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analysis
Seongmun Jeong1, Dayoung Go1, Yujin Jeon1, Yong-Jin Kim1, Hayoon Lee1, Young-Woo Kim2, Hyun Goo Woo 3, Joo Kyung Park4,
Young Tae Kim 5, Young Sik Park6, Se-Hoon Lee 7,8, Wonshik Han 9, Han-Byoel Lee9, Kwang Hyun Kim10, Sanghoo Lee11,
Sungho Kim12, Sang-Hyun Song1, Hwang-Phill Kim1, Yongjun Cha1, Duhee Bang 13 and Tae-You Kim1,14,15✉

© The Author(s) 2026

The rapid and accurate detection of multiple cancers presents considerable challenges, especially for stage I disease, due to the low
concentration and heterogeneous nature of circulating tumor DNA. Here we introduce an enhanced multicancer screening assay
that integrates whole-genome methylation sequencing with an innovative multimodal analytical framework for cell-free DNA. The
ensemble machine learning model integrates four specific cell-free DNA characteristics: average methylation fraction, copy number
variation, fragment size ratio and fragment size distribution. The model underwent testing on 1415 samples, encompassing eight
primary cancer types and healthy controls. The sensitivity was 93.2%, and the specificity was 95%. The test demonstrated
effectiveness in detecting cancers at early stages. The sensitivity was 92.3% for stage I and 92.2% for stage II. The multimodal
technique successfully combined average methylation fraction’s sensitivity to early epigenetic signals with fragmentomic
characteristics. This facilitated the differentiation between healthy individuals and those with early stage cancer. The model
achieved an accuracy rate of 85.7% in the top 2 category for correctly identifying the tissue of origin. The results confirm that
whole-genome methylation sequencing-based multimodal analysis can improve multicancer early detection technology and
revolutionize cancer screening methods.
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INTRODUCTION
Cancer continues to be a primary cause of mortality globally, with
more than 20million new cases and nearly 9.7 million deaths
reported annually1,2. Early detection is essential for enhancing
survival rates and optimizing treatment outcomes, as prompt
intervention facilitates curative treatment3 and mitigates the
challenges associated with late-stage diagnosis. Conventional
screening methods, including imaging and tissue biopsy, are often
invasive, costly and limited in their capacity to concurrently detect
multiple cancer types, despite the significance of early detection4.
In addition, numerous high-mortality cancers, such as pancreatic,
ovarian and prostate cancers, do not have established screening
guidelines, leading to late-stage diagnoses and unfavorable
prognoses5. Furthermore, it has been demonstrated that MCED
tests can detect a broad range ofearly-stage cancers that lack

USPSTF-recommended screening protocols6. These limitations
highlight the pressing necessity for noninvasive, cost-effective
and comprehensive strategies for multicancer early detection
(MCED).
Liquid biopsy represents a significant advancement in

noninvasive cancer screening methodologies7,8. Cell-free DNA
(cfDNA) has garnered considerable interest because it effectively
reflects the genetic and epigenetic signatures associated with
tumor biology9,10. Circulating tumor DNA (ctDNA) originating
from tumor cells offers essential insights into cancer detection.
Recent developments in next-generation sequencing (NGS) and
bioinformatics have facilitated the thorough characterization of
cfDNA attributes, encompassing DNA methylation patterns,
copy number variations (CNVs) and fragmentomic features11,12.
DNA methylation profiling exhibits remarkable specificity for
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both tissue and cancer types, establishing it as a fundamental
component that demonstrates exceptional tissue- and cancer-
type specificity, making it a cornerstone of many MCED
strategies13,14.
Multiple cfDNA-based MCED methodologies have shown

feasibility for cancer detection, with differing degrees of
sensitivity and specificity. The Galleri test, developed by GRAIL,
uses targeted methylation profiling to identify more than 50
cancer types, achieving a specificity of 99.5% and a sensitivity of
51.5%15–17. DELFI’s fragmentomics technology uses advanced
machine learning algorithms to analyze cfDNA fragmentation
patterns throughout the genome, attaining a sensitivity
exceeding 90% for lung cancer detection with a specificity of
50%18–20. Similarly, CancerSEEK integrates genetic mutations
and protein biomarkers to identify eight cancer types, exhibiting
sensitivities ranging from 33% to 98%, with a specificity of
approximately 99%14,21,22. Despite advancements, current meth-
ods encounter difficulties in optimizing sensitivity, especially for
early stage cancers, and ensuring broad applicability across
various patient populations.
We have previously established a cfDNA analysis methodology

for early cancer detection that integrates whole-genome methyla-
tion profiling, average methylation fraction (AMF) with CNV
analysis and fragmentomic signatures23. Using whole-genome
methylation sequencing, we conducted a comprehensive analysis
of genome-scale methylation to capitalize on the discernible
benefits of other verifiable cancer-related variations. We devel-
oped the CancerFind test, which is a multifeature cancer signature
ensemble (CSE) classifier that surpasses individual feature
classifiers. CancerFind demonstrated 95.2% specificity and 88.9%
sensitivity, indicating that epigenetic and genomic data can
facilitate early cancer detection23.
A key challenge in cfDNA-based MCED is the low abundance of

ctDNA relative to nontumor-derived fragments24,25. As most
cfDNA originates from normal cells with distinct methylation
and fragmentation patterns, tumor-specific signals can be
obscured by this high background noise26–28. Consequently, novel
analytical methods capable of distinguishing subtle tumor-derived
signals from the overwhelming presence of nontumor-derived
cfDNA are urgently required.
To address these limitations and improve early cancer

detection across multiple cancer types, we developed a
multimodal MCED framework that integrates multiple cfDNA
features, including AMF for methylation profiling, CNV analysis
for genomic alterations and fragmentomics analysis (fragment
size ratio (FSR) and fragment size distribution (FSD)). Each
feature captures unique tumor-specific signals, providing
complementary insights into ctDNA biology. AMF quantifies
global methylation levels in specific regions29–31. CNV analysis
identifies genomic amplifications or deletions that are linked to
cancer progression. FSR and FSD utilize variations in cfDNA
fragmentation profiles between tumor-derived and normal
fragments to improve the sensitivity of cancers characterized
by low ctDNA abundance.
This study sought to identify the limitations of current MCED

methods and to emphasize the distinctive contributions of our
research. This study assessed the efficacy of a multimodal
framework in identifying eight prevalent cancer types at all stages
of progression: colorectal, gastric, liver, pancreatic, lung, breast,
ovarian and prostate. Our approach utilizes an ensemble machine
learning model that incorporates AMF, CNV, FSR and FSD features
to enhance sensitivity while preserving high specificity for early
stage cancers. We also evaluated the capacity of the model to
predict the tissue of origin (TOO) with high accuracy. These
findings illustrate the substantial potential of combining various
cfDNA characteristics within a unified diagnostic framework to
enhance noninvasive cancer screening.

MATERIALS AND METHODS
Study design and sample collection
This study used a retrospective cohort of patients diagnosed with eight
cancer types—colorectal, gastric, liver, pancreatic, lung, breast, ovarian and
prostate—along with a cohort of healthy individuals. Participants were
recruited following the approval form of the institutional review boards of
multiple hospitals. The eligibility criteria for patients with cancer require
histological confirmation of the disease type and stage according to the
eighth edition of the American Joint Committee on Cancer guidelines32.
The healthy control group was composed of individuals without a history
of cancer or other major diseases. Plasma samples from patients with
cancer were acquired by separating and preserving the blood drawn
before the commencement of treatment, whereas whole blood samples
were collected from healthy subjects.

Sample processing and cfDNA extraction
Plasma was isolated from whole blood by centrifugation at 1500g for
15min, followed by an additional centrifugation step at 16,000g for 10 min
to remove cellular debris. cfDNA was extracted from plasma using the
Maxwell RSC ccfDNA Plasma Kit (Promega) following the manufacturer’s
protocol. DNA concentration and quality were assessed using the cfDNA
ScreenTape Assay on an Agilent 4200 TapeStation system. For genomic
DNA, tumors and matched normal tissue samples were extracted using the
Maxwell RSC Tissue DNA Kit (Promega) and quantified using the Qubit
double-stranded DNA High Sensitivity Kit (Thermo Fisher Scientific).

Library preparation and sequencing
A methylation-sequencing library was constructed using the IMBdx
AlphaLiquid screening platform. The library underwent enzymatic conver-
sion and was sequenced on the NovaSeq 6000 platform (Illumina), yielding
approximately 100 Gb of raw data per sample with 150 bp paired-
end reads.

NGS data preprocessing
Raw sequencing reads were converted to FASTQ format using the Illumina
bcl2fastq software (v2.20.0.422) and subsequently processed with fastp33

(v0.23.1) to eliminate adapter sequences and low-quality reads. The reads
were aligned to the GRCh37 human reference genome using bitmap-
perBS34 (v1.0.2.1) and subsequently processed into BAM files using
SAMtools35 (v1.14). PCR duplicates were identified and eliminated using
the MarkDuplicates function of GATK (v4.2.3.0)36. The quality control
metrics included a mapping rate exceeding 80%, duplication rate below
25% and methylation conversion efficiency exceeding 99%.

AMF and DMRs
To identify cancer-specific methylation markers, we analyzed 28,245,162 CpG
dinucleotide sites across the genome using the GRCh37 human reference
genome. CpG sites with less than 3× coverage in healthy individuals were
excluded from the analysis. The methylation status was classified into three
categories: unmethylated (bottom 10% methylation level, β < 0.5), methy-
lated (top 10% methylation level, β > 0.5) and neutral (remaining sites).
Contiguous CpG sites with the same methylation status were grouped into
regions and further refined to improve their biological relevance and
computational efficiency. CpG sites located on sex chromosomes or within
regions flagged on the ENCODE blacklist were excluded37. The methylation
levels in each region were quantified using AMF.

AMFi ¼ 1
Rij j

X
j2Ri

Cj

Cj þ T j
;

fwhere Cj and T j represent cytosine and thymine count at the jth CpG site,
respectively, and where Ri denotes all CpG sites within region i.
Differentially methylated regions (DMRs) were identified using t-tests

across three comparison settings: (1) tumor tissue versus adjacent normal
tissue, (2) specific cancer type versus other cancer types and (3) specific
cancer type versus all other cancers combined. A false discovery rate (FDR)
threshold of 0.05 was applied to select statistically significant DMRs. The
concordance between cfDNA-derived markers and tissue-derived markers
was used to finalize DMR selection.
DMRs were identified in colorectal, liver and lung cancers by comparing

cancerous tissues with neighboring normal tissues (Supplementary Fig. 1).
For cancer types lacking matched normal tissue, cancer-specific markers
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were identified by evaluating the statistical significance of differences in
cfDNA methylation between patients with cancer and healthy individuals
using t-tests with a FDR threshold of 0.05 (Supplementary Fig. 2). Marker
selection was further refined on the basis of concordance with cfDNA-
derived signals. This concordance was assessed via the same statistical
tests on cfDNA from healthy individuals and patients with cancer within
the training set, with the final markers selected on the basis of their
directional consistency with tissue-derived markers (Supplementary Fig. 3).
The selected markers corresponding to patients with and without normal
tissues are summarized in Supplementary Tables 2 and 3, respectively.
To address the issue that tissue-based markers are not well represented

in cfDNA owing to tumor heterogeneity, we further selected and refined
cfDNA-based markers. Markers exhibiting consistent trends in both tissue
and cfDNA were filtered, resulting in the selection of 407,142 and 724,607
markers for constructing cancer signal detection (CSD) and TOO prediction
datasets, respectively (Supplementary Tables 2 and 3). A comparison of
unsupervised clustering before and after the selection of CSD and TOO
markers indicated that the delineation of clusters among healthy
individuals became more pronounced after selection, signifying an
enhancement in classification efficacy.
Supplementary Table 4 presents how this strict refinement process

affects assay performance in a measurable way. This table shows how the
AMF single-feature models’ diagnostic performance changes before and
after these steps for selecting cfDNA-specific markers and checking for
agreement. This comparison clearly shows that adding cfDNA-specific
signals, guided by quantitative concordance, improves detection perfor-
mance, especially for cancers that are still in their early stages.

CNVs
CNVs were analyzed using CNVkit software, which detects genomic regions
with copy number gains or losses relative to a reference derived from
healthy controls38. The quantitative features included the fraction of copy
number calls within predefined bins.
To improve the detection accuracy for early stage cancers with low CNV

burdens, and critically, to mitigate the risk of false positives arising from
age-related, nonmalignant somatic changes such as clonal hematopoiesis
of indeterminate potential, we systematically excluded genomic regions
commonly altered in healthy individuals from our analysis.
The specific exclusion criteria were defined as follows: any genomic

region (for example, a specific cytoband or β�Mb region) where a specific
CNV marker (for example, a copy number alteration exceeding 2σ) was
detected in more than α% (for example, 5% or 10%) of the healthy control
cohort was excluded from the final CNV marker set.
To provide the quantitative validation of the benefit derived from

applying these exclusion criteria, we have included Supplementary Table 4.
This Supplementary Table presents a comparison of the sensitivity within
the healthy control cohort before and after the application of the CNV
exclusion criteria, clearly demonstrating that this crucial filtering step
improved the model’s sensitivity and clinical reliability by effectively
eliminating nonmalignant signals.
The CSD score was calculated by identifying regions where gain markers

satisfied the conditions of healthy <α% and cancer >β%, respectively.
(Supplementary Fig. 6). The frequencies at which these markers were
detected in each sample were used in the calculation. Marker selection and
optimization of the α% and β% thresholds were conducted within the
training set. The model for calculating the TOO prediction score was built
using TensorFlow’s39 Keras library.

FSD
FSD patterns were analyzed by binning cfDNA fragment lengths into 5-bp
intervals within the range of 80–220 bp using SAMtools software35. Tumor-
derived cfDNA fragments are typically shorter than those derived from
healthy cells, which results in distinct fragmentation profiles. The FSD
features were used to construct a multiclass classification model using
support vector classification40. Data standardization was performed using
the standard scaler41.

FSR
FSR was examined as a critical fragmentomic characteristic to distinguish
tumor-derived cfDNA fragments from those derived from normal cells.
cfDNA fragments were categorized into specific size intervals, with
emphasis on short fragments (>80 and <150 bp) and long fragments
(>150 and <220 bp). The FSR was determined by calculating the ratio of

short to long fragments within the cell-free DNA (cfDNA) pool. This metric
utilizes the observation that tumor-derived cfDNA fragments are primarily
shorter owing to fragmentation patterns driven by apoptosis. Fragment
length extraction and subsequent binning were conducted using
SAMtools35 for FSR analysis. The ratios were standardized across samples
to address variations in the total cfDNA yield. The FSR data were
incorporated into the ensemble machine learning framework to improve
the sensitivity of CSD, particularly for cancers characterized by low ctDNA
abundance.

Single-feature model development
For each feature (AMF, CNV, FSD and FSR), the optimal model was
identified on the basis of the AUC using the best_model function from the
PyCaret Python package (https://github.com/pycaret/pycaret). This func-
tion encompasses algorithms such as support vector machine, random
forest42, gradient-boosting machine43 and logistic regression. Hyperpara-
meter optimization was conducted within the PyCaret framework utilizing
fourfold cross-validation to ensure rigorous model evaluation. Each single-
feature model was trained to classify the samples into nine distinct
categories: one for the healthy controls and one for each of the eight
cancer types. CSD was established by comparing the scores of healthy
individuals with the cumulative scores of the eight cancer types for the
other three features, excluding CNV, with a threshold set to achieve 95%
specificity. The efficacy of the TOO prediction model for the four features
was assessed using the top 1 and top 2 selection approaches, which
depend on conditional probabilities and omit the scores of healthy
individuals in the nine-class classification.

Ensemble model development
We combined single-feature models into an ensemble framework to
further enhance diagnostic robustness and accuracy. In this method, the
estimated sample-specific cancer probabilities of each single-feature
model are first normalized using a logit transformation. After accounting
for the effects of AMF, CNV, FSR and FSD, these scores were aggregated
using a logistic regression model that incorporated demographic factors
including age and sex. The logistic regression classifier was trained to
achieve 95% specificity, and samples that surpassed the predefined
threshold were labeled as cancerous. A weighted ensemble approach was
used to determine the most likely cancer type from individual conditional
probabilities to predict the TOO. We then successfully identified the top
two candidates (top two predictions) and the top predicted cancer type
(top accuracy) to assess the performance. Our approach leverages
complementary information from multiple cfDNA modalities by building
a robust single-feature classifier and integrating it into an ensemble
framework.

TF estimation using ichorCNA
The tumor fraction (TF) was determined using ichorCNA (v0.3.1), a
computational tool specifically developed for ultra-low-pass whole-
genome sequencing. The TF was estimated on the basis of somatic copy
number alterations (SCNAs), which reflect the ctDNA contribution in
plasma samples44,45. IchorCNA uses a probabilistic model to distinguish
tumor-derived SCNAs from the background noise caused by normal cfDNA
fragments or technical artifacts. Samples with TFs below 3% were classified
as having ‘low TF’, whereas those exceeding 10% were classified as ‘high
TF’. To account for potential confounding factors such as clonal
hematopoiesis, genomic regions commonly altered in healthy individuals
were excluded from the analysis.

Statistical analysis
Unsupervised clustering was performed using principal component
analysis (PCA) uniform manifold approximation and projection (UMAP).
Receiver operating characteristic curve analysis was conducted to evaluate
model performance. All statistical analyses were performed using R
software (version 4.1.0) and Python (version 3.8.5). Statistical significance
was set at a FDR of <0.05 for all analyses.

RESULTS
Study design and cohort overview
This retrospective study used the methodology depicted in Fig. 1
(the study workflow) and incorporated plasma samples from 1048
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patients diagnosed with eight prevalent cancer types (colorectal,
gastric, liver, pancreatic, lung, breast, ovarian and prostate) as well
as whole blood samples from 387 healthy individuals. All
participants provided written consent, and the research plan
received approval from the institutional review board of the
involved institutions (Supplementary Table 1). The final analysis,
following quality control filtering, comprised 1415 samples, which
included 1034 cancer samples and 381 healthy controls.
Table 1 presents a comprehensive overview of the clinical and

demographic characteristics of this cohort. The mean age of the
patient cohort was 58.6 years. One crucial step in selecting the
healthy control group involved restricting the age range to
individuals aged 50 years and older for model training. This was
conducted to ensure that the demographics of the target
screening population aligned with those of the individuals being
screened. The increased risk of false positives with age
necessitates the avoidance of age-related methylation drift and
other nonmalignant somatic changes. The model training
exclusively involved individuals aged 50 years and older who
were healthy. In the initial phases of identifying methylation
regions and selecting biomarkers, samples from a broader age
range were utilized to effectively characterize the noise within the
pertinent epigenetic context.
The patients with cancer cohort was intentionally designed to

emphasize early stage disease (stages I and II) to facilitate a
thorough assessment of the assay’s sensitivity in contexts
characterized by low ctDNA levels. Among the patients with
cancer, 570 (55.1%) were diagnosed with stage I or stage II
disease. This indicates that the group is well suited for MCED
testing. The cohort demonstrated demographic patterns aligned

with epidemiological findings; specifically, breast and ovarian
cancers primarily manifested in the early 50s, whereas prostate
cancer was noted in the mid-70s. Furthermore, notable propor-
tions of male participants were observed in non-gender-specific
cancers, as illustrated by 73% for liver cancer, consistent with
recognized prevalence patterns.
Participants were divided into two groups using stratified

sampling: a training set and a test set. The ratio of 6:4 indicated a
balanced representation of men and women, individuals of varying
ages and those at all stages of cancer (I–IV) within both datasets.
Supplementary Table 1 provides detailed and precise sample counts
for each cancer type and stage. The cohort design facilitates a robust
assessment of early stage detection; nonetheless, we acknowledge
the absence of stage I pancreatic cancer samples (refer to Table 1 for
more details). Despite the insufficient number of samples from the
initial seven cancer types, the adequate quantity of early stage
samples enabled a comprehensive assessment of the assay’s
capability to detect early stage cancer.

Analysis of unsupervised clustering
Unsupervised clustering was conducted to analyze the inherent
structure of cfDNA characteristics and determine their efficacy in
differentiating patients with cancer from healthy individuals. This
analysis offers essential insights into the contributions of specific
features to CSD and guides future model development. Dimen-
sionality reduction techniques, such as UMAP46 and PCA47, have
been used to visualize clustering patterns across four essential
features: AMF, CNV, FSR and FSD. The selected features effectively
captured tumor-specific signals while minimizing interference
from nontumor-derived fragments.

Fig. 1 Workflow for MCED model development and validation. The study workflow consisted of four main steps: (1) sample collection and
quality control (QC), (2) data partitioning, (3) feature extraction and model development and (4) model evaluation.
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UMAP analysis of AMF demonstrated clear clustering patterns
differentiating tumor tissue samples from cfDNA samples. Cancer
type-specific clusters were formed in tumor tissues, indicating
distinct methylation signatures linked to individual cancers (Fig.
2a). By contrast, cfDNA samples from healthy individuals formed a
dense central cluster, indicating consistent methylation profiles
among the noncancerous samples. cfDNA samples from patients
with cancer demonstrated increased dispersion, with advanced-
stage cancers exhibiting more distinct subgroups than early stage
cancers. This trend indicates that methylation changes in ctDNA
intensify with cancer progression, leading to more a distinct
differentiation from healthy cfDNA.
Comparable clustering patterns were identified using the CNV-

based UMAP analysis. Samples from patients with late-stage
cancer exhibited distinct clustering, differentiating them from
healthy individuals and patients with early stage cancer, thereby
underscoring the progressive accumulation of genomic alterations
associated with increased tumor burden (Fig. 2b). Fragmentomic
characteristics exhibited complementary clustering patterns. FSD-
based clustering revealed a partial overlap between healthy
individuals and patients with cancer; however, samples from
stages II–IV tended to cluster in specific regions, particularly within
the lower-left quadrant of the plot (Fig. 2c). FSR analysis indicated
a moderate distinction between healthy and cancer cfDNA

samples, with late-stage cancers grouped on the left-hand side
of the projection (Fig. 2d).
The results of PCA supported the findings from UMAP,

highlighting the increasing divergence of cfDNA profiles as the
tumor burden progresses. Late-stage cancers exhibited distinct
clustering, whereas early stage cancers showed some overlap
with the healthy cfDNA samples. The results indicated that
ctDNA levels increased as tumor size increased, leading to
greater DNA shedding into the bloodstream (Supplementary
Fig. 5).
The biological implications of our findings are important. The

clustering observed in advanced-stage cancers probably indicates
increased ctDNA shedding resulting from a higher tumor burden,
whereas the partial overlap between early stage cancers and
healthy individuals highlights the challenges in detecting subtle
tumor-derived signals in low-ctDNA contexts. These observations
underscore the necessity for multimodal strategies that incorpo-
rate various cfDNA characteristics to improve the sensitivity of
early stage cancers.
Unsupervised clustering analysis revealed that methylation-

based (AMF), genomic alteration (CNV) and fragmentomic (FSR
and FSD) features offer complementary insights into tumor
biology. These findings highlight the potential for incorporation
of MCEDs into a multimodal framework.

Fig. 2 Dimensionality reduction analysis of features in cancer detection. a A UMAP visualization of cfDNA and tissue samples based on
AMF. Healthy cfDNA samples are shown in green, whereas cfDNA from eight cancer types is color-coded: colorectal (yellow), gastric (gray),
liver (orange), pancreatic (purple), lung (red), breast (pink), ovarian (navy) and prostate (blue). Normal tissue samples are represented as
triangles and tumor tissue samples as stars. b–d, The UMAP visualizations of cfDNA samples based on CNV (b), FSD (c) and FSR features (d).
The UMAP analyses were conducted using 2.4 million AMF marker regions, 294,000 CNV marker regions, 30 FSD bins and 25,000 FSR regions.
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Differentially methylation regions among tumor tissue, cfDNA
and healthy cfDNA
Genome-wide methylation patterns were analyzed in tumor
tissues, cfDNA from patients with cancer and healthy cfDNA to
identify cancer-specific methylation markers. DMRs were identi-
fied through three sequential comparisons: (1) tumor tissue versus
adjacent normal tissue, (2) tumor tissue versus healthy cfDNA and
(3) cfDNA from patients with cancer versus healthy cfDNA.
Statistical significance was assessed using t-tests, applying a FDR
threshold of less than 0.05. The selection of DMRs was optimized
by assessing directional concordance, which necessitates uniform
methylation alterations between the tissue and cfDNA. DMRs have
been identified in colorectal, liver and lung cancers by comparing
cancerous and adjacent normal tissues. In cancers without
matched normal tissue, such as pancreatic and ovarian cancers,
DMRs were identified by comparing cfDNA from patients with
cancer with that from healthy individuals and subsequently
applying concordance filtering using tissue-derived markers.
An analysis of UpSet plots demonstrated clear patterns of hypo-

and hypermethylated DMRs across various cancer types (Fig. 3
and Supplementary Fig. 6). Liver cancer displayed the greatest
quantity of unique hypo-DMRs, totaling 1,200 regions, which
probably indicates its distinct epigenetic landscape marked by the
activation of the Wnt–β-catenin pathway. By contrast, gastric
cancer exhibited no hyper-DMRs, indicating a distinct methylation
regulation. Approximately 18% of hypo-DMRs and 12% of hyper-
DMRs are common across three or more cancer types, suggesting
the presence of pancancer epigenetic signatures. Shared hyper-
DMRs in tumor suppressor gene promoters, such as CDKN2A, have
been identified in colorectal, lung and breast cancer.
These findings underscore the presence of both cancer-specific

and pancancer methylation signatures and establish a solid basis
for multimodal MCED frameworks. The combination of tissue-
guided and cfDNA-specific DMRs overcomes the limitations
associated with single-feature methodologies, as evidenced by
recent studies.

Performance of single-feature classifiers in CSD and TOO
prediction
Machine learning models were developed for each cfDNA feature
to assess their diagnostic utility by classifying samples as healthy
or cancer positive. These single-feature classifiers were evaluated
on the basis of sensitivity, maintaining a specificity threshold of
95%.
Among the single-feature classifiers, AMF exhibited the highest

sensitivity, reaching an overall sensitivity of 85.3% (95% con-
fidence intervals (CI), 81.9–88.3; Supplementary Fig. 7). AMF
identifies global methylation patterns in specific CpG regions,
demonstrating high sensitivity for early stage cancers character-
ized by low ctDNA levels. AMF demonstrated sensitivities of 98.3%
and 93.5% for colorectal and breast cancers, respectively. The
capacity to identify subtle tumor-derived methylation signals has
been notably demonstrated in difficult cases, including ovarian
and prostate cancers, which typically show low ctDNA abundance.
CNV analysis plays a crucial role in cancer detection by

identifying the genomic alterations associated with tumor
progression. At the single-feature level, CNV demonstrated an
overall sensitivity of 60.6% (95% CI, 56.2–64.9; Supplementary Fig.
7), exhibiting particularly robust performance for colorectal cancer
(93.2%) and breast cancer (91.3%). The exclusion of genomic
regions frequently modified in healthy individuals enhances the
classification accuracy by minimizing false positives. Late-stage
cancers demonstrate enhanced CNV signals attributable to
elevated tumor burden, thereby increasing the observable copy
number alterations (Materials and methods).
The fragmentomic characteristics offer an additional under-

standing of cfDNA biology. The FSR, which measures the ratio of
short fragments (greater than 80 bp and less than 150 bp) to long

fragments (greater than 150 bp and less than 220 bp), demon-
strated an overall sensitivity of 67.8% (95% CI, 63.5–71.9;
Supplementary Fig. 7). This feature demonstrated notable efficacy
in colorectal cancer (86.4%) and breast cancer (95.7%), as ctDNA
fragmentation patterns exhibited notable differences compared
with healthy individuals. FSD, which examines the distribution of
cfDNA fragment sizes within specified bins, attained an overall
sensitivity of 70.2% (95% CI, 66.0–74.1; Supplementary Fig. 7). This
method demonstrated notable efficacy in identifying cancers
characterized by specific fragmentation profiles, including liver
cancer (81.3%) and breast cancer (80.4%).
The efficacy of single-feature classifiers differed according to

cancer type and stage. Digestive organ cancers, including color-
ectal, gastric, liver and pancreatic cancers, have lower sensitivity in
stage III than in stages I and II. This observation aligns with
previous studies, indicating that lymph node metastasis influences
ctDNA-shedding dynamics at this stage. Regarding the TOO
prediction accuracy, CNV attained the highest top 1 accuracy of
71.9% (Supplementary Fig. 8b), followed by AMF at 58.2%
(Supplementary Fig. 8a), FSR at 46.7% (Supplementary Fig. 8c)
and FSD at 50.3% (Supplementary Fig. 8d). The FSD exhibited
robust performance in lung cancer detection, attaining a recall
rate of 73.8%.
These findings highlight the necessity of incorporating various

cfDNA characteristics to improve the diagnostic precision and
reliability across different cancer types and stages. AMF has
emerged as the most important feature owing to its capacity to
detect subtle tumor-derived methylation signals. However, the
complementary roles of CNV, FSR and FSD underscore their
importance within a multimodal framework of MCED.

CSD model utilizing ensemble methods
A CSE–CSD model was created by incorporating various cfDNA
features, including AMF, CNV, FSR and FSD, within an ensemble
machine learning framework. This multimodal approach aims to
utilize the complementary strengths of these features to improve
the sensitivity and specificity of MCED. The ensemble model
exhibited strong performance across the eight cancer types,
attaining an overall sensitivity of 93.2% with a fixed specificity of
95% (Fig. 4a). Sensitivity was consistently high across all cancer
stages, with stage I cancers demonstrating a sensitivity of 92.3%,
underscoring the model’s capability to identify early stage tumors,
which generally exhibit low ctDNA levels. The sensitivity for stage
II cancers was 92.2%, whereas that for stage III cancers exhibited a
minor reduction to 91.8%, consistent with the trends observed in
single-feature models. The sensitivity increased to 95.4% for stage
IV cancers, which was attributed to the elevated tumor burden
and enhanced ctDNA-shedding rates (Fig. 4b).
An analysis of cancer type-specific stage performance revealed

that stage III sensitivity in gastrointestinal cancers (colorectal,
gastric, liver and pancreatic) is slightly lower than that of stages I
and II (Fig. 4b). This observation is consistent with findings that
indicate temporary alterations in ctDNA-shedding dynamics
during lymph node metastasis. The ensemble model effectively
compensated for this minor decline. The AMF feature was crucial
for early stage detection as it identified initial epigenetic signals. In
stage III, the CNV and fragmentomics features compensated by
utilizing signals from accumulated genomic instability, thereby
maintaining a consistent diagnostic accuracy across all stages of
progression.
The sensitivity specific to cancer varied among the eight

analyzed types. Colorectal and breast cancer demonstrated the
highest sensitivity (100.0%), followed by gastric cancer (97.8%).
The model demonstrated sensitivities of 91.5%, 89.1% and 75.5%
for pancreatic, ovarian and prostate cancers, respectively, which
currently lack established screening guidelines. These findings
underscore the clinical applicability of the CSD model in
identifying difficult cancer types.
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Fig. 3 Upset plot for DMR selection. a, b The UpSet plots of markers by cancer type for hypo- (a) and hypermethylated markers (b) selected
by DMR. For each cancer type, a graph showing the intersection of markers selected by comparing cancer tissue and normal cfDNA and
cfDNA from patients with cancer and normal cfDNA. Top: the bar plot shows the number of intersection markers. Bottom: the dot plot shows
the cancer type belonging to that bar. Bottom left: the bar plot shows the number of DMRs for that cancer type.
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The distribution of the CSE–CSD scores across cancer stages
exhibited notable trends. In Fig. 4c, healthy individuals consis-
tently demonstrated low scores, establishing a closely grouped
baseline, whereas patients with cancer exhibited progressively

higher scores as the stages advanced. Stages I and II cancers
exhibited notable differentiation from healthy individuals, high-
lighting the capacity of the model to identify tumors with low
ctDNA levels. A subset of stage III cancers overlapped with earlier

Fig. 4 CSE–CSD performance for the test dataset. a The bubble plot illustrates the performance of the CSE–CSD model on the test dataset. The
sensitivity for each cancer type is represented by the size and numerical value of the bubbles, whereas overall sensitivity is indicated on the y axis
label (the unit is percentage). b The bubble plot showing the CSE–CSD rates for different cancer stages. The size and color intensity of each bubble
correspond to the detection rate, with larger and darker bubbles indicating higher detection rates. c A box plot showing the distribution of
performance scores for healthy individuals and patients with cancer. To indicate cancer stages, circle dots represent healthy samples, whereas
stage I, stage II, stage III and stage IV cancers are represented by triangles, crosses, X marks and diamonds, respectively. The dashed gray line
indicates the threshold determined during training. d The dot plot displays sensitivity for each cancer type across stages with 95% confidence
intervals. The total number of samples and the number of detected cancer samples for each stage are annotated at the top of the plot.
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stages or healthy samples, indicating variability in ctDNA-
shedding dynamics.
The 95% confidence interval for sensitivity across cancer types

and stages indicated that colorectal cancer exhibited consistently
high sensitivity, irrespective of stage. The sensitivity generally
increased with stage for all cancer types, whereas lung cancer
demonstrated comparable sensitivity and confidence intervals
between stages I and IV. The confidence interval for pancreatic
cancer was notably wide owing to the presence of only one
independent test sample for stage I (Fig. 4d).
The ensemble framework successfully mitigated the limitations

identified in the single-feature models by utilizing the strengths of
AMF, CNV, FSR and FSD features. AMF captures tumor-specific
methylation signals while minimizing interference from nontumor
cfDNA fragments, thereby improving the sensitivity of early stage
cancers, including ovarian and prostate cancer. CNV analysis
enhances the classification accuracy for colorectal and breast
cancers through the identification of tumor-specific genomic
alterations. By contrast, FSR and FSD contributed additional
discriminatory power by utilizing variations in cfDNA fragmenta-
tion patterns between tumor-derived and normal cfDNA
fragments.
These findings highlight the significance of incorporating

various cfDNA characteristics to improve diagnostic accuracy
and reliability across different cancer types and stages. This study
integrated methylation profiling, genomic alterations and frag-
mentomic characteristics within an ensemble framework, resulting
in notable improvements in the sensitivity, specificity and
accuracy of TOO prediction of MCED.
Our integrated multimodal ensemble model (CSE–CSD) utilizes

a logistic regression framework that amalgamates the prediction
probabilities from the four constituent cfDNA features: AMF, CNV,
FSR and FSD. This ensemble architecture was created to get
around the problems with single-feature assays and make the
most of the information that each modality adds.
We looked at the coefficients of the underlying logistic

regression model to see how much each feature added to the
final CSD score. These coefficients show how important and heavy
each input is. The AMF feature had the highest positive coefficient,
which meant that it was the most important factor in the final CSD
score. This finding indicates that AMF has the best discriminatory
ability to identify epigenetic alterations associated with tumor-
igenesis. The CNV, FSR and FSD features also had positive
coefficients, which showed that they were very important in

adding to the AMF signal to improve the overall detection
accuracy and reliability.
Supplementary Table 5 presents the exact coefficient values

(weights) that were given to the normalized probabilities of each
feature model. This quantitative analysis elucidates the ‘black box’
aspect of the ensemble operation and offers a mechanistic
comprehension of how the amalgamation of features attains
synergy, especially in the demanding realm of early stage cancer
detection marked by low ctDNA abundance.

Ensemble TOO prediction model performance
TOO prediction is essential for MCED, enabling clinicians to
determine the primary site of cancer in samples identified as
cancer positive. This study presents the development of a
CSE–TOO prediction model through a multimodal framework that
incorporates various cfDNA features. The model exhibited strong
performance across eight cancer types—colorectal, gastric, liver,
pancreatic, lung, breast, ovarian and prostate—by utilizing the
complementary strengths of these features.
The CSE–TOO prediction model attained a top 1 accuracy of

72.9%, with the highest probability of the cancer type being
deemed correct. Incorporating the second-highest probability into
the evaluation (top 2 accuracy) resulted in a remarkablet
performance enhancement of the model, achieving an accuracy of
85.7%. These findings underscore the importance of incorporating
secondary predictions when cfDNA signals overlap across different
cancer types. The performance across different cancer types
exhibited notable differences, with colon cancer attaining the
highest top 1 recall of 86.4%, which was attributed to the robust
AMF signal that reflects a tumor-specific methylation pattern (Fig. 5a
and Supplementary Fig. 8a). It was the only entry in top 2 to attain a
recall value exceeding 90%, achieving 94.9% (Fig. 5b). Gastric cancer
(79.5%) and prostate cancer (75.7%) showed notable accuracies.
Conversely, breast cancer demonstrated the highest precision at
91.4%, suggesting that the samples identified as breast cancer were
most likely accurate. Prostate cancer (87.5%), followed by gastric
cancer (83.3%), displayed a sequence similar to the recall. In the top
2 rankings, gastric cancer (95.1%), prostate cancer (93.9%) and
breast cancer (91.9%) achieved high positions (>90%), highlighting a
important finding, as these cancers are typically challenging to
detect using cfDNA.
To resolve ambiguous classifications with closely matched

probabilities for multiple cancer types, thresholds were imple-
mented on the basis of the difference between the highest and

Fig. 5 CSE–TOO prediction performance for the test dataset. a, b Top 1 (a) and top 2 (b) confusion matrices showing TOO prediction
performance. a shows the top 1 prediction, whereas b shows the top 2 predictions. The confusion matrices depict relationships between the
predicted class (y axis) and actual cancer type (x axis) for eight cancer types. The blue gradient shading within cells indicates recall, whereas
the red gradient borders represent precision. The overall TOO prediction accuracy (%) is shown at the top of each matrix.
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second-highest probabilities. When a threshold of 0.07 was
applied, the top 1 prediction accuracy increased to 80.3%, and
the top 2 accuracy increased to 89.24% (Supplementary Fig. 9b–e).
Approximately 10–20% of the samples were categorized as ‘in
between’ under these thresholds, indicating uncertainty in the
CSE–TOO predictions for those instances (Supplementary Fig. 9a).
Each cfDNA feature made a distinct contribution to the

prediction performance of the CSE–TOO. AMF have identified
global methylation patterns in specific CpG regions, demonstrat-
ing high sensitivity for early stage cancers. CNV plays a crucial role
in identifying genomic alterations pertinent to tumor biology,
thereby enhancing the classification accuracy for cancers, includ-
ing colorectal and breast cancers. FSR and FSD offer complemen-
tary insights by utilizing variations in cfDNA fragmentation profiles
between tumor-derived and normal cfDNA fragments.
These findings highlight the clinical relevance of the CSE–TOO

prediction model in identifying specific cancer types, thus
minimizing the need for extensive diagnostic evaluations. Lung
cancer prediction with a high FSD probability may direct clinicians
to utilize low-dose CT scans, whereas colorectal cancer prediction
exhibiting strong AMF signals could necessitate colonoscopy
confirmation.
The CSE–TOO prediction model effectively used multimodal

cfDNA features, resulting in a high accuracy in predicting
CSE–TOO across various cancer types. The strong performance
underscores its potential utility in directing follow-up diagnostic
procedures within MCED frameworks while also addressing crucial
deficiencies in existing screening practices.

Feature contribution analysis and comparison of CSD scores
Feature contributions were analyzed to assess the diagnostic value
of individual cfDNA features (AMF, CNV, FSR and FSD) and their
incorporation into the ensemble framework for predicting
CSE–CSD and CSE–TOO. Each feature uniquely contributed to
the overall performance of the model, offering complementary
insights into tumor biology and improving diagnostic accuracy
across various cancer types and stages.
AMF has become an essential tool for analyzing global

methylation patterns in specific CpG regions. It exhibits notable
sensitivity for early stage cancers by quantifying the average
methylation levels within these regions, where ctDNA is present in
low abundance. AMF demonstrated sensitivities of 98.3% and
93.5% for colorectal and breast cancers, respectively. The capacity
to identify subtle tumor-derived methylation signals has been
notably demonstrated in difficult cases, including ovarian and
prostate cancers, which typically show low rates of ctDNA
shedding.
CNV analysis enhances classification accuracy by identifying

genomic alterations linked to tumor progression. Excluding
genomic regions that are frequently altered in healthy individuals
and concentrating on gene-based regions improves the sensitivity
of CNV analysis for cancers characterized by unique genomic
signatures. CNV demonstrated sensitivities of 93.2% and 91.3% for
colorectal and breast cancers, respectively. Late-stage cancers
demonstrate enhanced CNV signals because of elevated tumor
burden, thereby increasing the visibility of copy number
alterations.
The fragmentomic characteristics offer an additional under-

standing of cfDNA biology. FSR utilizes the differences in
fragmentation patterns between tumor-derived and normal
cfDNA fragments. The FSR demonstrated an overall sensitivity of
67.8%, with notable performance in colorectal cancer (86.4%) and
breast cancer (95.7%). The FSD evaluates the distribution of cfDNA
fragment sizes across specified bins, resulting in an overall
sensitivity of 70.2%. FSD demonstrated notable efficacy in
identifying cancers characterized by specific fragmentation
profiles, including liver cancer (81.3%) and breast cancer (80.4%).

To determine whether cancer signals could be detected at low
TFs, the correlation between the amount of tumor-derived DNA
and multimodal CSE–CSD scores was assessed by predicting the
TF using ichorCNA, a computational tool for analyzing ultra-low-
pass whole-genome sequencing data. Figure 6a illustrates the
distribution of TF levels across all samples, categorized by cancer
type and stage. The tumor frequency of stage I and II tumors
across all cancer types was comparable to that of healthy
individuals; however, the tumor frequency in several stage III
and IV samples exhibited a substantial disparity. The study
revealed a substantial positive correlation between the tumor
ratio and CSE–CSD scores (Pearson’s r= 0.70, P < 0.001; Fig. 6b).
Advanced-stage (stages III and IV) cancers showed higher TFs
(median of 5.9%) and CSD scores (median of 30.6%) than early
stage cancers (median TF, 5.1%; median, 26.1%). In stage I cancers,
which are characterized by low TFs (<5% in 52.1% of cases), the
CSD model demonstrated a sensitivity of 85.1%, indicating its
effectiveness in identifying subtle tumor-derived signals that may
be overlooked by SCNA-based methods.
In discordant cases, elevated CSE–CSD scores (>0.3) were noted

despite low TF (<3%), specifically in breast (n= 2) and ovarian
(n= 1) cancers. These findings indicate that methylation and
fragmentomic characteristics offset the scarcity of CNV in these
cancers. By contrast, samples exhibiting high TF (>10%) and low
CSE–CSD scores (<0.5) were associated with confounding factors
including clonal hematopoiesis or inflammatory conditions,
underscoring the specificity of the multimodal approach.
These findings highlight the necessity of incorporating various

cfDNA characteristics to improve diagnostic precision across
different cancer types and stages, while also addressing important
deficiencies in existing screening methodologies.

DISCUSSION
The findings of this study underscore the potential of a
multimodal cfDNA analysis framework for MCED. The ensemble
model demonstrated high sensitivity across various cancer types
and stages by integrating methylation profiling (AMF), genomic
alterations (CNV) and fragmentomic features (FSR and FSD), while
also ensuring robust specificity. These findings highlight the
significance of utilizing complementary cfDNA characteristics to
address the limitations identified in single-feature methodologies.
The ensemble model exhibited a sensitivity of 93.2% with a

specificity of 95%, surpassing current cfDNA-based techniques,
including GRAIL’s Galleri test, which has a sensitivity of
approximately 51.5%, and DELFI’s fragmentomics method, which
has a sensitivity of approximately 60%. The model demonstrated
high efficacy in identifying early stage cancers, achieving a
sensitivity of 92.3% at stage I, despite the generally low
abundance of ctDNA. This performance is due to the ability of
AMF to detect subtle methylation alterations and FSD’s sensitivity
of FSD to fragmentation patterns linked to apoptosis-derived
cfDNA fragments. Colorectal cancer exhibited the highest
sensitivity (98.3%), indicating unique methylation signatures that
are easily identifiable through AMF.
The underlying biological mechanism for this performance

relies on the synergistic and orthogonal power of the features:
AMF is optimized to capture subtle, high-signal-to-noise ratio
epigenetic alterations that arise early in oncogenesis, making it
crucial for early stage diagnosis. Furthermore, this strategic
compensatory system sustains consistent performance and
stage-specific resilience (addressing the tendency for lower stage
III sensitivity in GI cancers) by having CNV and fragmentomics
facilitate detection in later stages (such as stage III), where
enhanced signals result from accumulated genomic instability.
This integrated approach is key to maintaining stable diagnostic
accuracy across all stages.
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Although the TOO prediction achieved a top 1 accuracy of
72.9% and a top 2 accuracy of 85.7%, analysis of the remaining
samples (14.3%) that did not meet top 2 classification suggests
caution in clinical reporting. These ‘in-between’ samples were
mainly found in (1) early stage cancers with very low TF or (2)
similar tissue types that had a lot of overlap in their epigenetic
profiles (for example, gastric and colorectal cancer). To resolve this
ambiguity and enhance TOO resolution, future initiatives will focus
on increasing the resolution of methylation markers (for example,

using single CpG-level data) and strengthening border categor-
ization by broadening the cohort to include rare or challenging
tumor types.
Despite these encouraging findings, several challenges remain

to be overcome. The sensitivity for cancers characterized by low
ctDNA abundance, such as ovarian and prostate cancers, was
relatively low, at approximately 89.1% and 75.5%, respectively.
This limitation underscores the necessity for the additional
optimization of feature selection to improve signal detection in

Fig. 6 TF analysis. a The TF distribution by cancer types and stage and healthy individuals. Each box indicates the stage of the relevant
cancer, the y axis shows the TF determined by ichorCNA and the x axis denotes cancer. The cutoff point (0.1) for identifying cancer in ichorCNA
is represented by the reference line. b A scatter plot illustrating the correlation between the CSE–CSD score and TF. The horizontal and vertical
lines, as shown in a, are represented by the reference line. Red indicates high areas only in the CSE–CSD score, pink indicates high TF values in
both values and green indicates low TF values in both levels.
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low ctDNA contexts. Stage-specific performance variability was
noted, particularly in stage III cancers, where lymph node
metastasis may influence ctDNA-shedding dynamics. The cohort
size for specific cancer types, such as pancreatic cancer, was
relatively small, potentially limiting generalizability to wider
populations.
Foremost among these limitations is the inherent risk of

optimism bias stemming from the training and testing conducted
within a single cohort. We explicitly recognize that the general-
izability and ultimate real-world clinical utility of our model
mandates rigorous external, independent validation using a newly
collected, prospective cohort. To directly address this critical
necessity, we are actively conducting a large-scale prospective
clinical validation study supported by the Korean Advanced
Research Projects Agency. This ongoing trial is specifically
designed to rigorously test the assay’s performance and robust-
ness in a real-world screening setting, thereby resolving the
potential for optimism bias. The details regarding the funding for
this pivotal clinical investigation are provided in the Funding and
Acknowledgement sections of this manuscript. We anticipate
disseminating the comprehensive findings of this prospective trial
in subsequent publications.
Future studies should emphasize prospective validation in

larger cohorts to establish generalizability across various popula-
tions and clinical contexts. Furthermore, technical advancements,
including feature refinement through the integration of novel
methylation markers or enhanced fragmentation metrics, may
effectively improve the diagnostic performance. Incorporating this
into clinical workflows necessitates real-world testing to assess the
cost-effectiveness, scalability and compatibility with current
diagnostic protocols.
This study demonstrated remarkable advancements in MCED

via multimodal cfDNA analysis. This approach has the potential to
transform cancer screening practices and enhance early detection
outcomes by addressing key limitations and pursuing targeted
improvements in diverse patient populations.

DATA AVAILABILITY
The raw data for this study were generated by IMBdx Inc. Data supporting the
findings of this study are available from the corresponding author upon reasonable
request. Data access may be subject to institutional and ethical regulations.

REFERENCES
1. Crosby, D. et al. Early detection of cancer. Science 375, eaay9040 (2022).
2. Bray, F. et al. Global cancer statistics 2022: GLOBOCAN estimates of incidence and

mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 74,
229–263 (2024).

3. Hawkes, N. Cancer survival data emphasise importance of early diagnosis. Br.
Med. J. https://doi.org/10.1136/bmj.l408 (2019).

4. Smith, R. A. et al. Cancer screening in the United States, 2019: a review of current
American Cancer Society guidelines and current issues in cancer screening. CA
Cancer J. Clin. 69, 184–210 (2019).

5. Chen, X. et al. Non-invasive early detection of cancer four years before conven-
tional diagnosis using a blood test. Nat. Commun. 11, 3475 (2020).

6. Vittone, J., Gill, D., Goldsmith, A., Klein, E. A. & Karlitz, J. J. A multi-cancer early
detection blood test using machine learning detects early-stage cancers lacking
USPSTF-recommended screening. Npj Precis. Oncol. 8, 91 (2024).

7. Ho, H.-Y., Chung, K.-S., Kan, C.-M. & Wong, S.-C. Liquid biopsy in the clinical
management of cancers. Int. J. Mol. Sci. 25, 8594 (2024).

8. Zhang, Q., Zhang, X., Xie, P. & Zhang, W. Liquid biopsy: an arsenal for tumour
screening and early diagnosis. Cancer Treat. Rev. 129, 102774 (2024).

9. Bryzgunova, O. E., Konoshenko, M. Y. & Laktionov, P. P. Concentration of cell-free
DNA in different tumor types. Expert Rev. Mol. Diagn. 21, 63–75 (2021).

10. Heitzer, E., Auinger, L. & Speicher, M. R. Cell-free DNA and apoptosis: how dead
cells inform about the living. Trends Mol. Med. 26, 519–528 (2020).

11. Zhou, Q. et al. Epigenetic analysis of cell-free DNA by fragmentomic profiling.
Proc. Natl Acad. Sci. USA 119, e2209852119 (2022).

12. Zhu, G. et al. Methylation-associated nucleosomal patterns of cell-free DNA in
cancer patients and pregnant women. Clin. Chem. https://doi.org/10.1093/
clinchem/hvae118 (2024).

13. Cristiano, S. et al. Genome-wide cell-free DNA fragmentation in patients with
cancer. Nature 570, 385–389 (2019).

14. Cohen, J. D. et al. Detection and localization of surgically resectable cancers with
a multi-analyte blood test. Science 359, 926–930 (2018).

15. Liu, M. C. et al. Sensitive and specific multi-cancer detection and localization
using methylation signatures in cell-free DNA. Ann. Oncol. 31, 745–759 (2020).

16. Klein, E. A. et al. Clinical validation of a targeted methylation-based multi-cancer
early detection test using an independent validation set. Ann. Oncol. 32,
1167–1177 (2021).

17. Schrag, D. et al. Blood-based tests for multicancer early detection (PATHFINDER):
a prospective cohort study. Lancet 402, 1251–1260 (2023).

18. Mazzone, P. J. et al. Clinical validation of a cell-free DNA fragmentome assay for
augmentation of lung cancer early detection. Cancer Discov. 14, 2224–2242
(2024).

19. Leal, A. I. C. et al. Cell-free DNA fragmentomes in the diagnostic evaluation of
patients with symptoms suggestive of lung cancer. Chest 164, 1019–1027 (2023).

20. Mathios, D. et al. Detection and characterization of lung cancer using cell-free
DNA fragmentomes. Nat. Commun. 12, 5060 (2021).

21. Tyson, C. et al. Tumor localization strategies of multicancer early detection tests: a
quantitative assessment. JNCI Cancer Spectr. 9, pkaf011 (2025).

22. Clarke, C. A. et al. Lexicon for blood-based early detection and screening:
BLOODPAC consensus document. Clin. Transl. Sci. 17, e70016 (2024).

23. Kim, S. Y. et al. Cancer signature ensemble integrating cfDNA methylation, copy
number, and fragmentation facilitates multi-cancer early detection. Exp. Mol. Med.
55, 2445–2460 (2023).

24. Jamshidi, A. et al. Evaluation of cell-free DNA approaches for multi-cancer early
detection. Cancer Cell 40, 1537–1549.e12 (2022).

25. Herberts, C. & Wyatt, A. W. Technical and biological constraints on ctDNA-based
genotyping. Trends Cancer 7, 995–1009 (2021).

26. Mattox, A. K. et al. The origin of highly elevated cell-free DNA in healthy indivi-
duals and patients with pancreatic, colorectal, lung, or ovarian cancer. Cancer
Discov. 13, 2166–2179 (2023).

27. Qvick, A. et al. Discriminating benign from malignant lung diseases using plasma
glycosaminoglycans and cell-free DNA. Int. J. Mol. Sci. 25, 9777 (2024).

28. Bettegowda, C. et al. Detection of Circulating Tumor DNA in Early- and Late-Stage
Human Malignancies. Sci.Transl. Med. 6, 224ra24 (2014).

29. Geissler, F. et al. The role of aberrant DNA methylation in cancer initiation and
clinical impacts. Ther. Adv. Med. Oncol. 16, 17588359231220511 (2024).

30. Sigurpalsdottir, B. D. et al. A comparison of methods for detecting DNA methy-
lation from long-read sequencing of human genomes. Genome Biol 25, 69 (2024).

31. Božić, T. et al. Investigation of measurable residual disease in acute myeloid
leukemia by DNA methylation patterns. Leukemia 36, 80–89 (2022).

32. Amin, M. B. et al. The eighth edition AJCC Cancer Staging Manual: continuing to
build a bridge from a population-based to a more ‘personalized’ approach to
cancer staging. CA Cancer J. Clin. 67, 93–99 (2017).

33. Chen, S., Zhou, Y., Chen, Y. & Gu, J. fastp: an ultra-fast all-in-one FASTQ pre-
processor. Bioinformatics 34, i884–i890 (2018).

34. Cheng, H. & Xu, Y. BitMapperBS: a fast and accurate read aligner for whole-
genome bisulfite sequencing. Preprint at https://doi.org/10.1101/442798 (2018).

35. Danecek, P. et al. Twelve years of SAMtools and BCFtools. GigaScience 10, giab008
(2021).

36. Van der Auwera, G. A. et al. From FastQ data to high-confidence variant calls: the
genome analysis toolkit best practices pipeline. In Kimberly Keeton and Timothy
Roscoe, editors. Curr. Protoc. Bioinforma. 43, 11.10.1-11.10.33 (2013).

37. Amemiya, H. M., Kundaje, A. & Boyle, A. P. The ENCODE blacklist: identification of
problematic regions of the genome. Sci. Rep. 9, 9354 (2019).

38. Talevich, E., Shain, A. H., Botton, T. & Bastian, B. C. CNVkit: genome-wide copy
number detection and visualization from targeted DNA sequencing. PLoS Com-
put. Biol. 12, e1004873 (2016).

39. Abadi, M. et al. TensorFlow: a system for large-scale machine learning. In Proc.
12th USENIX Conference on Operating Systems Design and Implementation (eds
Keeton, K. & Roscoe, T.) 265–283 (USENIX Association, 2016).

40. Cristianini, N. & Ricci, E. in Encyclopedia of Algorithms (ed. Kao, M.-Y.) 928–932
(Springer, 2008); https://doi.org/10.1007/978-0-387-30162-4_415

41. Pedregosa, F. et al. Scikit-learn: machine learning in Python. J. Mach. Learn. Res.
12, 2825–2830 (2011).

42. Breiman, L. Random Forests. Mach. Learn. 45, 5–32 (2001).
43. Friedman, J. H. Greedy function approximation: a gradient boosting machine.

Ann. Stat. 29, 1189-1232 (2001).
44. Adalsteinsson, V. A. et al. Scalable whole-exome sequencing of cell-free DNA

reveals high concordance with metastatic tumors. Nat. Commun. 8, 1324 (2017).

S. Jeong et al.

1323

Experimental & Molecular Medicine (2026) 58:1311 – 1324

https://doi.org/10.1136/bmj.l408
https://doi.org/10.1093/clinchem/hvae118
https://doi.org/10.1093/clinchem/hvae118
https://doi.org/10.1101/442798
https://doi.org/10.1007/978-0-387-30162-4_415


45. Park, E. H. et al. Cancer statistics in Korea: incidence, mortality, survival, and
prevalence in 2021. Cancer Res. Treat. 56, 357–371 (2024).

46. McInnes, L., Healy, J., Saul, N. & Großberger, L. UMAP: uniform manifold
approximation and projection. J. Open Source Softw. 3, 861 (2018).

47. Wold, S., Esbensen, K. & Geladi, P. Principal component analysis. Chemom. Intell.
Lab. Syst. 2, 37–52 (1987).

ACKNOWLEDGEMENTS
We thank all the participants and many IMBdx employees involved in setting and
running the experiments and J. Choi for coordinating the clinical studies and
information collection.

AUTHOR CONTRIBUTIONS
Conceptualization: S.J., D.B. and T.-Y.K. Methodology—analysis: S.J., Y.J., Y.-J.K., D.G.
and D.B. Methodology—experiment: H.L., H.-P.K. and D.B. Investigation: Y.-W.K.,
H.G.W., J.K.P., Y.T.K., Y.S.P., S.-H.L., H.-B.L., K.H.K., S.L. and T.-Y.K. Visualization: S.J., Y.J.,
Y.-J.K. and D.G. Supervision: D.B. and T.-Y.K. Writing—original draft: S.J. and S.H.S.
Writing—review and editing: S.J., Y.J., Y.-J.K., D.G., H.L., Y.-W.K., H.G.W., J.K.P., Y.T.K.,
Y.S.P., S.-H.L., H.-B.L., K.H.K., S.L., S.K., S.-H.S., H.-P.K., Y.C., D.B. and T.-Y.K.

FUNDING
This research was supported by the following sources: IMBdx Inc., Seoul, Republic of
Korea; The Bio and Medical Technology Development Program of the National
Research Foundation (NRF), funded by the Ministry of Science and ICT (grant no.
2017M3A9A7050610) (T.-Y.K.); A National Research Foundation of Korea (NRF) grant
(grant no. RS-2024-00338316) (D.B.); and The Korean Advanced Research Projects
Agency (ARPA)-H project through the Korea Health Industry Development Institute
(KHIDI) funded by the Ministry of Health and Welfare, Republic of Korea (grant no. RS-
2024-00512207)(T.-Y.K.).

COMPETING INTERESTS
S.J., D.G., Y.J., Y.-J.K., H.L., S.-H.S., H.-P.K. and Y.C. are employees of IMBdx Inc.; T.-Y.K. is
a founder of IMBdx Inc.; D.B. owns stocks of IMBdx Inc. and Celemics Inc.; and D.B. has
received research funds and honoraria from IMBdx Inc. All other authors declare no
competing interests.

ADDITIONAL INFORMATION
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s12276-026-01674-7.

Correspondence and requests for materials should be addressed to Tae-You Kim.

Reprints and permission information is available at http://www.nature.com/
reprints

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

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in anymedium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons licence, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by/4.0/.

© The Author(s) 2026

S. Jeong et al.

1324

Experimental & Molecular Medicine (2026) 58:1311 – 1324

https://doi.org/10.1038/s12276-026-01674-7
http://www.nature.com/reprints
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

	Enhanced multicancer screening assay through whole-genome methylation sequencing-based multimodal cell-free DNA analysis
	Introduction
	Materials and methods
	Study design and sample collection
	Sample processing and cfDNA extraction
	Library preparation and sequencing
	NGS data preprocessing
	AMF and DMRs
	CNVs
	FSD
	FSR
	Single-feature model development
	Ensemble model development
	TF estimation using ichorCNA
	Statistical analysis

	Results
	Study design and cohort overview
	Analysis of unsupervised clustering
	Differentially methylation regions among tumor tissue, cfDNA and healthy cfDNA
	Performance of single-feature classifiers in CSD and TOO prediction
	CSD model utilizing ensemble methods
	Ensemble TOO prediction model performance
	Feature contribution analysis and comparison of CSD scores

	Discussion
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	ADDITIONAL INFORMATION




