBS data, we included only reads
with a mapping quality > 20, used a genomic bin size of
500 kb, setting a normal fraction range from 0 to 0.99. A
reference panel of normal samples was generated using
IpWGBS data from 30 healthy cfDNA samples from the
MIMESIS-1 dataset, using the dedicated ichorCNA
R script. Samples were classified as ctDNA-positive
(ichorCNA+) or ctDNA-negative (ichorCNA-) based on
ichorCNA’s lower detection limit of 3% tumor content.

Comparative analysis of METER with CancerDetector,
CfDeconvolve and Griffin

We performed comparative analysis of METER-quant
and METER-detect with CancerDetector [42] and
METER-subtype with cfDeconvolve [42] and Griffin [23]
in the MIMESIS-1 dataset. CancerDetector was applied
via the cfTools R package version 1.8.0. Since the pack-
age does not provide predefined BC-specific reference
model, we used our previously selected BC-specific DMR
as input markers. CancerDetector was evaluated across a
range of lambda values (representing the expected rela-
tive tumor burden) from 0.001 to 0.9, observing consis-
tent and stable estimations starting at lambda = 0.4;
therefore, the default lambda value (lambda = 0.5) was
used for downstream analyses and comparison with
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METER. cfDeconvolve was applied using the cfTools R
package version 1.8.0, using our predefined list of sub-
type-specific DMR, comprising three components (ER+/
HER2-, ER-/HER2-, and healthy cfDNA). cfDeconvolve
was evaluated using the two deconvolution algorithms
available within the package, which produced highly con-
cordant estimates of subtype contributions (Pearson’s
R > 0.99). Using the em.global.unknown algorithm, we
computed the difference between ER+/HER2- and ER-/
HER2- component estimates to construct a ROC curve
to evaluate classification performance, using IHC biopsy
as the reference standard. Griffin version 0.2.0 (https:/
/github.com/adoebley/Griffin) was evaluated using the
ER-differential ATAC-seq sites provided in the supple-
mentary materials of the original publication and the
pretrained model available at https://github.com/adoeb
ley/Griffin_analyses/tree/main/final_models/ER_status.
Classification performance was evaluated by generating
a ROC curve based on the ER+ probability estimated by
the model, using IHC biopsy as the reference standard.

Evaluation of coverage levels on METER-detect sensitivity
To evaluate the impact of coverage on detection sensi-
tivity and FDR, in silico artificial dilutions at increasing
coverage levels were generated (see section In vitro and
in silico artificial samples). To account for the reduced
variability of DNA methylation signals in these artificial
control samples compared to real healthy cfDNA sam-
ples, we estimated the mean and standard deviation for
calculating Z-scores at each coverage level using the 10
artificial controls that were not included in generating
the dilutions.

Statistical analysis

Statistical analyses were performed with the R software
environment for statistical computing and graphics
(RCore team, 2022 https://www.R-project.org/). Survival
analyses used the Cox proportional hazard method, with
the log-rank test. OS was computed from the date of
informed consent to death from any cause, PFS was com-
puted from informed consent to disease progression or
death. A multivariate Cox regression model was fitted
to evaluate the independent effect of each covariate on
OS and PFS. Relevant covariates were selected accord-
ing to clinical relevance. These include: the number of
treatment lines received for metastatic disease (no pre-
vious treatment vs. 1 or more lines) and the number of
metastatic anatomic sites (single site vs. multiple sites).
Mann-Whitney test was used to assess the significance of
the relationship between continuous and categorical vari-
ables. Associations between continuous variables were
evaluated using Pearson’s or Spearman’s correlation coef-
ficients, as appropriate. Associations between categorical
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variables were assessed using Fisher’s exact test or Chi-
squared test.

Results

Development of METER for the analysis of low-pass plasma
methylome

In order to address a clinically challenging tumor-con-
tent range, we conducted our study on two independent
datasets derived from early-line treatment mBC cohorts:
MIMESIS-1 [27] (qualification cohort, comprising 154
plasma samples from 30 healthy donors and 59 mBC

A
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e sustype [TIRNETRTENTEE NN 1111111111

Neat ines [N || ||| |
Nmet. ses (111 | RUILCIINN

1 m
UNTT NUNTRY ORCTUTRTAIY Moy

Page 7 of 20

patients; Fig. 1A left and Additional File 1: Table S1) and
MIMESIS-2 (validation cohort, comprising 214 plasma
samples from 65 mBC patients; Fig. 1A right and Addi-
tional File 1: Table S2). MIMESIS-1 included plasma col-
lection at baseline (BL), after cycle 1 treatment (C2D1),
and at progression (Prog). MIMESIS-2 expanded this
design by including additional serial plasma samples
collected at the first three imaging evaluations (I11-13).
IpWGBS was performed on all cfDNA samples, with full
details reported in the Methods and summarized in Fig.
1A.

MIMESIS-2
214 cfDNA samples, 65 mBC patients
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Fig. 1 The MIMESIS-1 and the MIMESIS-2 study cohorts and overview of the study. A Schematic of the MIMESIS-1 (top left panel) and MIMESIS-2 (top-
right panel) studies. Heatmaps showing profiled mBC plasma samples from the MIMESIS-1 (bottom left panel) and MIMESIS-2 (bottom right panel) study
cohorts, comprising 124 samples from 59 mBC patients and 214 samples from 65 mBC patients, respectively. For each patient, the availability of samples
at different time points along with relevant clinical characteristics is reported. B Overview of the study, illustrating: identification of differentially methyl-
ated sites (DMS) and differentially methylated regions (DMR) by differential methylation analysis on public datasets; METER tool development and techni-
cal evaluation on the MIMESIS-1 dataset; evaluation of METER's clinical relevance on the MIMESIS-1 and validation of results on the MIMESIS-2



Paoli et al. Genome Medicine (2026) 18:27

The primary aim of this study was to develop a practical
and cost-effective strategy for ctDNA detection, quantifi-
cation, and molecular profiling, with potential for routine
clinical implementation in metastatic settings, including
early-line treatment. We reasoned that DNA methylation
holds instrumental features to our goal: cancer-related
DNA methylation patterns are genomically pervasive and
prevalent across tumor types, offering a robust signal,
suitable for shallow genome-wide sequencing. Moreover,
as DNA methylation encodes cell identity and transcrip-
tional programs, it can potentially reveal tumor-specific
transcriptional states, enabling inference of tumor sub-
type from ctDNA.

Based on these considerations, we developed the
METER computational workflow for plasma low-pass
methylome analysis, leveraging tumor-specific differen-
tially methylated CpG sites (DMS) and regions (DMR),
pre-computed from independent WGBS data [39, 40]
(Fig. 1B left box; Methods). Details and characterization
of the selected DMR are provided in Additional File 2:
Supplementary Text and Fig. S1. METER is composed
of three modules: (i) METER-quant, to measure TC in
cfDNA, (ii) METER-detect, to detect ctDNA in cfDNA
classifying samples as ctDNA+/-, and (iii) METER-sub-
type, to infer molecular subtype from cfDNA (Methods).
To evaluate METER’s performance, we generated refer-
ence TC estimates through ichorCNA [16] and assessed
the clinical relevance of its predictions, exploiting curated
clinical data and CTC counts from the MIMESIS-1 study.
Results were then validated in the MIMESIS-2 dataset to
test METER’s reliability as a tool for the monitoring of
patients on first- or second- line treatment for mBC (Fig.
1B middle and right boxes).

METER-quant provides precise TC quantification

METER-quant was developed to achieve accurate TC
quantification from plasma cfDNA low-pass methy-
lomes. It provides TC estimates by evaluating the meth-
ylation status of prevalent tumor-type-specific DMS and
computing the proportion of tumor-like CpG sites (pTS)
(Fig. 2A and Methods). To evaluate the performance of
METER-quant, we applied it to 154 plasma samples of
the MIMESIS-1 dataset, using about 200,000 previously
selected BC-specific DMS (Additional File 1: Table S3).
In tumor samples, TC ranged between 0 and 52%, statis-
tically significantly higher (p < 1e-10) than TC values in
controls (Fig. 2B left, data reported in Additional File 1:
Table S8). We then compared METER-quant estimates
with those from ichorCNA [16]. The TC values for the
124 ¢fDNA mBC samples estimated by METER-quant
were highly concordant with those obtained from the
state-of-the-art tool ichorCNA (R > 0.90, p < 1e-50) (Fig.
2B right). METER-quant showed accurate and compa-
rable estimation also for low TC values, in the range of
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3%-10% as estimated by ichorCNA. For lower values,
we observed poor concordance (R = 0.27, p = 0.04), as
expected based on ichorCNA’s lower detection limit of
3% TC. To examine the ability of METER-quant to pro-
vide accurate measures for low-level TC, we generated
artificial samples consisting of serial dilutions (0%, 0.1%,
0.5%, 1%, 2.5%, 5%) of DNA from luminal T47D BC cell
line culture medium, as a surrogate of ctDNA, with com-
mercial human genomic DNA from white blood cells
(Fig. 2C). As expected, we observed that ichorCNA
loses linearity in predicting TC (median absolute error,
MAE = 0.01, root mean square error RMSE = 0.01),
still maintaining high correlation (R = 0.95, rho = 0.86)
with expected values. On the other hand, METER-quant
showed accurate estimation down to 0.5-1%, obtaining
higher correlation with expected values (R = 0.96, rho =
0.95) and lower dispersion (MAE = 0.005, RMSE = 0.006)
than ichorCNA (Fig. 2C and Additional File 1: Table S9).
We finally tested whether using a model for training
METER-quant could enhance the accuracy of TC estima-
tions. We developed a linear model using 60% of IpWGBS
samples from our study cohort as a training set (N = 94,
including 18 controls and 76 tumors), while the remain-
ing 40% (N = 60) served as a test set (model parameters
reported in Additional File 1: Table S5). pT'S was used as
the predictor variable, and observed values were used as
references (ichorCNA TC estimates for tumor samples
and 0% TC for control samples). Within the test set, con-
trol samples exhibited a median TC of 0% (range 0-1%),
whereas tumor samples had a significantly higher median
TC of 4% (range 0-60%) compared to controls (p < 1le-5)
and a strong concordance between observed and pre-
dicted values within the test set (R = 0.94, p < 1e-28) was
obtained (Additional File 2: Fig. S2).

METER-detect enables sensitive detection of low ctDNA
levels

METER-detect was developed to detect the presence
of ctDNA in low TC settings. It leverages tumor-type-
specific informative DMR to classify cfDNA samples
based on the presence (ctDNA+ or METER+) or absence
(ctDNA- or METER-) of ctDNA. Briefly, evaluating
the methylation status of reads mapping to informa-
tive DMR, METER-detect computes the proportion of
tumor-like reads (pTR) and uses a Z-score method to
classify samples as ctDNA+/- based on pTR distribution
in controls (Fig. 2D and Methods). We applied METER-
detect to control and tumor cfDNA samples from the
MIMESIS-1, using about 8,000 previously selected BC-
specific DMR (Additional File 1: Table S4, S8). To spe-
cifically test METER-detect’s performance in low TC
ranges, we focused on 60 tumor samples that scored
below ichorCNA [16] lower limit of detection (3%), thus
undetected by ichorCNA (ichorCNA-). As expected, we
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Fig. 2 TC quantification by METER-quant and ctDNA detection by METER-detect on cfDNA samples from the MIMESIS-1 cohort. A Overview of METER-
quant: METER-quant evaluates the methylation status of tumor-type-specific DMS, identified from independent public datasets, and computes the
proportion of tumor-like CpG sites (pTS) to estimate TC from low-pass whole methylome of cfDNA samples. B Box plots showing the distribution of TC
estimates by METER-quant in control and mBC cfDNA samples from the MIMESIS-1 cohort. p value is from the Wilcoxon test. (left panel). Scatter plot
showing TC estimates of mBC cfDNA samples by METER-quant (y-axis) and ichorCNA [16] (x-axis). The inset plot reports samples with TC ranging in 0-10%
according to ichorCNA. The shaded region highlights the range of TC where ichorCNA is not applicable (0-3%). r and p are Pearson'’s correlation coeffi-
cientand corresponding p-value, respectively (right panel). C Scatter plots of TC by ichorCNA (top panel) and METER-quant (bottom panel) versus in vitro
serial dilutions of DNA from T47D BC cell line culture medium with commercial human genomic DNA from white blood cells. The filled dot represents
the 0% TC dilution. The shaded region refers to the range of TC where ichorCNA is not applicable (0-3%). r and p are Pearson’s correlation coefficient and
corresponding p-value, rho is Spearman’s correlation coefficient, MAE is mean absolute error. D Overview of METER-detect module: METER-detect evalu-
ates the methylation status of reads mapping to tumor-type-specific DMR, selected from independent public datasets, and computes the proportion of
tumor-like reads (pTR) for each sample. It classifies cfDNA samples as ctDNA+/-, using a Z-score threshold established from pTR distribution in controls.
E Box plots and density plots showing the distribution of pTR by METER-detect in 30 control and 60 mBC cfDNA samples from the MIMESIS-1 cohort
with TC by ichorCNA < 3% (ichorCNA-undetected samples). The dashed lines indicate different Z-score thresholds based on the distribution of pTR in
controls, and percentages of tumor samples with Z-scores exceeding Z-score thresholds (Zi) are shown. Wilcoxon rank-sum test p-value and the area
under the ROC curve (AUC) with corresponding 95% confidence interval (Cl) are reported. Z-score = 3 corresponds to the threshold used in this study.
F Leave-one-out-cross-validation study on control cfDNA samples to estimate FDR of METER-detect at different Z-score thresholds. G Line plots showing
in silico dilutions generated to evaluate detection sensitivity and FDR of METER-detect at increasing mean coverage levels (indicated above each plot)
and Z-score thresholds

observed no statistically significant difference between  0.77-0.93) (Fig. 2E). Using the pTR value corresponding
ichorCNA TC estimates of ichorCNA- versus control to a Z-score of 3, METER-detect reclassified 42% (25 out
samples (p = 0.06, AUC = 0.62) (Additional File 2: Fig.  of 60 samples) of ichorCNA- samples as METER+. Per-
S5). On the contrary, pTR measured by METER-detect  forming a leave-one-out-cross-validation (LOOCYV) pro-
showed significantly different levels between tumor cedure on control samples, we evaluated FDR at different
and control samples (p < le-7, AUC = 0.85, 95% CI:
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thresholds of Z-score, obtaining FDR < 5% for Z-score =
3 (Fig. 2F).

We then performed a comparative analysis between
METER and CancerDetector [42], a ctDNA detection
method that operates on plasma whole-methylome
data to detect low ctDNA levels at low-to-moderate
sequencing coverage (Additional File 2: Fig. S6). In
tumor samples, we observed that TC estimates from
CancerDetector positively correlate with estimates
from ichorCNA (R = 0.86) and METER-quant (R =
0.91), although with inaccurate slopes. We next com-
pared TC by CancerDetector with the pTR metric used
by METER-detect, focusing on tumor samples unde-
tected by ichorCNA (TC < 3%). pTR by METER-detect
demonstrated a stronger differential signal between
tumor and control samples (Fig. 2E) compared to Can-
cerDetector (p < 0.01, AUC = 0.67, 95% CI: 0.55-0.8),
indicating higher sensitivity and specificity. We fur-
ther used CancerDetector to assess the reliability of
METER-detect calls. Of note, CancerDetector TC
in METER positive samples resulted in significantly
higher levels than in both controls (p = 3.8e-05) and
METER negative samples (p = 7e-06).

To preliminarily assess the potential of METER
to detect ctDNA in early-stage disease, we analyzed
plasma samples collected prior to surgery from a few
primary colorectal cancer (CRC) patients, enrolled in
the LIBIMET study [32]. Using a list of CRC-specific
DMR (Additional File 2: Supplementary Text), we
observed significantly higher levels of pTR in tumor
samples compared to controls (p < 0.01, AUC = 0.89,
95% CI: 0.77-1) (Additional File 2: Fig. S7).

In silico evaluation of coverage on METER-detect
performance

We then conducted extensive in silico studies to evalu-
ate the performance of our method based on the cov-
erage of plasma methylomes. Considering 10 in silico
dilutions at TC=0, corresponding to 10 different
pools of IpWGBS data of plasma samples from healthy
donors, at each coverage level, we observed a decrease
in FDR with an increase in the Z-score threshold, as
expected. Within the coverage range of this study (0.2-
1X) and with Z =3, we observed an FDR of less than
10%, consistent with the LOOCYV study performed on
real samples. The analysis also indicated a sensitiv-
ity of 100% and 60% for TC 1% and 0.5%, respectively.
Notably, this synthetic study indicates that the sensi-
tivity of METER-detect may increase with the cover-
age level, suggesting the possibility of detecting ctDNA
at TC=0.1% with a sensitivity of 70% using Z=4 in
WGBS 4x, while maintaining an FDR of less than 10%
(Fig. 2G).
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METER predictions associate with relevant clinical
prognostic factors

To assess the potential clinical applicability of METER,
we examined the results obtained in MIMESIS-1 with
relevant patients’ clinical data. We observed a posi-
tive correlation between METER-quant TC at BL and
the number of metastatic sites at study entry, a proxy
of tumor burden (Spearman’s rho = 0.44, p < le-3) (Fig.
3A), and higher although not significant TC values were
observed in patients with visceral disease vs. bone or
non-visceral (p = 0.08) (Additional File 2: Fig. S8A-B).
Interestingly, we did not observe a trend indicating an
increase in TC for later treatment lines (Additional File
2: Fig. S8C). METER-quant revealed expected TC mod-
ulation across serial time points. In 43 patients having
matched pre-treatment BL and C2D1 plasma samples, a
significant drop of TC at C2D1 was observed (paired p
< le-4), confirming the expected sensitivity to treatment
for most of the patients. Moreover, the 22 patients with
matched C2D1-Prog samples exhibited a significant TC
increase at disease progression as expected (p < 0.04)
(Fig. 3B). Coherent results at serial time points were pro-
vided by METER-detect classification (Additional File 2:
Fig. S8D-F). Overall, comparable results were obtained
performing these analyses with ichorCNA [16], although
less or not significant associations were observed in some
cases (Additional File 2: Fig. SOA-H).

METER-detect provides relevant prognostic stratification
of patients with TC levels below 3%

To further qualify its clinical relevance, we tested
METER-detect ability to provide effective prognostic
stratification of patients by its association with pro-
gression-free survival (PFS) and overall survival (OS)
in the MIMESIS-1. We first stratified patients based
on ctDNA detection at BL provided by METER-detect
(METER+ or METER-) or ichorCNA [16] (ichorCNA+ if
TC by ichorCNA > 3%, ichorCNA- otherwise). METER-
detect identified 46 out of 59 patients as ctDNA+, while
ichorCNA classified as ctDNA+ 36 out of 59 patients.
METER+ patients at BL showed a statistically signifi-
cant shorter PFS (hazard ratio (HR) = 3.8, 95% p < 0.001)
compared to METER-, while no significant association
was obtained using stratification provided by ichorCNA.
Limiting the analysis to ichorCNA- patients, significantly
worse PFS for METER+ patients compared to METER-
was observed (HR = 3.9, CI = 1.5-10.0, p = 0.003) despite
the small number (n = 23) (Fig. 3C). Results were con-
firmed using OS, where ichorCNA also demonstrated
significant patients’ stratification (Additional File 2: Fig.
S10A-D). We then examined the dynamic changes in
ctDNA detection from BL to C2D1 (BL/C2D1) for the
43 patients, with samples available for both time points.
Overall, METER-detect classified 18 patients as +/+,
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Fig. 3 Association of METER predictions with relevant clinical factors and patients outcome from the MIMESIS-1 cohort. A Box plots showing the distri-
bution of TC, as quantified by METER-quant (y-axis), in mBC samples at BL, stratified by the number of metastatic sites at study entry; rho is Spearman’s
correlation coefficient; p value is from Pearson'’s correlation test. B Box plots showing the distribution of samples'TC, as quantified by METER-quant (y-axis),
across clinical time points (x-axis) in mBC patients from the MIMESIS-1 cohort with matched BL-C2D1 and C2D1-Prog samples. p values are from paired
Wilcoxon test. C Kaplan-Meier curves showing PFS of patients from the MIMESIS-1, stratified according to ctDNA detection (+ or -) at BL by METER-detect
and ichorCNA [16]. The left and middle panels include all patients with BL samples, while the right panel includes only ichorCNA- patients at BL, stratified
according to METER-detect. p values shown in Kaplan-Meier curves are from the Log-Rank test. D Kaplan-Meier curves showing PFS of patients from
the MIMESIS-1 studly, stratified by ctDNA detection at BL and C2D1 (-/-, +/-, or +/+) by METER-detect and ichorCNA. The left and middle panels include
all patients with matched BL and C2D1 time points, while the right panel includes only ichorCNA-/- patients at both time points, stratified according to
METER-detect. p values shown in Kaplan-Meier curves are from the Log-Rank test

13 as +/-, 2 as -/+ and 9 as -/-, while ichorCNA classi-
fied 12 patients as +/+, 13 as +/-, 2 as -/+ and 15 as -/-.
Patients classified as -/+ by METER or ichorCNA (n =
3, 1 identified by both METER-detect and ichorCNA)
were excluded due to low sample size (results for all
patients are reported in Additional File 2: Fig. S11 A-B).
Considering PFS, METER-detect demonstrated again
superior prognostic stratification of patients (p < 0.001)
compared to ichorCNA (p = 0.003), especially due to its
more reliable identification of ctDNA-/- patients (median
PES of 1.2 years and 0.5 years for METER-detect and
ichorCNA, respectively). Remarkably, even among the
15 patients classified as -/- by ichorCNA, METER-detect
still achieved a significant stratification (p = 0.003) (Fig.
3D). The superior prognostic performance of METER
was further qualified using OS (Additional File 2: Fig.
S11B). Notably, associations with PFS and OS remained
significant even after adjusting for clinically relevant
covariates (Additional File 1: Table S10). Patients’

classification concordance by ichorCNA and METER-
detect is reported in Additional File 2: Fig. S12A-D.

METER associates with independently assessed circulating
tumor cells data and provides enhanced prognostic
stratification

Of the 124 samples in the MIMESIS-1, 121 had existing
CTC data [29-31], allowing us to investigate the asso-
ciation with this clinically established and independent
liquid biopsy biomarker. We observed a positive corre-
lation between TC estimates from both METER-quant
(rho = 0.57, p < le-11; Additional File 2: Fig. S13A) and
ichorCNA [16] (rho = 0.57, p < 1e-10; Additional File 2:
Fig. S13B) with CTC counts. METER+ samples showed
significantly higher CTC counts compared to METER-,
particularly in ichorCNA- cases (p = 0.002), further con-
firming METER-detect reliability below 3% of TC (Fig.
4A). In detail, only 8 out of 37 (22%) METER- samples
showed CTC > 0, with a range of 1-3. We then used the
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curves showing PFS of patients from the MIMESIS-1 study stratified based on combined CTC detection and ctDNA detection by METER-detect (-/-, -/+
and +/+) of BL samples. p values shown in Kaplan-Meier curves are from the Log-Rank test. C Kaplan-Meier curves showing PFS of patients from the
MIMESIS-1 cohort, with CTC -/- status at both BL and C2D1, stratified by ctDNA detection at BL and C2D1 according to METER-detect (-/-, +/-, or +/+). p

values shown in Kaplan-Meier curves are from the Log-Rank test

clinically validated threshold of 5 CTCs to classify sam-
ples as CTC+ (CTC- otherwise) [46, 47] (Fig. 4A and
Additional File 2: Fig. S13C) and evaluated the outcome
of patients stratifying them according to the combined
CTC status and ctDNA detection by METER-detect in
BL samples (Fig. 4B and Additional File 2: Fig. S13D).
Notably, patients who were CTC- but METER+ at BL
(-/+) had significantly worse PFS and OS compared to
-/- patients (p = 0.001 and p < le-3, respectively), with
outcomes comparable to +/+ patients. This analysis
indicated METER superior prognostic capability com-
pared to CTCs, further supporting the clinical validity
of METER predictions. To further evaluate the reliability
of METER-detect and its ability to provide prognostic
information beyond that of CTCs, we analyzed ctDNA
detection dynamics from BL to C2D1, as determined by
METER-detect, in patients classified as CTC- at both
time points. Despite the limited sample size, we observed
significant stratification of outcomes for both PFS and
OS. (Fig. 4C and Additional File 2: Fig. S13F).

METER-subtype accurately infers ER status in plasma

samples from patients with metastatic breast cancer

In breast cancer, ER status may change during meta-
static progression due to resistance to endocrine ther-
apy and/or chemotherapy [48], and performing serial
tissue biopsies is usually not feasible, especially in the
case of brain metastases [49]. The ability to assess ER
status non-invasively through ctDNA analysis is there-
fore becoming an increasingly important clinical need.
To this end, we developed METER-subtype. Starting
from the previously selected DMR, we identified a set

of ER-status informative DMR through a comparative
analysis between ER+/HER2- and ER-/HER2- BC from
the BASIS WGBS dataset [39]. Then, we implemented
a workflow, integrated into the METER-subtype mod-
ule, exploiting these subtype-specific DMR to decon-
volve the signal from low-pass methylome of cfDNA into
ER+, ER- and normal cfDNA components through the
robust partial correlation (RPC) method [43] (Fig. 5A and
Methods). Subtype DMR exhibited distinctive patterns
of DNA-methylation median levels in ER+/HER2- and
ER-/HER2- reference samples, confirming the reliability
of our selection procedure (Fig. 5B and Additional File
1: Table S7). Since our reference methylation model did
not include HER2+ samples due to the low numeros-
ity of this subtype in the BASIS dataset [39], we limited
METER-subtype analysis to HER2- BC samples from the
MIMESIS-1, considering available immunohistochem-
istry (IHC) on the most recent archived sample as BC
subtype ground truth (Additional File 2: Fig. S14A-D
and Additional File 1: Table S8). We first observed that
in ER+/HER2- and ER-/HER2- samples defined by IHC,
TC by METER-quant strongly correlated with ER+ and
ER- RPC components respectively (R > 0.9, p < 1e-10 for
both ER+ and ER-), while no significant association with
TC was obtained for ER+ component in ER-/HER2- sam-
ples (R = 0.42, p = 0.054) and for ER- component in ER+/
HER2- samples (R = 0, p = 1) (Additional File 2: Fig. S14A
and S14B-C for the distribution of RPC components val-
ues). To evaluate the ability to assess ER status by using
the difference between ER+ and ER- RPC components
for each sample, we conducted a receiver operating
characteristic (ROC) curve analysis on distinct sample
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Fig. 5 ER subtyping by METER-subtype on cfDNA samples from the MIMESIS-1 cohort. A Overview of METER-subtype: METER-subtype infers tumor
subtypes (ER+/HER2- or ER-/HER2- in this study) from cfDNA low-pass whole methylome data by analyzing subtype-specific DMR and deconvolving
tumor signal using the RPC method implemented in the EpiDISH tool [43]. B Unsupervised clustering of selected subtype DMR based on median {3 by
DMR in reference ER+/HER2- (N = 24) and ER-/HER2- (N = 5) from the BASIS cohort [39] and WGBS of healthy cfDNA (N = 30) from Loyfer et al. [40]. Cluster-
ing method: complete-linkage hierarchical clustering based on euclidean distance. C ROC curves illustrating METER-subtype classification performance
based on the difference between ER+/HER2- and ER-/HER2- RPC components, at varying threshold values, considering IHC as reference subtype, for
samples from the MIMESIS-1 in different TC ranges. D ROC curves of METER-subtype, cfDeconvolve [42], and Griffin [23] applied to HER2- samples from
the MIMESIS-1 study with METER-quant > 5%, using IHC as the reference subtype. E Alluvial plot showing concordance between ER status as assessed by
IHC and by METER-subtype for samples with TC by METER-quant > 5% from the MIMESIS-1. Reported p-value is estimated from a binomial test to evaluate
whether the observed classification accuracy is significantly higher than would be expected by chance (no-information rate)

sets corresponding to different TC ranges. We achieved
high classification performance (AUC = 0.98, 95% CIL:
0.94-1) for samples with TC values of METER-quant >
5%, while poor performance was observed for METER-
as expected (AUC = 0.56, 95% CI: 0.27-0.85). Interest-
ingly, our findings suggest the potential to infer ER status
even in cases of low TC values, albeit with reduced accu-
racy, as demonstrated by METER+ samples with TC < 5%
(AUC = 0.73, 95% CI: 0.49-0.96) (Fig. 5C and Additional
File 2: Fig. S14B). We then compared the performance
of METER-subtype with cfDeconvolve [42] and Griffin
[23], on samples with TC > 5% (n = 44). METER-subtype
showed superior and comparable classification compared
to Griffin (AUC = 0.79, CI = 0.53-1) and cfDeconvolve
(AUC = 0.93, CI = 0.86-1) (Fig. 5D), respectively. Simi-
lar comparative results were obtained with TC > 3%

(Additional File 2: Fig. S14D) samples. ER status was then
assigned based on the predominant component between
ER+ and ER- and compared to IHC. Among the 44 sam-
ples with METER-quant > 5%, METER-subtype showed a
classification accuracy of 0.95 (95% CI: 0.83-0.99), with a
call rate (CR) of 0.91, as in 9% of cases (N = 4) RPC was
unable to estimate ER+ and ER- component’s level. Sta-
tistical significance was however not reached (p = 0.11),
likely due to the limited number of ER- samples (Fig. 5E).

METER predictions validate in the MIMESIS-2 study

After evaluating METER on the MIMESIS-1 dataset,
we further evaluated its performance in plasma samples
from the independent MIMESIS-2 study (Additional File
1: Table S11). We observed an excellent concordance
between TC estimates by METER-quant and ichorCNA
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[16] for the 214 c¢fDNA mBC samples available (Addi-
tional File 2: Fig. S15A, r = 0.96, p < 2.2e-16), confirming
METER-quant’s capability to provide precise TC quan-
tification. When considering patients’ serial time points,
METER-quant showed expected TC dynamics, confirm-
ing its reliability for longitudinal disease monitoring
(Additional File 2: Fig. S15B). Specifically, METER-quant
revealed a significant decrease in ctDNA levels from
BL to C2D1 (paired p = 0.005), and an overall rebound
at disease progression when compared to C2D1 (paired
p < 0.001) or the most recent prior time point for each
patient (paired p < 0.001). Coherent results were pro-
vided by METER-detect at serial time points (Additional
File 2: Fig. S15C). As for the MIMESIS-1, we applied
METER-subtype to samples from HER2- BC patients,
using available IHC on the most recent archived sample
as BC subtype ground truth. Considering 48 samples
with METER-quant > 5%, METER-subtype showed an
accuracy of 0.90 (95% CI: 0.77-0.97) with a CR of 0.85,
consistent with the MIMESIS-1 analysis (Additional File
2: Fig. S15D). Statistical significance was however not
reached, likely due to the limited number of ER- sam-
ples (p = 0.15). Indeed, when combining samples with
METER-quant TC = 5% from the two datasets, for a total
of 80 ER+/HER2- and 12 ER-/HER2- samples, METER-
subtype demonstrated significant classification accuracy
of 0.93 (95% CI: 0.85-0.97, p = 0.03) misclassifying 6 out
of 92 samples (Additional File 2: Fig. S15E, G and Addi-
tional File 1: Table S8, S11). In Fig. 6A, ctDNA detection
for each patient over multiple time points is shown with
relevant clinical events from study entry to progression,
death, or last follow-up. Key clinicopathological charac-
teristics of patients are annotated for a comprehensive
dataset overview. Notably, most patients with METER-
samples at both BL and C2D1 (8 out of 14) did not expe-
rience disease progression from study entry. Among the
remaining 6 progressors, three showed disease progres-
sion after the median follow-up of those who remained
progression-free (median follow-up time = 24 months).
In contrast, 14 out of 16 patients with METER+ samples
at BL and C2D1 progressed, with 9 within 6 months.
Importantly, among 19 patients who progressed and
had data for at least 1 monitoring time point (I1-13), 11
resulted METER+ at least once before progression, sug-
gesting METER-detect’s utility in providing anticipated
detection of progression. Since the MIMESIS-2 study
was primarily designed to monitor patients on first- or
second-line treatment with HR+/HER2- mBC, we spe-
cifically focused on examining the association between
METER-detect and PFS within the homogeneous sub-
set of HR+/HER2- patients included in the cohort. (Fig.
6B—E and Additional File 2: Fig. S16-18; results for the
full cohort are reported in Additional File 2: Fig. $19-21).
METER-detect confirmed enhanced detection sensitivity
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and more effective prognostic stratification in terms of
both PFS and OS compared to ichorCNA, even when
limiting the analysis to ichorCNA- patients (Fig. 6B-E
and Additional File 2: Fig. S16-18), and associations
remained significant after adjusting for clinically rel-
evant covariates (Additional File 1: Table S12). Notably,
although significant stratification was not observed con-
sidering ctDNA status at the second radiological evalua-
tion (I2, Additional File 2: Fig. S17A—-B), METER-detect
demonstrated a significant association with PFS and OS
considering samples at the third radiological evaluation
(I3, Fig. 6E and Additional File 2: Fig. S17C-D), high-
lighting METER-detect as a tool for providing evidence
of disease progression earlier than imaging. ctDNA
detection concordance by ichorCNA and METER-detect
for ER+/HER2- patients in the MIMESIS-2 is reported in
Additional File 2: Fig. S22.

Discussion

In the context of precision oncology, improving ctDNA
analysis through robust, reproducible and scalable meth-
ods offers significant clinical value. To address this critical
clinical need, we here introduce and qualify METER for
the comprehensive ctDNA analysis from low-pass whole
methylome sequencing of plasma samples. METER lever-
ages genomically pervasive and tumor-type prevalent
[27, 50, 51] methylation signals for accurate quantifica-
tion and sensitive detection of ctDNA in challenging low
TC ranges, as well as for ctDNA-based tumor subtyp-
ing, through a simple, robust, and cost-effective strategy.
This enables non-invasive disease and tumor phenotype
monitoring and prognostic stratification, with strong
potential for integration into clinical routine, where
such applications remain limited. Our approach is cost-
effective as it does not involve the enrichment of specific
regions before sequencing, requiring a small amount
(10-20ng) of input DNA. In contrast to most DNA meth-
ylation-based methods relying on depth of coverage of
specific sites and/or regions (vertical-wise analysis), our
approach is flexible and open to the integration of multi-
modal analyses, such as CNA profiling (or other genome-
wide patterns). It is patients’ tumor tissue-agnostic (e.g.,
not depending on the analysis of matched tumor tissue-
specific alterations), and exclusively based on pre-defined
DNA methylation markers (DMR and DMS).

There are relevant considerations to be mentioned
regarding the methylation markers used by METER and
their potential limitation. First, the markers are defined
based on group-level differential analysis, which cannot
fully capture the potential intratumoral DNA methyla-
tion heterogeneity. Although this may impact METER’s
performance, our algorithm for selecting informative
DMR and DMS is designed to identify clonal, tumor-
specific methylation changes, providing robust markers
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that are reasonably minimally affected by such heteroge-  disrupt lineage-specific DNA methylation patterns [11],
neity. Second, the markers are defined based on primary thereby potentially affecting the performance of METER’s
tumor tissues. Although marker selection criteria suggest  predictions.

that these alterations should reflect events arising early Importantly, METER is a simple and direct method
in tumorigenesis, we cannot exclude the possibility that  for measuring TC and detecting ctDNA, based on the
treatment-induced transdifferentiation may substantially = measurement of the proportion of tumor-like CpG sites
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(pTS) and tumor-like sequence reads (pTR), reflecting
intra-read versus intra-region signal coherence. While
machine learning approaches or optimization algorithms
can be effective for TC assessment [16—18, 23], they may
suffer from poor reproducibility and dependency on
input parameters. On the contrary, METER minimalist
strategy requires ]pWGBS data training limited to control
samples (i.e., pTR mean and variance that are provided
in METER-detect as precomputed values), thus making it
amenable to the use in clinical practice.

We evaluated the technical performance and clinical
significance of our approach by applying METER to 338
plasma samples from 124 patients with mBC, primarily
on first- or second-line treatment, enrolled in two inde-
pendent studies. The MIMESIS-1 study was used to test
and qualify our strategy, while the MIMESIS-2 served
as a validation cohort and to assess our method for dis-
ease monitoring, including a median of 3 time points per
patient. We observed excellent consistency in TC level
quantification by METER-quant and the state-of-the-art
tool ichorCNA [16] on tumor samples in both datasets.
Importantly, when applied to ichorCNA-undetected
samples (TC by ichorCNA < 3%) from both the MIME-
SIS-1 and MIMESIS-2, METER-detect identified tumor
signal in around half of these cases and demonstrated
superior sensitivity compared to CancerDetector [42].
Based on an extensive in silico study and a LOOCV
approach on control samples, METER achieves a lower
detection limit of approximately 1% while maintaining an
FDR < 5%. Exploiting selected DMR as a proxy of specific
tumor transcriptional programs, we explored the appli-
cability of METER-subtype to accurately infer tumor ER
status from ctDNA in HER2- patients. Combining sam-
ples with METER-quant > 5% from both the MIMESIS-1
and MIMESIS-2 cohorts and considering IHC on the
most recent archived sample as ground truth, METER-
subtype achieved a significant classification accuracy
of 0.93 (95% CI (0.85-0.97)) and provided consistent
prediction for all evaluable BL-Prog samples derived
from the same patient (Additional File 2: Fig. S14E and
S15F). Of note, METER-subtype demonstrated supe-
rior and comparable performance compared to Griffin
[23] and cfDeconvolve [42], respectively. For Griffin, the
original publication reported an accuracy of 0.92 (95% CI
(0.82-1)) for predicting ER status. However, it’s impor-
tant to note that Griffin was not originally evaluated in
bisulfite-treated samples, and that the current study
includes samples with significantly lower TC compared
to the original Griffin study (Additional File 2: Fig. S23),
which may explain the lower performance observed. The
possibility of inferring clinically relevant transcriptional
programs from DNA features estimated from low-pass
WGS was recently shown, including ER status and RB-
loss [52]. However, the authors reported a failure rate of
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up to 20% for the method in the case of TC in the range
of 5-10% and lower accuracy (AUC = 0.8) compared to
this and the previous study [23] for inferring ER status.
Since METER-subtype accuracy depends on TC (Addi-
tional File 2: Fig. S14B, C, F, and S15G), it holds signifi-
cant promise for advanced treatment settings, where
more frequent ER loss is expected due to resistance
mechanisms from prolonged exposure to endocrine ther-
apy and/or chemotherapy [53-57], and especially in case
of challenging-to-access metastatic sites such as brain
metastases [58].

In this study, we extensively demonstrated the clinical
relevance of our method using curated clinical data from
the MIMESIS-1 and MIMESIS-2. Considering patients’
serial time points, METER-quant demonstrated expected
TC modulation reflecting treatment responses and dis-
ease progression patterns, underscoring its applicability
in tracking ctDNA dynamics over time.

Overall, METER-detect demonstrated enhanced sen-
sitivity in ctDNA detection and more effective prog-
nostic stratification for PFS and OS compared to
ichorCNA, especially when considering BL and early
dynamic changes in ctDNA (BL/C2D1) for stratification.
This association persisted even when the analysis was
restricted to ichorCNA- patients with TC below 3% and
across both the clinically heterogeneous cohort MIME-
SIS-1 and the more homogeneous subset of first- or sec-
ond-line HR+/HER2- patients from the MIMESIS-2.

Moreover, the specific design of the MIMESIS-2,
including multiple longitudinal samples corresponding
to radiological evaluations (I1-13), allowed us to dem-
onstrate METER-detect as a valuable tool for ctDNA
surveillance during treatment to anticipate disease
progression.

We further validated METER-detect applicability in
low TC settings by demonstrating its association with
matched CTC [29-31], specifically in samples with TC
< 3%, undetected by ichorCNA. Notably, ctDNA pres-
ence assessed by METER-detect exhibited superior
prognostic stratification compared to CTCs, extensively
demonstrated as a clinically validated non-invasive prog-
nostic biomarker in BC [59-61]. It is important to note
that, while ichorCNA is completely tumor-type agnostic,
METER relies on robust predefined tumor-type-specific
DMS and DMR, which are critical for its performance.
Consequently, the extension of METER applicability to
other tumor types depends on the identification of reli-
able, case-specific methylation markers, which may not
always be readily available. The applicability of METER
to BL and on treatment plasma cfDNA profiled with low-
pass methylome sequencing was evidenced by the recent
investigation on patients with metastatic colorectal can-
cer enrolled in the VALENTINO phase II trial [62] that
showed consistent results in terms of ctDNA detection,
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tumor content monitoring and patients’ prognostic strat-
ification, supporting the generalizability of the approach
for the analysis of other tumor types [63]. In addition,
we demonstrated the feasibility of using METER with
DMS and DMR identified from array data [51], enabling
broader data accessibility for other tumor types com-
pared to WGBS. Overall, we observed consistent results
with those obtained from WGBS-based DMS and DMR,
though with reduced performance in patient stratifica-
tion, likely due to the lower quantity and reliability of
array-based DMR (Additional File 2: Supplementary Text
and Fig. S24-26). Another aspect to consider is that the
use of IpWGBS with METER is limited in early disease
settings, spanning extremely low TC levels, for applica-
tions like minimal residual disease (MRD) or monitoring
during adjuvant treatment. Common strategies in these
contexts include tumor-informed analyses, high-cover-
age sequencing of large DNA/DNA-methylation regions,
or WGS [64—-66]. As proof of concept in early-stage dis-
ease, we analyzed pre-surgical plasma samples from four
early CRC patients. The analysis revealed significantly
higher levels of pTR (the metric used by METER-detect)
compared to controls, supporting METER’s suitability for
early-stage cancer detection and further demonstrating
its applicability beyond BC.

In addition, while intrinsically limited by in silico
modeling, our synthetic study indicates that METER-
detect can achieve detection of ~1% TC at ~0.7x cover-
age, and ~0.1% TC at ~4x. These findings highlight that
METER’s performance can be substantially improved
with a moderate increase in sequencing cost, while
remaining tumor-tissue agnostic and independent from
machine learning classifiers. More specifically, consid-
ering that library preparation cost is invariable and that
the sequencing expenses scale approximately linearly
with coverage, we estimate that achieving this order-of-
magnitude improvement in detectable TC would require
approximately a doubling of the total costs.

Conclusions

METER is a novel, robust, and cost-effective tool enhanc-
ing ctDNA analysis in challenging scenarios like meta-
static disease monitoring during first- or second-line
therapy, where TC levels are typically low. Based on
strong and independent associations with clinically rel-
evant factors across two independent clinical studies,
METER-detect may serve as a tumor tissue-agnostic
and practical method for classifying plasma samples by
ctDNA presence. Additionally, METER provides accurate
tumor subtyping, enabling comprehensive ctDNA analy-
sis. Importantly, our approach is generalizable to other
tumor types or subtypes using tumor-specific DMS and
DMR, expanding its clinical applications.
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Abbreviations

AUC Area under the curve

BC Breast cancer

BL Baseline

cfDNA Cell-free DNA

CNA Copy number alteration

CR Call rate

CTC Circulating tumor cells

DMR Differentially methylated region

DMS Differentially methylated site

ER Estrogen receptor

FDR False discovery rate

HER2 Human epidermal growth factor receptor 2
HR Hazard ratio

HR+ Hormone receptor positive

IHC Immunohistochemistry

IPWGBS  Low-pass whole genome bisulfite sequencing

IpWGS Low-pass whole genome sequencing
MAE Median absolute error

mBC Metastatic breast cancer

MRD Minimal residual disease

(o) Overall survival

PCR Polymerase chain reaction

PFS Progression-free survival

pTR Proportion of tumor-like reads
pTsS Proportion of tumor-like CpG sites
ROC Receiver operating characteristic
RPC Robust partial correlation
s-ctDNA  Surrogate circulating tumor DNA
TC Tumor content

TNBC Triple negative breast cancer
WGBS Whole genome bisulfite sequencing
WGS Whole genome sequencing
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