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Abstract

Background Breast cancer (BC) remains the second leading cause of cancer-related mortality among women
worldwide. Liquid biopsy based on circulating tumor DNA (ctDNA) offers a promising noninvasive approach for early
detection; however, differentiating malignant tumors from benign abnormalities remains a significant challenge.

Results Here, we developed a multimodal approach to analyze cfDNA methylation and fragmentomic patterns
in 273 BC patients, 108 individuals with benign breast conditions, and 134 healthy controls. Genome-wide analy-
ses revealed distinct cfDNA copy number alterations and cytosine-enriched cleavage sites in BC patients. Targeted
sequencing further revealed unique methylation patterns, including hypermethylation in GPR126, KLF3, and TLR10
and hypomethylation in TOPT and MAFB. Our machine-learning model achieved an AUC of 0.90, with 93.6% speci-
ficity and 62.1-66.3% sensitivity for stage I-Il cancers. In symptomatic populations, sensitivities were 50.0%, 68.2%,
and 64.7% for BI-RADS categories 3, 4, and 5, respectively, with 96.1% specificity.

Conclusions These findings underscore the potential of cfDNA biomarkers to enhance BC detection and reduce
the rate of unnecessary biopsies.
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Background

Breast cancer (BC) is the second most frequent cancer
globally, accounting for 11.6% of all cancer cases in 2022
[1]. It is the most common malignancy among women,
with about 2.3 million new cases and 660,000 deaths
reported in the same year [1]. Projections indicate that
by 2040, the global burden of BC will surpass 3 million
new cases and 1 million deaths annually [2]. Early detec-
tion is critical for improving prognosis, survival rates,
and overall patient outcomes by facilitating timely clini-
cal interventions [3]. Therefore, advancing and optimiz-
ing effective screening and diagnostic techniques for BC
is essential to improving survival outcomes.

Mammography and ultrasonography are the most
widely employed methods for BC detection, with mam-
mography recognized as the gold standard for early
detection [4]. Despite its proven effectiveness, mam-
mography has several limitations. These include reduced
tumor visibility in dense fibroglandular tissue and the
risks associated with repeated radiation exposure [5, 6].
Additionally, the sensitivity of mammography is approxi-
mately 86.9%, leaving certain BC types undetected [7].
Some breast tumors, such as benign lumps, integrate
into the natural breast architecture, further complicat-
ing detection. In young women and those with dense
breast tissue, mammography often yields a high false-
positive rate, leading to unnecessary follow-up proce-
dures, including biopsies, as recommended by clinical
guidelines [8]. Among benign breast conditions, fibroad-
enomas are the most common, followed by fibrocystic
disease [9]. Fibroadenomas present imaging charac-
teristics that overlap with a variety of other benign and
malignant breast lesions, contributing to their significant
representation among breast biopsies [10].

Magnetic resonance imaging (MRI) has been proposed
as a promising alternative to mammography, particularly
because it eliminates the risks of radiation exposure [11].
However, its application in clinical practice is limited
by factors such as low specificity, complex image inter-
pretation, and the absence of standardized diagnostic
guidelines. As a result, breast MRI is generally reserved
for women at high risk of BC [12]. The Breast Imaging
Reporting and Data System (BI-RADS) categories are fre-
quently utilized alongside imaging modalities to evaluate
malignancy risk. These categories provide a spectrum of
risk, ranging from >0 to <2% for BI-RADS 3,>2 to<95%
for BI-RADS 4, and >95% for BI-RADS 5 [13]. Despite
their utility, distinguishing benign breast lesions from
malignant tumors remains a significant challenge in clini-
cal practice, underscoring the need for improved diag-
nostic tools and techniques.

The limitations of current BC diagnostic methods
underscore the need for non-invasive approaches capable
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of accurately diagnosing BC and differentiating between
malignant and benign tumors. In this context, liquid
biopsy has emerged as a promising diagnostic method,
offering higher sensitivity and specificity for early BC
detection [14]. Liquid biopsy relies on the analysis of
epigenetic and genetic alterations in circulating tumor
cells (CTCs), circulating tumor DNA (ctDNA), cell-free
DNA (cfDNA), mRNAs, microRNAs (miRNAs), and
proteins, which can be detected in peripheral blood or
other body fluids using advanced technologies [15]. Sev-
eral studies have demonstrated the potential of ctDNA
as a biomarker for identifying specific mutations associ-
ated with BC. However, the sensitivity of mutation-based
ctDNA detection methods remains limited due to the
lack of universally prevalent mutations in BC [16]. Recent
advancements in DNA methylation analysis within liq-
uid biopsies offer a promising alternative. Methylation
markers are particularly advantageous due to their sta-
bility, relevance across diverse cancer types, and ability
to provide comprehensive insights into cancer biology,
including early detection [17, 18]. Despite these advan-
tages, most methylation-based studies have not included
benign lesions, and the overall performance in BC detec-
tion remains suboptimal. High rates of false positives and
false negatives persist, largely due to benign conditions
that can release DNA with methylation or mutation pat-
terns resembling those of cancer, thereby reducing speci-
ficity [19, 20].

To address these challenges, we previously developed
the SPOT-MAS (Screening for the Presence of Tumor by
DNA Methylation and Size) multimodal assay to analyze
genome-wide cfDNA methylomics and fragmentomics,
with the goal of enhancing BC detection rates [21, 22].
However, our previous study did not fully address the
differentiation of BC from benign lesions, which limited
its applicability for general population screening, where
patients with benign lesions are common [21, 22].

In the current study, we expanded the feature space by
incorporating previously unexplored features, includ-
ing specific 21-mer end motifs around cfDNA cleavage
sites, as well as methylation patterns and copy number
aberrations across 450 targeted genomic regions. Impor-
tantly, we conducted pairwise comparisons between 273
non-metastatic BC patients and 108 patients with benign
lesions, as well as 134 healthy individuals, to identify
multiple BC-specific signatures. These signatures were
then used to build a classifier model to improve the dif-
ferentiation of early-stage BC from both healthy individ-
uals and patients with benign lesions (Fig. 1). To further
demonstrate the utility of our model, we assessed its per-
formance in detecting BC using an external validation
cohort of patients diagnosed with BI-RADS 3-5 lesions
through standard-of-care (SOC) imaging tests (Fig. 1).
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Fig. 1 Overview of study design. The plasma samples in the discovery cohort underwent the SPOT-MAS assay. Features of cfDNA (Methylation,
End motif, Fragment length, Copy number) were collected from both the target and the genome-wide fraction after sequencing. A multi-feature
model was developed using these features to distinguish BC patients from non-cancer (benign and healthy) individuals. To validate this model, we
recruited 119 symptomatic participants who had been diagnosed with BI-RADS 3-5 by mammography. The participants in the validation cohort
also underwent the SPOT-MAS assay, which was similar to those in the discovery cohort and confirmed by fine needle aspiration (FNA) afterward

Results breast lumps, and 134 healthy subjects as a discovery
Clinical characteristics of BC patients, individuals cohort to profile cfDNA signatures capable of differenti-
with benign breast disease and healthy participants ating BC patients from non-cancer individuals (Table 1).
in the discovery cohort All BC patients were diagnosed following abnormal

We recruited 273 BC patients, 108 patients with benign  imaging results (mammography or ultrasound), with
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malignancy confirmed through subsequent tissue biopsy.
Patients in the benign group were confirmed to have
non-malignant breast conditions, such as fibroadenomas
or fibrocystic changes. Both benign patients and healthy
participants underwent mammography as part of their
annual health check-ups and were monitored for 12
months to confirm their cancer-free status. The clini-
cal characteristics of participants in the BC, benign, and
control groups are summarized in Table 1 and detailed in
Additional file 1:Table S1.

Participants in the discovery cohort were randomly
divided into a training set and a test set (Table 1). The
training set included 143 BC patients, 52 benign patients,
and 65 healthy individuals. In this set, both BC patients
and healthy participants had a median age of 49 years
(p-value=1.00, Mann—Whitney U test). By contrast,
the benign group had a median age of 39.5 years (range
22-68), which was significantly younger than the BC
group (p-value <0.05, Mann—Whitney U test). Most BC
patients in the training set were diagnosed at early stages,
with 23.8% at stage I, 53.8% at stage II, and 14.7% at stage
IIIA. Staging information was unavailable for 7.7% of
patients, though all were confirmed by specialists to have
non-metastatic tumors. Regarding BC subtypes, 18.9%
were luminal A, 30.1% luminal B, 18.9% luminal B-HER?2,
154% HER2, and 9.8% triple-negative breast cancer
(TNBC). In the benign group, 69.2% were diagnosed with
fibroadenomas and 30.8% with fibrocystic changes.

The test set consisted of 130 BC patients, 56 benign
patients, and 69 healthy individuals (Table 1). The median
ages of participants in the BC, benign, and healthy groups
in the test set were comparable to those in the training
set. Similar to the training set, most BC patients in the
test set presented with early-stage tumors, with 22.3% at
stage I and 63.8% at stage II. The distributions of BC sub-
types and benign conditions in the test set were consist-
ent with those in the training set (Table 1).

Shallow genome-wide sequencing reveals distinct
CNA and motif end signatures in cfDNA of BC patients
compared to benign and healthy individuals
Our prior research using shallow genome-wide sequenc-
ing revealed distinct plasma CNA and EM signatures in
BC patients compared to healthy individuals [21]. How-
ever, a comparative analysis between BC and benign
patients has not been previously conducted. To identify
ctDNA signatures capable of distinguishing BC from
both healthy and benign individuals, we examined over-
lapping significant CNA and EM features across two
pairwise comparisons: BC versus benign and BC versus
healthy.

To investigate the CNA patterns in cfDNA sequencing
reads from the whole-genome fraction were aligned to
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the human reference genome, segmented into 2691 bins
of 1 Mb each. The DNA copy number was calculated for
each bin. In BC patients compared to benign patients,
we identified 863 bins with a significant gain and 592
bins with a significant loss across 22 chromosomes in BC
patients (p-value <0.05, Mann—Whitney U test, Benja-
mini-Hochberg correction, Fig. 2A, C). When comparing
CNA values between BC patients and healthy individu-
als, we identified only 5 bins with a significant gain and 4
bins with a significant loss in BC patients (p-value <0.05,
Mann—Whitney U test, Benjamini—-Hochberg correction,
Fig. 2B, D). Notably, 5 bins overlapped between the two
pairwise comparisons (Fig. 2E). Among these, two bins
with a significant gain were located on chromosomes
7 and 16 (Fig. 2F), while three bins with a significant
loss were observed on chromosomes 4, 5, and 12 in BC
patients (Fig. 2G).

We next compared the frequencies of all 256 possible
4-mer EMs in cfDNA fragments from BC, benign, and
healthy individuals. We identified 18 EMs that were dif-
ferentially enriched in BC c¢fDNA compared to benign
or healthy individuals (Fig. 3A). Of these, 15 EMs dis-
played consistent enrichment patterns across both pair-
wise comparisons (p-value<0.05, Mann—Whitney U
test, Benjamini—-Hochberg correction, Fig. 3A). Among
the differentially enriched EMs, 8 (highlighted in red,
Fig. 3A) were more frequently observed in BC patients
than in benign or healthy individuals, while 7 (high-
lighted in blue, Fig. 3A) were less frequently observed
in BC patients compared to these groups. Interestingly,
all EMs significantly enriched in BC tended to start with
cytosine (C), including CGCC, CCCC, CGCT, CGAC,
CGCA, CCCA, CCAC, and CCAG (Fig. 3A, B). In con-
trast, 5 out of 7 EMs with reduced frequencies in BC
began with guanine (G), including GTGT, GTTA, GTTC,
GTTG, and GTTT, while the remaining 2 EMs began
with cytosine (C) and thymine (T): CTTG and TTTG
(Fig. 3A, C).

Beyond the 4-mer EMs, a previous study [23] demon-
strated that nucleotide motifs in regions 10 bp down-
stream and upstream of cfDNA cleavage sites are
consistently conserved in healthy controls, while tumor-
derived cfDNA fragments exhibit aberrant changes in
these motifs. Building on this foundation, we investigated
the nucleotide composition (A/T/G/C) within a+10
bp interval surrounding the 5" end of each cfDNA frag-
ment (a total of 21 positions, with the fragment start site
indexed as position 0) from BC, benign, and healthy sub-
jects. To distinguish this feature from the 4-mer EM, we
designated it as Motif 21 (ME21). Our analysis identified
8 significant ME21s shared by both pairwise compari-
sons (p-value <0.05, Mann—Whitney U test, Benjamini—
Hochberg correction, Fig. 3D). Among these, 2 ME21s
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Fig. 2 Analysis of genome-wide copy number aberration (CNA) in cfDNA. Scatter plot shows log2 fold change of DNA copy number in each bin
across 22 chromosomes of 273 BC patients versus 108 benign patients (A) or 134 healthy subjects (B) in the discovery cohort. Each dot represents

a bin identified as gain (red), loss (blue), or no change (grey) in the copy number. Proportions of different CNA bins in each chromosome for BC
versus benign patients (C) and BC versus healthy individuals (D). E Venn diagram indicates the number of significant bins overlapped between two
pair-wise comparisons (BC versus benign and BC versus healthy). Boxplots showing 2 gain bins (F) and 3 loss bins (G) of copy number in BC patients

compared to benign or healthy individuals

were located at position—1, where we observed signifi-
cant enrichment of thymine (T) and a reduced frequency
of Guanine (G) (Fig. 3D,E). Another two ME21s were
located at position—2, where we identified a notable
increase in cytosine (C) and a decrease in guanine (G)
(Fig. 3D,E). The remaining 4 significant ME21s exhibited
an increased proportion of cytosine (C) at positions—3,
0, 1, and 2 (Fig. 3D,E).

Altogether, our genome-wide sequencing analysis
reveals significant changes in CNA and ME that differ-
entiate BC patients from both healthy individuals and
those with benign lesions. These findings underscore

their potential utility as biomarkers for differential
diagnosis.
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Fig. 3 Distinct end motif patterns of plasma cfDNA in BC, benign and healthy individuals. A Heatmap shows log2 fold change of 256 4-mer

end motifs in BC patients compared to benign or healthy subjects (end motifs were highlighted in red for higher frequency and blue for lower
frequency in BC patients). Boxplots showing 8 increased EMs (B) and 7 decreased EMs (C) of copy number in BC patients compared to benign
patients or healthy controls. D Heatmap indicates log2 fold change of motif 21 between BC versus benign patients and BC versus healthy subjects.
E Boxplots show 8 significant ME21s in BC patients compared to benign or healthy individuals
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Identification of methylation changes and CNA in target
regions for distinguishing BC patients from benign

and healthy individuals

DNA methylation alterations are critical epigenetic mod-
ifications that regulate the expression of cancer-associ-
ated genes, playing a crucial role in cancer carcinogenesis
[24]. To explore this, we profiled methylation changes
across 450 target regions selected for their importance
in the transcriptional regulation of cancer-associated
genes. Among these regions, we identified three DMRs,
HIVEP2_GPRI126, KLF3_TLR10, and MAFB_TOPI, that
were consistent across two pairwise comparisons in the
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discovery cohort (p-value <0.05, Mann—Whitney U test,
Benjamini—-Hochberg correction, Fig. 4A).

BC patients exhibited significant hypermethylation in
the HIVEP2 GPRI26 region, which are associated with
HIVEP2 and GPRI26, and in the KLF3_TLRI0 region,
which regulates KLF3 and TLRI0 (Log,FC>0, Fig. 4A,B).
Conversely, hypomethylation was observed in the
MAFB _TOPI region, which are associated with MAFB
and TOPI (Log,FC<O0; Fig. 4A,B). Notably, genes such as
GPRI126, KLF3, TLR10, and TOPI are well-documented
for their roles in BC cell differentiation [25—28]. Thus, our
methylation analysis identified three significant DMRs
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Fig. 4 Analysis of targeted methylation and copy number in plasma cfDNA. A Volcano plot shows log2 fold change and significance methylation
(—log10 Benjamini- Hochberg adjusted p-value from Mann-Whitney U test) of 450 target regions when comparing BC patients to benign or healthy
controls in the discovery cohort. There are 3 DMRs (adjusted p-value< 0.05) and overlapped across these two pairwise comparisons, color-coded
by genomic locations (highlighted in red for log2FC>0 and blue for log2FC<0). B Boxplots showing 3 regions (HIVEP2_GPR126, KLF3_TLR10,

and MAFB_TOP1) in BC patients, benign patients, and healthy participants. C Heatmap shows log?2 fold change of 156 regions with significant copy
number in BC patients compared to benign or healthy individuals. The number of significant regions in each pairwise comparison and overlapped
regions was indicated via Venn diagram (D). Boxplots showing the top 5 with significantly raised CNA values (E) and the top 5 with significantly
reduced CNA values (F) of BC patients compared to benign or healthy individuals
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associated with the transcriptional regulation of BC-
related genes, highlighting their potential as biomarkers
to distinguish BC from benign or healthy individuals.

DNA methylation changes are often associated with
CNAs, as both can reflect underlying changes in gene
regulation [29]. To complement the methylation analysis,
we assessed CNAs in the same 450 target regions among
BC, benign, and healthy individuals. This localized anal-
ysis of CNAs, distinct from genome-wide CNA stud-
ies, was termed as “T_CNA.” Of these 450 regions, 156
(34.7%) exhibited significant CNAs across the two pair-
wise comparisons (p-value <0.05, Mann—Whitney U test,
Benjamini—Hochberg correction, Fig. 4C,D). Of these,
109/156 regions (69.9%) displayed a significant T_CNA
gain (Log,FC>0, Fig. 4C), while 47/156 regions (30.1%)
exhibited a significant T_CNA loss (Log,FC <0, Fig. 4C)
in BC patients compared to benign or healthy controls.
The top 5 regions with a significant T_CNA gain in BC
patients included SOXI7 1, RYR2, HOXD8_HOXD9,
SOX17_2, and HOXDS8 (Fig. 4E). In contrast, regions
with a significant T_CNA loss included TPO_SNTG2,
PPPIR3C, C19orf25_APC2, RHOBTB2_TNFRSFI10B, and
BAIAP2_CHMP6 (Fig. 4F).

Our study identifies three key DMRs and several
regions with significant T_CNA alterations, underscor-
ing their potential utility as biomarkers for BC diagno-
sis. Alterations in methylation and copy number at key
regions may provide valuable insights into the regulatory
mechanisms underlying BC progression.

A multimodal analysis combining signatures from both the
target and genome-wide fraction to enhance the accuracy
of BC detection

The identification of multiple significant signatures from
both the targeted and genome-wide fractions motivated
the development of a classification model to discriminate
BC patients from individuals with benign conditions and
healthy controls.

To construct this model, we divided the discovery
cohort dataset into training and test sets. Dimensionality
reduction was applied to the training dataset to remove
highly correlated features using the Kendall rank corre-
lation coefficient (r>0.7). Subsequently, we performed
tenfold cross-validation to identify stable features,
employing the SelectKBest method to retain the top
500 features based on their recurrence across iterations
(Fig. 5A).

We assessed the performance of five machine learning
algorithms, including LR, SVM, DT, RF, and XGB, using
the HyperClassifierSearch function with tenfold cross-
validation and default parameters. Among these, XGB
outperformed the other algorithms (Additional file 1:Fig.
S1). After selecting XGB as the optimal algorithm, we
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fine-tuned its hyperparameters using tenfold cross-val-
idation to optimize model performance. The finalized
model was evaluated on the test set, achieving outstand-
ing performance metrics.

In the training set, our multimodal model achieved
area under the ROC curve (AUC) values of 0.97 (95%
CI 0.95-0.99), 0.95 (95% CI 0.92-0.98), and 0.98 (95%
CI 0.96-0.99) for discriminating BC patients from non-
cancer individuals (Fig. 5B), benign lesion cases (Fig. 5C),
and healthy controls (Fig. 5D), respectively. Validation on
the test set demonstrated robust performance for pair-
wise classifications, with AUC values of 0.90 (95% CI
0.87-0.94), 0.88 (95% CI 0.83-0.94), and 0.92 (95% CI
0.88-0.96) for the same classifications (Fig. 5B—D).

To further enhance clinical utility, we implemented
a cutoff value of 0.88 to ensure a specificity of at least
95%, thereby minimizing false-positive rates. Under this
threshold, the model achieved a sensitivity of 80.4% for
detecting BC patients, with specificities of 97.4%, 96.2%,
and 98.5% for differentiating BC patients from benign
cases, and healthy controls, respectively (Fig. 5E). When
applied to the test set, the model maintained high spe-
cificities of 93.6%, 91.1%, and 95.7% for the same clas-
sifications, achieving an overall sensitivity of 66.2% for
detecting BC patients (Fig. 5E).

To better understand the contribution of cfDNA sig-
natures in our breast cancer detection model, we applied
SHAP analysis to identify the top 20 most impactful fea-
tures [30]. Among these, the proportion of Guanine (G)
at position 0 of cfDNA fragments emerged as the most
influential feature (Additional file 1:Fig.S3). Additionally,
the proportions of Adenine (A), Guanine (G), and Thy-
mine (T) at position — 1 were also ranked among the top
20 features. These nucleotide patterns at cleavage sites—
particularly the enrichment of A and T and depletion of
G—may reflect the activity of specific endonucleases and
chromatin structural changes [31].

This multimodal approach effectively integrates tar-
geted and genome-wide signatures, demonstrating strong
potential for distinguishing BC patients from non-cancer,
benign, and healthy individuals. The high specificity and
competitive sensitivity suggest its promise for clinical
applications.

The multimodal assay enabled effective detection of BC
patients at early stages and with heterogeneous molecular
subtypes

Detecting early-stage BC is particularly challenging due
to the low levels of ctDNA present in the bloodstream
[32]. The model demonstrated robust performance
in detecting stage I, II, and III tumors, with an AUC of
0.96 (95% CI 0.92-0.99), 0.98 (95% CI 0.96-0.99), and
0.98 (95% CI 0.97-1.00), respectively, on the training set
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(Fig. 6A). Validation on the test set showed AUCs of 0.92
(95% CI 0.87—0.97) for stage I, 0.90 (95% CI 0.85-0.94)
for stages II, and 0.90 (95% CI 0.83-0.97) for stages III
(Fig. 6B). Sensitivities increased incrementally with dis-
ease stage, detecting BC patients in stages I, II, and III
with sensitivities of 62.1%, 66.3%, and 66.7%, respectively
(Fig. 6C).

BC is a highly heterogeneous disease, comprising
diverse subtypes with distinct genetic, molecular, and
clinical characteristics [33]. To assess the ability of model
to identify these subtypes, we evaluated its performance
across five molecular subtype groups: Luminal A, Lumi-
nal B, Luminal B-HER2, HER2-enriched, and TNBC. The
model exhibited excellent performance in the training
set, achieving AUC values ranging from 0.95 to 0.99 for
all subtypes (Fig. 6D). In the test set, the model main-
tained strong performance, with AUC values ranging
from 0.91 to 0.92 (Fig. 6E). The Luminal B-HER2 sub-
type demonstrated the lowest test set performance, with
an AUC of 0.86 (95% CI 0.76—0.94) (Fig. 6E). Sensitivity
analysis revealed that the model effectively differentiated
between molecular subtypes in the test set. The highest
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sensitivity was observed for Luminal B (69.6%), followed
by TNBC (63.6%), Luminal A (63.6%), HER2-enriched
(61.9%), and Luminal B-HER2 (60.0%) (Fig. 6F).

Our multimodal assay achieved high accuracy in
detecting early-stage BC and demonstrated strong per-
formance across heterogeneous molecular subtypes.
These results highlight the potential of this approach as
a robust diagnostic tool for early detection and molecular
classification of BC.

The multimodal assay demonstrated consistently high
performance in a validation cohort of participants

with breast lesions suspected of malignancy

To further validate the performance of the multimodal
model in a diagnostic setting, we recruited 119 partici-
pants presenting lesions suspected of BC, classified as
BI-RADS 3 to 5 following mammography. These partici-
pants, forming the validation cohort, were referred for
diagnostic testing via FNA to confirm lesion types. Blood
samples for the multimodal assay were collected prior to
the FNA procedure. The assay results were subsequently
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compared with FNA outcomes and tissue biopsy findings
from participants who underwent surgery.

Among the 119 patients, 43 (36.1%) were confirmed to
have BC based on FNA results. Clinical characteristics of
the cohort are detailed in Additional file 1:Table S2 and
Table S3. Of the 63 patients with BI-RADS 3, 4 (6.3%)
were diagnosed with malignant lesions, while 59 (93.7%)
had benign lesions, including 46 fibroadenomas, 3 cases
of fibrocystic changes, 6 cysts, 1 atypical hyperplasia,
and 3 unavailable subtype information cases (Additional
file 1:Table S2 and Fig. 7A). In contrast, higher propor-
tions of patients with BI-RADS 4 (59.5%) and BI-RADS
5 (89.5%) were confirmed to have malignant lesions.
Among the 43 BC patients, 36 (83.7%) were diagnosed
at early stages (I-II), while 7 (16.3%) were diagnosed at
late stages (III) (Additional file 1:Table S2 and Fig. 7A).
Evaluation of the multimodal model on this cohort
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demonstrated an overall sensitivity of 65.1%, with sensi-
tivity of 50.0% for BI-RADS 3, 68.2% for BI-RADS 4, and
64.7% for BI-RADS 5 patients in identifying BC (Fig. 7B).
Notably, the model achieved high specificity of 96.1%
in differentiating benign individuals from BC patients,
including 100% specificity for BI-RADS 5 classification.
Among BI-RADS 4 patients, one benign case (a fibroad-
enoma) was misclassified as malignant, but the model
still maintained a specificity of 93.3% for this category
(Fig. 7B). Similarly, in the BI-RADS 3 group, two benign
cases (a cyst and a fibroadenoma) were misclassified as
malignant, yielding a specificity of 96.6% (Fig. 7B). Strati-
fication of BC patients by stage revealed that the model
detected BC with sensitivities of 53.3% for stage I, 76.2%
for stage II, and 57.1% for stage III (Fig. 7C). Moreover,
the model exhibited high sensitivity for certain molecu-
lar subtypes, achieving the highest sensitivity (80%) for
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both Luminal A and HER2-enriched subtypes. Detection
sensitivity for the Luminal B-HER2 and Luminal B sub-
types was slightly lower, at 66.7% and 50%, respectively
(Fig. 7D).

These findings demonstrate that the multimodal assay
effectively differentiates benign from malignant lesions
in a diagnostic setting, achieving high specificity for dif-
ferentiating benign lesions from early-stage tumors. This
highlights its potential as a robust companion tool com-
plementing SOC screening tests in clinical practice.

Discussion

Recent studies have highlighted liquid biopsy as a prom-
ising approach for early BC detection. However, distin-
guishing benign lesions from malignant tumors remains
a significant challenge [34—36]. In this study, our multi-
modal analysis of cfDNA characteristics demonstrated
robust performance in differentiating BC patients not
only from healthy controls but also from individuals with
benign conditions. This distinction has the potential to
reduce false-positive rates, thereby minimizing unneces-
sary biopsies in clinical practice. Furthermore, our pro-
tocol integrates both targeted enrichment and shallow
genome-wide sequencing (0.5X) from a single 10 mL
blood sample and library preparation (Fig. 1). This “all-
in-one” approach allows for the simultaneous profiling
of multiple cfDNA signatures while keeping testing costs
low compared to other assays [22], thus supporting its
potential implementation in routine clinical practice to
differentiate breast cancer from benign and healthy cases.

BC is a heterogeneous disease, characterized by vari-
ations in the genomic, epigenomic, transcriptomic, and
proteomic profiles of cancer cells [37]. Additionally, at
early stages, the concentration of ctDNA in the blood-
stream is extremely low, posing a challenge for detec-
tion [38]. To address these complexities, we previously
analyzed multiple features of cfDNA, including meth-
ylation and fragmentomic patterns, to identify a broader
spectrum of BC-specific signatures. In this study, we
expanded on this approach by integrating three genome-
wide signatures—CNA, EM, and ME21, and two targeted
signatures—TMD and targeted CNA (T_CNA).

Aberrant DNA copy number changes in breast cancer
primarily arise from genomic instability during DNA
replication—a hallmark of cancer. These alterations,
involving the gain or loss of DNA segments, often con-
fer growth or survival advantages to tumor cells [39]. Our
statistical analysis identified significant CNAs across sev-
eral chromosomes, consistent with previously reported
findings. For instance, gain of chromosome 16 has been
associated with high nuclear grade, larger tumor size,
advanced stage, increased expression of topoisomerase
IIa, and poorer overall survival in breast cancer [40].
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Furthermore, luminal B-like and HER2-overexpressing
subtypes frequently exhibit gains in 1q, 8q, 16p, and
17q—features characteristic of the “firestorm” CNA
profile [41]. In our genome-wide fraction, CNA analy-
sis revealed significant alterations across all 22 chro-
mosomes when comparing BC patients with benign
conditions, with more pronounced CNA signatures
than those observed between BC and healthy subjects.
Benign breast disease may represent an intermediate
stage in the progression from normal tissue to cancer
[42], which could explain the complex and variable pat-
terns seen in this group. Furthermore, inflammation in
benign breast tissue may contribute to genomic instabil-
ity, reflecting changes in the tumor microenvironment
[43]. Similarly, altered fragmentation patterns in cfDNA
likely result from tumor-specific chromatin accessibil-
ity and nucleosome positioning, influenced by the can-
cer cell’s epigenetic state and apoptosis dynamics [44].
During apoptosis, DNA in cancer cells and normal cells
cleaves differently, resulting in variations in the DNA
patterns at the end of each fragment. Previous studies
have demonstrated that 4-mer end motifs can be lever-
aged for detecting ctDNA in the plasma of patients with
hepatocellular carcinoma and other cancers [22, 45]. In
this study, we identified distinct end motif patterns dis-
tinguishing BC from healthy controls as well as from
patients with benign patients. Notably, all enriched end
motifs in BC began with “C)” consistent with findings
from our previous multi-cancer early detection study,
which included BC [22]. Similarly, Jin et al. identified
three 4-mer end motifs (CCCA, CCTG, and CCAG) as
preferred end motifs in hepatocellular carcinoma [46].
Serpas et al. further suggested that DNASE1L3 may con-
tribute to the generation of the “CCCA” end motif [47].
In a related study, Zhu et al. [48] employed an experi-
mental model using the HL60 human leukemia cell line
undergoing apoptosis to investigate DNA fragmenta-
tion patterns via shallow whole-genome sequencing.
Their results revealed that C-end motif preferences
(e.g., fragments beginning with cytosine) were retained
both intracellularly and extracellularly in apoptotic cells,
even in the absence of DNASEIL3. Interestingly, they
also observed a reduced abundance of C-end motifs in
cfDNA from cancer patients. One possible explanation is
that while DNASE1L3 may be downregulated in tumors,
other nucleases—such as DNASE1, DFFB, or additional
endonucleases—could compensate or preferentially
cleave at C-rich regions, contributing to the observed
motif enrichment in vivo [49]. Although the HL60 apop-
tosis model offers valuable mechanistic insights under
controlled in vitro conditions, it does not fully cap-
ture the biological complexity of cfDNA fragmentation
in vivo. In the physiological setting, factors such as tumor
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heterogeneity, the diversity of cell death pathways, and
dynamic interactions within the tumor microenviron-
ment collectively influence nuclease activity and chro-
matin accessibility. These findings underscore the need
for appropriate in vivo models in future studies to disen-
tangle the relative contributions of specific nucleases and
chromatin context to c¢fDNA fragmentomic patterns in
cancer.

Previous studies have also shown that cfDNA fragment
start and end sites contain distinct nucleotide motifs
that can differentiate tumor-derived fragments [50]. For
example, Chandrananda et al. demonstrated that 10-bp
motifs upstream and downstream of the cfDNA cleav-
age site exhibit consistent patterns in cancer-derived
cfDNA [23]. Consistently, we identified significant ME21
signatures enriched in BC compared to benign patients
or healthy individuals. This finding highlights the non-
random fragmentation process of BC-derived ctDNA,
underscoring its potential as a marker to discriminate
benign lesions from malignant tumors. The proportions
of Guanine (G) at position 0, and Adenine (A), Guanine
(G), and Thymine (T) at position—1, were identified as
key cfDNA features contributing to model performance
(Additional file 1:Fig.S3). These nucleotide patterns at
cfDNA cleavage sites—particularly the enrichment of A
and T and the depletion of G—are thought to reflect the
enzymatic activity of endonucleases and tumor-specific
chromatin architecture. Supporting this, Bai et al. [52]
demonstrated that cfDNA is initially cleaved intracel-
lularly by DFFB and DNASEIL3, which preferentially
generate A-end and C-end fragments, respectively. Sub-
sequent extracellular cleavage is mediated by DNASEIL3
and DNASE1, with DNASEI favoring the generation
of T-end fragments [51]. In addition, a previous study
reported substantial intratumoral heterogeneity in the
expression of DNase family genes across 33 tumor types,
which may contribute to the distinct nucleotide pro-
files observed at cleavage sites in breast cancer-derived
ctDNA [52].

Across 450 target regions, we identified three DMRs
(HIVEP2_GPRI126, KLF3_TLR10, and MAFB _TOPI,
Fig. 4A) between BC and both benign patients and
healthy subjects. Aberrant DNA methylation in breast
cancer often reflects transcriptional silencing of tumor
suppressor genes or activation of oncogenic pathways,
which is mirrored in the plasma cfDNA methylation
landscape [53]. Among the hypermethylated targets in
our study, GPRI26, a member of the adhesion G pro-
tein-coupled receptor family, plays a key role in the pro-
gression of triple-negative breast cancer [25]. We also
observed hypermethylation in regulatory regions asso-
ciated with KLF3 and TLRI0, consistent with previous
studies that identified both genes as tumor suppressors
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[54, 55] and reported their downregulation in BC patients
compared to healthy controls [55]. Similarly, decreased
expression of several toll-like receptors (TLRs), includ-
ing TLRI10, has been documented in BC tissues relative
to normal tissues [27]. In addition, we observed hypo-
methylation of genomic regions associated with TOPI,
aligning with reports of elevated TOPI expression in BC
patients, as described by Tsyganov et al. [28]. Moreover,
we investigated methylation differences between breast
tumor and normal tissues using methylation array data
from the TCGA-BRCA project. Out of 354,454 CpG sites
analyzed, 262,289 were found to be significantly differ-
entially methylated between tumor and normal samples
(p-value <0.05, t-test, Benjamini—-Hochberg correction).
These CpG sites were annotated to 19,163 genes. When
compared to the 584 genes annotated from our 450 tar-
geted regions, 542 genes overlapped with those identified
in the TCGA dataset. Notably, all six genes corresponding
to the three most statistically significant cfDNA-derived
regions (HIVEP2_GPR126, KLF3_TLR10, and MAFB_
TOP1I) also overlapped with the TCGA data (Additional
file 1:Fig.S4A). In addition, two key genes identified
through SHAP analysis—SNAII and UBE2VI1—were also
present among the TCGA-derived differentially meth-
ylated genes (Additional file 1:Fig.S4B). These results
support the biological relevance of our identified methyl-
ation signatures and suggest their potential involvement
in breast cancer occurrence and progression.

In the target fraction, we observed several regions with
significant copy number changes in BC compared to both
benign patients and healthy subjects. Previous studies
have reported that associations between somatic CNA
and DNA methylation can be either positive or negative.
In contrast, associations between CNA and gene expres-
sion may occur independently, as DNA methylation
does not strongly mediate this relationship [29, 54]. In
our study, we identified regions with T_CNA alterations
localized in non-differentially methylated regions of BC.
Prior research indicates that the copy number variant of
SOX17 influences both methylation and gene expression
in BC [55].

Our multimodal approach demonstrated that combin-
ing distinct cfDNA features enhances sensitivity for BC
detection while maintaining high specificity in distin-
guishing benign and healthy classifications. Although the
model performed well on the training set, with a sensi-
tivity of 80.4% (Fig. 5E), sensitivity declined to 66.2% on
the test set (Fig. 5E). In this study, our multi-omics analy-
sis resulted in a high-dimensional feature space, which
could increase the risk of overfitting during model con-
struction [56]. To mitigate this, we implemented a train-
test split combined with tenfold cross-validation within
the training set (Fig. 5A). This strategy enabled robust
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hyperparameter tuning and stable feature selection
across folds, thereby reducing the risk of overfitting to
any specific subset. Notably, the test set was completely
withheld during model development and used only once
for final evaluation, ensuring an unbiased assessment of
the model’s generalization performance. This approach
allows for efficient use of limited data while maintaining
the integrity of performance evaluation. Previous studies
have emphasized the effectiveness of cross-validation in
mitigating overfitting and highlighted the importance of
independent test set evaluation to avoid optimistic bias
in performance estimation [57, 58]. To evaluate model
stability and assess the risk of overfitting, we performed
bootstrap resampling across 1000 training epochs on
the discovery cohort (Fig. 5A). For each of 10 bootstrap
iterations, an XGBoost classifier was trained on a resam-
pled dataset drawn with replacement from the discovery
cohort. Model performance was monitored across 10
independently bootstrapped models. Beyond 200 epochs,
log-loss remained consistently low (Additional file 1:Fig.
S5A), and classification accuracy remained high (Addi-
tional file 1:Fig.S5B), indicating stable model behavior.
Notably, both log-loss and accuracy stabilized early in
the training process, suggesting efficient convergence
and obviating the need for extended training beyond 200
epochs (Additional file 1:Fig.S5). The narrow and stable
performance gap between training and validation sets
further supports good model generalizability and indi-
cates an absence of significant overfitting (Additional
file 1:Fig.S5B). Despite these challenges, our performance
in screening BC was highly competitive, particularly in
the context of benign lesion inclusion. Comparatively, the
Galleri test, which utilizes a panel of> 100,000 informa-
tive methylation loci via targeted whole-genome bisulfite
sequencing of plasma DNA to detect>50 cancer types,
achieved a specificity of 99.3%. However, BC exhibited
the lowest sensitivity, with detection rates of less than
25% for stage I and approximately 50% for stage II cases
in case—control studies [59]. Compared to our MCED
test (SPOT-MAS) [22], which utilizes features selected
through comparisons across multiple cancer types, the
multi-feature model presented in this study demon-
strated superior performance (66.2% vs. 49.3%). These
findings support our hypothesis that focusing on BC-
specific features for training a machine-learning model
enhances its performance for detecting a particular can-
cer type.

In this study, we demonstrated that the performance
of the multi-feature model was not subtype dependent.
Breast cancer is a biologically heterogeneous disease
comprising several molecular subtypes, including Lumi-
nal A, Luminal B, HER2-enriched, and triple-negative
breast cancer (TNBC), each characterized by distinct
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molecular alterations, biological behaviors, and clinical
outcomes [60]. Approximately 20% of Luminal B tumors
are HER2-positive, a group classified as Luminal B—
HER2 (ER*/HER2)[60]. In our study, the lower sensitiv-
ity observed for this subtype in test set (60%) may reflect
subtype-specific differences in ctDNA shedding dynam-
ics and epigenetic features. Less aggressive or more indo-
lent subtypes, such as Luminal A and Luminal B (ER*/
HER2"), tend to release lower levels of ctDNA into circu-
lation. In contrast, more aggressive subtypes, including
HER2-enriched and TNBC, are associated with higher
ctDNA release due to increased tumor proliferation and
necrosis [61]. Although Luminal B-HER2 tumors are
more proliferative than Luminal A [62], they may still
shed less ctDNA than HER2-enriched non-luminal or
TNBC subtypes, which exhibit more aggressive tumor
biology and higher ctDNA abundance [63, 64]. This bio-
logical heterogeneity likely contributes to differences in
detection sensitivity across subtypes. Our multimodal
approach, which integrates a range of ctDNA-based
features, may help mitigate this variability by capturing
a broader spectrum of molecular signatures unique to
each subtype. Notably, TNBC exhibited a high sensitivity
of 63.6% in the test set (Fig. 6F), aligning with previous
studies that emphasize the utility of ctDNA in diagnosing
TNBC across early and advanced stages [56].

To further validate our multimodal model, we evalu-
ated its performance in detecting BC within a high-risk
cohort of participants with breast lesions by mammog-
raphy and recommended for FNA for diagnostic confir-
mation. The malignancy rates for BIRADS-3, BIRADS-4,
and BIRADS-5 were 6.3%, 59.5%, and 89.5%, respectively
(Additional file 1:Table S2), consistent with previous
reports [65, 66]. These malignancy rates suggest that the
high-risk cohort reflects real-world clinical scenarios.
The model accurately identified 50.0% (2/4) of BC cases
in the BIRADS-3 group, 68.2% (15/22) in BIRADS-4, and
64.7% (11/17) in BIRADS-5 (Fig. 7B). Overall, the model
achieved a sensitivity of 65.1% (Fig. 7B) while maintain-
ing a high specificity of 96.1% (Fig. 7B) in distinguish-
ing BC from benign lesions across BIRADS categories.
This performance is consistent with that observed in
the original test set, which demonstrated a sensitivity of
66.2% (p-value=1.0, Fisher’s exact test) and a specific-
ity of 91.1% (p-value=0.28, Fisher’s exact test) (Fig. 5E).
These results indicate that the model maintains robust
and consistent performance when prospectively vali-
dated in an independent external cohort. Moreover, these
results highlight the potential of the multimodal model,
trained on BC-specific signatures, to enhance differen-
tiation between malignant and benign lesions and reduce
the need for invasive diagnostic procedures in high-risk
populations.
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While sensitivity for stage I breast cancer remains
moderate (53—-62%), this performance surpasses that of
several published cfDNA-based assays and reflects inher-
ent biological challenges related to minimal ctDNA shed-
ding in early disease [32, 67]. Despite these challenges,
our test achieved a sensitivity of 62-66.3% for stage I-1I
breast cancers (Fig. 6C and Additional file 1:Table S4)—
substantially higher than other reported ctDNA-based
assays, such as Galleri [59] (25-50%), CancerSEEK (33%),
DELFI (57%) [68], and SPOT-MAS MCED (49.3%) [22].
A nucleosome profiling-based cfDNA assay developed
by Han et al. evaluated 173 malignant, 158 benign, and
102 healthy samples, reporting a sensitivity of 70.8%
but a relatively low specificity of 76.5% in distinguishing
breast cancer from benign lesions [69]. In contrast, our
assay demonstrated a unique strength in differentiating
breast cancers from benign breast conditions, achiev-
ing a high specificity of 96.1% (Fig. 7B and Additional
file 1:Table S4) in a validation cohort representative of
real-world high-risk populations. This highlights its
potential utility in clinical settings where benign breast
lesions are common and often lead to diagnostic uncer-
tainty. Recently, Guardant Reveal " has been approved
for the detection of minimal residual disease (MRD) and
recurrence monitoring in early-stage cancers, although
it is not primarily intended for early detection or popu-
lation-level screening. In exploratory analyses involv-
ing breast cancer, the assay demonstrated a sensitivity
of 79% for detecting distant recurrence but only 13% for
localized disease, while maintaining a specificity of 100%
[70]. These findings highlight the persistent challenge of
detecting ctDNA shed by early-stage breast tumors.

Despite these promising results, our study has several
limitations. First, while the multimodal model showed
strong classification performance, the validation cohort
sample size was limited. Larger cohorts are needed for
further validation before applying the model in real-
world screening settings. Second, 16.3% of breast cancer
patients were without subtype information (7/43) in the
validation cohort (Additional file 1:Fig.S2 and Table S2).
These patients underwent initial imaging at study hospi-
tals but chose different facilities for subsequent tests and
surgeries, limiting access to complete histological data.
In addition, the limited sample size for each molecular
subtype remains a constraint, particularly for Luminal B—
HER2, HER2-enriched, and triple-negative breast cancer
(TNBC). As reported by Clarke et al. [71], the distribu-
tion of breast cancer subtypes varies by age and popula-
tion. Among Asian women, HR*/HER2" tumors (Luminal
A and Luminal B) represent approximately 55% of cases,
HR*/HER2' (Luminal B-HER?2) account for ~ 12%, HER2-
enriched (HR/HER2") for ~8%, and TNBC for ~9%[71].
Consequently, acquiring sufficient numbers of early-stage
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samples from these less common subtypes poses a sig-
nificant challenge for subtype-specific model develop-
ment and validation. Future validation of our model in
more diverse populations and clinical contexts, and eval-
uation using real-world data, is required to confirm the
robustness of our assay. Currently, we are conducting a
prospective study, K-ACCELERATE (NCT06391749),
which aims to recruit 1000 participants presenting with
symptoms or signs suggestive of the five most common
cancer types, including breast cancer. This study will pro-
vide an opportunity to assess the diagnostic performance
of our model in a high-risk diagnostic population and
evaluate its sensitivity across molecular subtypes. Third,
while our protocol, which combines targeted and shal-
low genome-wide sequencing (Fig. 1), enables low testing
costs, it does not capture the full spectrum of molecular
signatures associated with breast cancer. We are actively
incorporating deep sequencing to comprehensively pro-
file the methylome and fragmentome, with the goal of
integrating additional features into our framework. This
expanded feature set is expected to further improve
detection sensitivity and enhance biological interpret-
ability. We believe this iterative strategy will enable the
progressive refinement of our assay’s performance while
maintaining its clinical feasibility. Finally, while our assay
leverages shallow whole-genome sequencing and an inte-
grated library preparation protocol to reduce per-sample
costs, we acknowledge that a comprehensive cost-effec-
tiveness analysis—including direct comparison with
existing modalities such as mammography in terms of
cost-per-test, infrastructure requirements, and workflow
integration—is needed to fully assess clinical scalabil-
ity. Future prospective studies are warranted to evaluate
these parameters in real-world settings.

Conclusions

Our findings underscore the potential of multimodal
plasma cfDNA analysis to identify novel biomarkers for
accurately distinguishing BC patients from benign lesions
and healthy individuals. This capability could reduce
false-positive rates and unnecessary biopsies, offering
significant clinical utility for high-risk populations.

Methods

Patient enrollment

This study included a discovery cohort of 515 female
participants, consisting of 273 BC patients, 108 individu-
als with benign breast disease, and 134 healthy controls.
BC diagnoses were confirmed through abnormal mam-
mography findings followed by tissue biopsy. Disease
staging was determined using the TNM (Tumor, Node,
Metastasis) classification system, based on guidelines
from the American Joint Committee on Cancer (Version
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VIII) and the International Union for Cancer Control. To
emphasize the importance of early cancer detection, only
patients with non-metastatic BC (stages I-IIIA) were
included in the study.

Participants with benign breast disease and healthy
controls underwent routine mammography as part of
their annual health check-ups. Diagnoses of benign
breast disease were confirmed at the time of inclusion
and were characterized as non-malignant lumps, includ-
ing fibroadenomas and fibrocystic changes. These indi-
viduals were monitored for 12 months to confirm their
cancer-free status. Participants for the discovery cohort
were recruited between October 2021 and December
2023 from Ho Chi Minh City Oncology Hospital and
the Medical Genetics Institute in Ho Chi Minh City,
Vietnam.

An external validation cohort was also recruited, com-
prising 119 female participants identified with BI-RADS
3-5 lesions through mammography. All participants
underwent fine needle aspiration (FNA) for diagnostic con-
firmation. This validation cohort was recruited between
April 2024 and April 2025 from Thai Nguyen National
General Hospital, Can Tho Oncology Hospital, Nghe An
Oncology Hospital, Da Nang Oncology Hospital and Buon
Ma Thuot Medical University Hospital, Vietnam.

The study complied with the ethical principles set forth
in the Declaration of Helsinki. The research protocol
was approved by the Ethics Committees of all participat-
ing institutions, with ethics review number 294/BVUB-
HDDD for the discovery cohort and 460/HDDD-DHYD
for the validation cohort. Written informed consent was
obtained from all participants before sample collection.
Importantly, all samples were collected prior to the initia-
tion of any therapeutic interventions to ensure the integ-
rity of the analysis.

Study design

Plasma samples were isolated from 273 BC patients, 108
individuals with benign breast disease, and 134 healthy
controls in the discovery cohort. We employed the
SPOT-MAS assay, as described in our previous publica-
tion [22], to simultaneously analyze multiple cfDNA sig-
natures from both targeted and genome-wide fractions.
To enhance BC detection, we extended the analysis of
21-mer motif ends (ME21), targeted methylation density
(TMD) and copy number aberration (T_CNA) signatures
in targeted regions (Fig. 1).

Distinct cfDNA signatures were profiled from the tar-
geted and genome-wide fractions in two pairwise com-
parisons: (1) BC versus benign disease, and (2) BC versus
healthy subjects. Our analysis prioritized signatures
exhibiting consistent trends across both comparisons in
BC patients. After identifying BC-specific signatures, we
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developed a multi-feature model capable of differentiat-
ing BC patients from individuals with benign lesions and
healthy controls (Fig. 1).

Finally, the predictive model was validated using an
independent validation cohort, which had not been
included in the training or testing phases. This cohort
comprised 119 individuals with BI-RADS 3-5 lesions
identified via mammography. Plasma samples from
these participants were analyzed using the SPOT-MAS
assay, and the model predicted the presence or absence
of ctDNA signals. To confirm diagnoses, all participants
underwent FNA, which served as the reference standard
for determining cancer status. Following FNA, 43 partici-
pants were diagnosed with benign breast disease, while
76 participants were confirmed as having BC. The perfor-
mance of model was evaluated by comparing its predic-
tions with FNA-confirmed diagnoses (Fig. 1).

Isolation of cfDNA

Blood (10 mL) was collected in Cell-Free DNA BCT
tubes (Streck, USA) and processed via two-step cen-
trifugation as previously described [22]. The resulting
plasma fractions were aliquoted and stored at—80 °C for
long-term preservation. cfDNA was extracted from 1 mL
plasma using the MagMAX Cell-Free DNA Isolation Kit
(ThermoFisher, USA) and quantified with the QuantiF-
luor dsDNA System (Promega, USA).

Multimodal analysis of genome-wide and targeted
fractions of cfDNA

The cfDNA samples isolated for this study were analyzed
using the SPOT-MAS assay, as previously described [22].
The workflow involves three key steps:

Step I: Bisulfite conversion was performed using the
EZ DNA Methylation-Gold Kit (Zymo Research, USA),
and libraries were prepared with the xGen" Methyl-
Seq DNA Library Prep Kit (IDT, USA) using Adaptase”"
technology.

Step 2: The library is subsequently subjected to hybridi-
zation to selectively enrich the target fraction, encom-
passing 450 cancer-specific regions, as detailed in the
design and construction of the capture panel [22]. The
non-targeted whole-genome fraction is recovered by
collecting the flow-through and re-hybridizing it with
probes targeting the adapter sequences of the DNA
library. Both the target capture and whole-genome frac-
tions are sequenced to depths of about 52X and 0.55X,
respectively, generating 100-bp paired-end reads with a
sequencing depth of 20 million reads per fraction. Pre-
processing of the data generates five distinct cfDNA fea-
ture sets: CNA, EM, ME21, TMD, and T_CNA.
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Copy number aberration analysis (CNA)

CNA analysis was performed using the QDNAseq R
package [72] with a 1-Mb segmentation strategy. Regions
of low mappability and Duke blacklist regions were
excluded to ensure data quality. Read counts per bin were
calculated using the “binReadCounts” function followed
by GC content correction with “estimateCorrection” and
“correctBins” To refine the CNA features, we applied
“normalizeBins” for normalization and “smoothOutli-
erBins” to address outliers. This process yielded a final
feature vector comprising 2691 bins.

End motif analysis (EM)

Library preparation with Adaptase " added a random 5’
tail to reverse reads, precluding accurate 5° end identi-
fication. Therefore, EM features were calculated based
on the 5 coordinates of forward reads, as previously
described [22].

End motif 21 analysis (ME21)

To define the 21-bp end-motif feature (ME21), we
extracted a 21-nucleotide sequence from the 5" end of
each R1 sequencing read. This sequence consisted of 11
bp from within the read and 10 bp extending into adja-
cent genomic regions. A position weight matrix (PWM)
of dimensions 4x21 was constructed, where each row
corresponded to a nucleotide (A, T, G, or C) and each
column represented a position within the 21-bp sequence
[50]. The PWM entries captured the proportional fre-
quency of each nucleotide at each position. The matrix
was subsequently flattened into a 1Xx84 vector, which
served as an input feature for further analysis.

Targeted methylation density analysis (TMD)

Paired-end reads were trimmed using Trimmomatic
v0.32 (HEADCROP), aligned with Bismark v0.22.3,
and processed with Samtools v1.15 and Bedtools v2.28.
Methylation calling was performed using Bismark meth-
ylation extractor [22]:

methylated cyto sin e (c)

Methylati tio =
etrysation ratio methylated C + unmethylated C

Methylation fold changes between BC and benign or
healthy samples were calculated for each target region.
Differentially methylated regions were identified by
comparing BC and benign/healthy samples using a Ben-
jamini—Hochberg adjusted p-value threshold of<0.05
(—log;, adjusted p >1.301).

Targeted copy number aberration analysis (T_CNA)
The 450-targeted regions (T_CNA) feature was con-
structed similarly to the common genome-wide CNA
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feature. Read counts across these 450 regions were nor-
malized, and copy numbers were estimated using the
QDNAseq package, with minor modifications to adapt
the settings for the targeted regions.

Step 3: The cfDNA features were input into a machine
learning algorithm to generate predictive outcomes. The
discovery cohort dataset was divided into training and
testing sets, with the training set further split into two
pairwise comparisons: cancer versus benign and cancer
versus healthy, for feature selection. To minimize redun-
dancy, Kendall rank correlation (r>0.7) was applied to
remove highly correlated features. Cross-validation with
10 folds was used to identify stable features in each pair-
wise comparison. The SelectKBest method was employed
to filter the top 500 features in each iteration, based on
scores from the'f classif'function. Stable features were
selected if they appeared consistently across all 500 fea-
ture sets from the iterations. The final feature set was
formed by combining the selected features from both
pairwise comparisons.

Five machine learning algorithms—Logistic Regres-
sion (LR), Support Vector Machine (SVM), Decision
Tree (DT), Random Forest (RF), and Extreme Gradient
Boosting (XGB)—were evaluated. To identify the best
algorithm, we used the HyperclassifierSearch function
with tenfold cross-validation and default parameters.
After selecting the optimal algorithm, its hyperparam-
eters were fine-tuned, and a classification model was
constructed to differentiate BC patients from benign and
healthy individuals. To evaluate model stability and assess
the risk of overfitting, we performed bootstrap resam-
pling with 1000 training epochs on the discovery cohort.
In each of 10 bootstrap iterations, a dataset of equal size
was generated by sampling with replacement from the
original data. A classifier was trained on each resampled
dataset for 1000 boosting rounds. During training, both
log loss and accuracy were tracked across epochs using
the bootstrap training data and the corresponding out-
of-bag (OOB) samples for validation, providing insight
into convergence behavior and potential overfitting.

Statistical analysis

The Mann—-Whitney U test was employed to evalu-
ate statistically significant differences between BC and
benign samples, as well as between BC and healthy sam-
ples. DNA methylation data from 1075 breast tumor tis-
sues and 124 adjacent non-tumor tissues were obtained
from the TCGA-BRCA project via the TCGA data portal
(https://portal.gdc.cancer.gov/). Differentially methyl-
ated CpG sites were identified using the Student’s ¢ test.
To account for multiple comparisons, p-values were
adjusted using the Benjamini—Hochberg correction, with
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a significance threshold set at @ <0.05. Sensitivity and
specificity values between the test set and the validation
cohort were compared using Fisher’s exact test, with a
significance threshold also set at a <0.05.

Receiver operating characteristic (ROC) curves were
constructed, and the area under the ROC curve (AUC),
along with 95% confidence intervals (CI), was calculated
to evaluate the discriminative performance of features.
We applied SHapley Additive exPlanations (SHAP) anal-
ysis to identify the top 20 most impactful features of the
model [30]. All statistical analyses were conducted using
Python version 3.11.2 (Python Software Foundation,
USA).
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