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Background
Circulating tumor DNA (ctDNA) has attracted wide-
spread attention in clinical oncology as a minimally 
invasive liquid biopsy biomarker for detecting target 
mutations and monitoring cancer recurrence or per-
sistence [1–3]. However, most ctDNA clinical research 
focuses on genomic variations [4], epigenomic character-
istics [5] or fragmentation patterns [6], limiting its abil-
ity to detect early cancer due to dilution by much larger 
quantities of DNA of noncancerous origins. To address 
this issue, researchers have attempted to improve ctDNA 
detection by increasing sequencing depth or combining 
other blood biomarkers, such as histone modifications, 
proteomics, or metabolomics [7, 8]. However, these 
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Abstract
Background  Extrachromosomal circular DNA has emerged as a pivotal factor in tumor biology, contributing to 
intratumor heterogeneity, oncogene amplification, and tumor evolution. Despite its relevance, the presence and 
molecular characteristics of plasma-derived cell-free extrachromosomal circular DNA (eccDNA) in cancer patients 
remain insufficiently explored.

Methods  In this study, we profiled plasma-derived cell-free eccDNA from a multi-cancer cohort consisting of 413 
cancer patients and 239 healthy individuals. We analyzed eccDNA fragment size distributions using a patient-derived 
xenograft (PDX) mouse model and identified fragment size features to distinguish tumor-derived eccDNA from 
non-tumor-derived eccDNA. We further performed in silico fragment size selection and developed a gene-based 
annotation method to characterize the gene content carried by cell-free eccDNA across different cancer types. By 
utilizing these cell-free eccDNA signatures, we developed ScanTecc (screening cancer types with cell-free eccDNA), 
a machine learning-based approach for cancer detection and tissue-of-origin classification. The classification 
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approaches are still constrained by cost and clinical feasi-
bility, hindering the development, evaluation, and imple-
mentation of early cancer detection [4]. These limitations 
highlight the need to explore novel biomarkers capable of 
enhancing early detection and offering a more compre-
hensive genomic view of tumors.

Extrachromosomal circular DNA is a double-stranded 
circular DNA molecule that exists independently of 
conventional chromosomes [9]. With the rapid develop-
ment of high-throughput sequencing and super-resolu-
tion imaging technologies, extrachromosomal circular 
DNA has been widely found in both normal tissues and 
various tumor tissues, garnering significant attention in 
biological and clinical research [10–12]. Depending on 
its fragment size and biological characteristics, extra-
chromosomal circular DNA can be classified into two 
categories: (1) large, oncogene-enriched, copy number-
amplified extrachromosomal circular DNA (ecDNA), and 
(2) the predominant small extrachromosomal circular 
DNA (eccDNA). Studies have shown that ecDNA ampli-
fication, prevalent in various human cancers and precan-
cerous lesions, is linked to accelerated cancer evolution 
and poor prognosis due to the overexpression of ampli-
fied oncogenes [13, 14]. Additionally, ecDNA exhibits 
high mobility, clustered mutations, and non-homoge-
neous segregation, functioning as “mobile enhancers” 
that accelerate tumor evolution [15–17]. In contrast, 
eccDNA primarily originates from apoptotic or replica-
tion error processes [18], exhibiting immune-stimulatory 
activity via its circular structure and cytosolic DNA sen-
sors [12]. Notably, the abundance of both ecDNA and 
eccDNA in cancerous tissues is significantly higher than 
in normal tissues [11, 19], underscoring their potential as 
diagnostic and therapeutic biomarkers.

Studies have further reported that cell-free eccDNA, 
referring to eccDNA released into the circulation, can 
be stably present in various body fluids, such as plasma 
[20] and urine [21]. This type of DNA retains its circular 
structure, and both long-read and short-read sequenc-
ing have revealed that the size and number of cell-free 
eccDNA in the plasma of cancer patients are signifi-
cantly greater than those in healthy individuals [22, 23]. 
These differences are especially pronounced in pre-
surgery plasma samples, which are enriched in larger 
eccDNA fragments, further demonstrating the potential 
of eccDNA in cancer monitoring [24]. Although cell-free 
DNA (cfDNA), including ctDNA, is widely used in oncol-
ogy for tumor monitoring [25], ctDNA only accounts for 
a small proportion (0.1–1.0%) of total cfDNA and is dif-
ficult to isolate [26]. Additionally, compared with cfDNA, 
cell-free eccDNA exhibits higher stability and lower con-
tamination from white blood cells, providing distinct 
advantages for liquid biopsy diagnostics. However, com-
prehensive characterization of cell-free eccDNA in can-
cer patients remains limited, which significantly hinders 
its widespread clinical application.

In this study, we analyzed the cell-free eccDNA pro-
files of 652 plasma samples, encompassing 413 patients 
diagnosed with eighteen distinct primary cancer types 
and 239 healthy individuals. We verified the presence 
of cell-free eccDNA in human plasma using outward 
PCR, Sanger sequencing, and atomic force microscopy 
(AFM). Leveraging plasma samples from patient-derived 
xenograft mouse model, we identified a clear fragment 
size threshold near 1,000 base pairs (bp) that effectively 
distinguishes tumor-derived eccDNA from non-tumor 
counterparts, both in terms of size distribution and 
genomic localization. We further developed ScanTecc, an 
innovative machine learning framework that combines 

performance of ScanTecc was further evaluated at the individual sample level using multiple machine learning 
classifiers, including adaptive boosting and logistic regression.

Results  We observed a significantly higher abundance and longer fragment lengths of eccDNA in cancer patients’ 
plasma. Analysis of the PDX mouse model revealed a distinct fragment size threshold of approximately 1,000 
base pairs that effectively differentiates tumor-derived eccDNA from non-tumor-derived counterparts. Following 
fragment size selection, gene-based annotation of large-sized eccDNA revealed cancer type–specific enrichment 
of tumor-associated genes. Leveraging these features, ScanTecc achieved an overall AUC of 0.92 for distinguishing 
cancer patients from healthy individuals, with consistently high performance across disease stages, including stage I 
(AUC = 0.92) and stage IV (AUC = 0.93). ScanTecc also enabled accurate tissue-of-origin classification and achieved an 
overall AUC of 0.79 in identifying specific cancer types, with AUC values ranging from 0.70 for gastric cancer to 0.81 for 
ovarian cancer.

Conclusions  Our study establishes a multi-cancer plasma cell-free eccDNA landscape and introduces a non-invasive 
cancer screening framework based on cell-free eccDNA features, highlighting the potential of plasma cell-free 
eccDNA for early cancer detection and tumor classification.

Keywords  Extrachromosomal circular DNA, Plasma-derived cell-free EccDNA, Machine learning-based approach; 
early cancer detection
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eccDNA-specific feature selection with a random forest 
classifier to enable robust cancer detection and tissue-
of-origin prediction. This model achieved an accuracy of 
0.92 for distinguishing cancer patients from healthy indi-
viduals and an overall prediction rate of 0.79 for identi-
fying specific cancer types based on eccDNA-associated 
gene features. Collectively, our study establishes the 
presence and diagnostic relevance of cell-free eccDNA 
in peripheral blood, underscoring its potential as a mini-
mally invasive biomarker for early cancer detection and 
precision oncology application.

Methods
Cohort inclusion and exclusion criteria
A total of 413 cancer patients and 239 healthy individu-
als were enrolled in this study. All participants were 
recruited from The First Affiliated Hospital of the Uni-
versity of Science and Technology of China and Anhui 
Provincial Cancer Hospital. Peripheral blood samples 
were collected from all participants and plasma was iso-
lated for subsequent eccDNA sequencing. All collected 
plasma samples were used for cell-free eccDNA profil-
ing as well as for cancer screening model training and 
testing. Participants meeting the following criteria were 
considered eligible for enrollment in the cancer group: 
(1) individuals aged between 18 and 75 years old, all gen-
ders eligible; (2) individuals with a clinically confirmed 
diagnosis of cancer or identified as having a solid mass 
by imaging examinations (computed tomography (CT), 
magnetic resonance imaging (MRI), or endoscopic ultra-
sonography (EUS)), with no prior treatment; (3) indi-
viduals whose lesion diameter was greater than 1 cm; (4) 
individuals who provided informed consent. Participants 
meeting the following criteria were considered eligible 
for enrollment in the healthy group: (1) individuals aged 
between 18 and 75 years old, all genders eligible; (2) indi-
viduals who showed no evidence of tumor or suspected 
tumor-related diseases based on imaging examinations 
(CT, MRI, or EUS) and laboratory tests; (3) individu-
als who provided informed consent. Participants meet-
ing any of the following criteria were excluded from the 
cancer group and the healthy group: (1) individuals with 
severe cardiopulmonary diseases or poor general physi-
cal condition; (2) individuals with contraindications to 
blood collection; (3) individuals who had active infec-
tion or experienced persistent fever within 14 days prior 
to screening; (4) individuals who were unable or unwill-
ing to provide informed consent; (5) individuals with 
any other condition that, in the opinion of the investi-
gator, made them unsuitable for inclusion in the study. 
The detailed criteria for cohort inclusion and exclusion 
are additionally provided in Additional file 1, Figure S1. 
Detailed clinical information for the cohort is described 
in Additional file 2, Table S1.

In addition to the primary cohort, an independent vali-
dation cohort consisting of 21 lung cancer patients and 
14 healthy individuals (Additional file 2: Table S2) was 
included to evaluate the generalizability of ScanTecc. 
These participants were enrolled using the same inclu-
sion and exclusion criteria, sample collection procedures, 
and plasma processing protocols as those applied to the 
primary cohort. Samples from this independent cohort 
were used exclusively for external validation analyses and 
were not included in model training.

Furthermore, to compare the performance of ScanTecc 
with conventional tumor markers, we analyzed CEA and 
CA19-9 data from a previously published gastric cancer 
cohort [27]. This external cohort was used solely for com-
parative performance evaluation and was not involved in 
model training or validation.

Human samples
Peripheral blood samples were collected from cancer 
patients and healthy individuals at the First Affiliated 
Hospital of University of Science and Technology of 
China and the First Affiliated Hospital of Anhui Medi-
cal University. All patients were treatment-naive and 
had no serious complications. Whole blood was col-
lected in EDTA tubes and processed either immediately 
or within one day after storage at 4 °C. Informed consent 
was obtained from the patients. Study procedures were 
followed in accordance with protocols approved by the 
ethics committee of the University of Science and Tech-
nology of China.

Sample processing
Peripheral blood samples were collected and centrifuged 
at 1,600 g for 10 min at 4 °C. The plasma portion was fur-
ther centrifuged at 16,000 g for 10 min at 4 °C to remove 
residual cells and debris. Plasma samples were then 
stored at − 80 °C for subsequent DNA extraction. Plasma 
DNA extractions were performed using the QIAamp 
Circulating Nucleic Acid Kit (Qiagen, 55114). Quality 
control of extracted cfDNA was assessed with the Bio-
analyzer 2100 (Agilent Technologies).

EccDNA library Preparation and sequencing
For elimination of linear DNA and enrichment of 
eccDNA, 25 ng of plasma DNA was treated with 5 units 
of exonuclease V (New England Biolabs) in a 50-µL reac-
tion system at 37 °C for 30 min, followed by column puri-
fication using MinElute Reaction Cleanup Kit (Qiagen, 
28206) [20]. Exonuclease digestion and column purifica-
tion were then performed twice to further eliminate lin-
ear DNA. The exonuclease V was then heat-inactivated 
by incubating at 70 °C for 30 min. Illumina sequencing 
libraries for eccDNA were prepared by Tn5-transposon-
based tagmentation using the TruePrep DNA Library 
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Prep Kit V2 (Vazyme, TD501) according to the manu-
facturer’s instructions. DNA libraries were sequenced 
with the Illumina NovaSeq6000 platform in 2 × 150-bp 
paired-end reads.

Atomic-force microscopy (AFM) imaging
AFM imaging of DNA was performed in dry mode. 
Briefly, 1

10  volume of 10× imaging buffer (100 mM NiCl2 
and 100 mM Tris-HCl, pH 8.0) was added to the sample 
with a final DNA concentration of 0.6–1.0 ng/µl. 5 µl of 
the mixture was then spread on a freshly cleaved mica 
(Ted Pella) surface. After a 2-minute incubation, the 
specimen was rinsed twice with 200 µL of 2 mM magne-
sium acetate, and dried with compressed air before and 
after rinsing. Images were acquired using ScanAsyst-Air 
probe on a Dimension icon MultiMode V atomic-force 
microscope in ‘ScanAsyst-Air mode’ and were processed 
with NanoScope Analysis 2.0.

Polymerase chain reaction (PCR) for validation
Rolling Circle Amplification (RCA) was performed 
before PCR validation. Purified eccDNAs were added to 
5 µL of 100 µM random hexamer primers. The samples 
were denatured at 95 °C for 5 min, followed by annealing 
at 50 °C for 15 s, 30 °C for 15 s and 20 °C for 10 min, and 
then held on ice for 5 min. A reaction mix was added so 
that the final concentrations were 1 × phi29 DNA poly-
merase reaction buffer, 0.2  mg/mL BSA, 2 mM dNTP 
and 5 U of phi29 DNA polymerase (NEB). RCA was 
performed at 30  °C for 24  h. The products were incu-
bated with 10 U of T7 endonuclease I (NEB) at 37  °C 
for 30 min. Using the post-RCA eccDNA as a template, 
outward divergent primer sets (Additional file 2: Table 
S3) were designed to detect the target small eccDNAs by 
PCR. PCR products were loaded on the 2% agarose gel 
for electrophoresis. The base composition of PCR prod-
ucts was confirmed by Sanger sequencing.

Data preprocessing
Raw reads were aligned to the human reference assem-
bly hg19 by Burrows-Wheeler Aligner MEM v.0.7.12 
[28] with default parameters. The bam file was sorted 
using samtools v.0.1.19 [29]. The samtools flagstat tool 
was used to generate the statistical comparison results of 
bam files. PCR and optical duplicates were marked using 
Sambamba markdup v.0.6.6 [30] with default parameters. 
An in-house Python script was used to separate align-
ments into split reads, discordant and concordant reads. 
Candidate eccDNAs were first identified based on split 
reads (high-confidence ones). If the total length of two 
sub-alignments of split reads exceeded the read length, 
homologous sequences were searched. When homolo-
gous sequences were found, we recorded the coordinates 

of the leftmost form of eccDNA and an offset corre-
sponding to the length of homologous sequences to rep-
resent all possible eccDNA variants. Potential split reads 
that failed to be mapped as split reads in the first place 
(low-confidence ones) as well as discordant reads were 
identified and counted using in-house Python scripts. 
The average coverages (in terms of RPK) for candidate 
eccDNAs and surrounding regions were then calculated 
based on all different types of reads. Any eccDNA sup-
ported by at least two high-confidence split reads or dis-
cordant reads, with its 95% region covered by at least one 
read, and with an average coverage at least twice that of 
its surrounding region, was considered a high-confidence 
eccDNA. For each sample, normalized eccDNA counts 
were measured in units of eccDNA per million mappable 
reads (EPM).

In Silico size selection
Paired-end sequencing was performed to generate reads 
from both ends of the eccDNA fragments present in 
the library. The start and end coordinates of cell-free 
eccDNA were identified using our optimized bioinfor-
matic pipeline. Cell-free eccDNA longer than 1,000  bp 
was selected based on the inferred original fragment size, 
which was calculated from the mapping positions of the 
paired-end reads. These size-selected cell-free eccDNA 
fragments were subsequently used as input for our pre-
diction model.

Genomic feature analysis
Genetic element annotations were obtained from the 
hg19 reference genome GTF file, and repetitive element 
annotations were retrieved from RepeatMasker (​h​t​t​p​​s​:​/​​/​
w​w​w​​.​r​​e​p​e​a​t​m​a​s​k​e​r​.​o​r​g​/) [31]. Identified eccDNA ​f​r​a​g​m​
e​n​t​s were grouped into different length bins and anno-
tated using BEDTools [32] intersect command. To be 
included in the analysis, eccDNA must have at least 50% 
overlap with the annotated feature. We calculated the 
proportion of eccDNA overlapping annotated elements 
in each length bin using the following formula:

	

Proportion of eccDNA overlapping annotated elements in each length bin

= Number of eccDNA overlapping with annotated elements in each length bin

Total number of eccDNA across all length bins

Cancer type-specific feature extraction
To compare the differences in eccDNA fragments across 
cancer types, each eccDNA fragment was functionally 
annotated to a gene. Specifically, the gene body together 
with a 10 kb upstream region of the promoter was used 
as the reference for annotation. The total number of bases 
from eccDNA fragments mapped to the gene body was 
calculated for each gene. To account for gene length and 
ensure comparability across genes, the gene cyclization 

https://www.repeatmasker.org/
https://www.repeatmasker.org/
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probability was defined as the ratio of the total mapped 
bases within the gene body to the gene length. The nor-
malized procedure was defined as:

	

Gene cyclization probability

= Total number of bases mapped to the gene body

Gene length

This metric reflects the relative abundance and distribu-
tion of eccDNA fragments across genes while correcting 
for gene size.

Machine learning-based evaluation of individual 
classification performance
Two classical machine learning models, adaptive boost-
ing (AdaBoost) and logistic regression (LR), were applied 
to evaluate sample-level classification performance. The 
normalized eccDNA count for each sample was used as 
the input. Sample labels were binarized, by assigning 1 to 
cancer and − 1 to healthy individuals. Classification prob-
abilities for each sample were estimated using the “cross_
val_predict” function from the scikit-learn 1.5.2 Python 
package [33]. The output probabilities represent the like-
lihood of each sample being classified as “cancer” by the 
model and were visualized using scatter plots across can-
cer types.

Statistics
For data presented in Figs. 1c, d and f and 2a and b, Fig-
ure S2f, Figure S3b, S3c, P-values were calculated via the 
two-tailed t-test in Python. For data presented in Fig. 2c, 
Figure S3e, P-values were calculated via the Mann-Whit-
ney-Wilcoxon test in Python. For data presented in Fig-
ure S4, P-values were calculated via linear regression 
analysis using the “linregress” function from the “scipy.
stats” module in Python, which performs a two-sided 
t-test to assess the significance of the slope.

Application of large Language models in the writing 
process
During the preparation of this work the authors used 
ChatGPT-4o in order to improve the language and read-
ability. After using the tool, the authors reviewed and 
edited the content as needed and take full responsibility 
for the content of the publication.

Results
Profiling of cell-free EccDNA in cancer patients and healthy 
individuals
We obtained the profiles of cell-free eccDNA from a total 
of 652 plasma samples, including 413 cancer patients 
and 239 healthy individuals (Fig. 1a, Additional file 1: 
Fig. S1, Additional file 2: Table S1). Based on our recent 
benchmarking of methodologies for detecting eccDNA 

[34], we chose and optimized a previously reported 
library construction protocol using exonuclease V and 
Tn5 enzyme [20]. Specifically, we introduced a three-
step digestion process to facilitate more efficient removal 
of linear DNA. This optimized method could efficiently 
purify cell-free eccDNA and reduce bias towards small 
fragments by omitting the rolling circle amplification 
(RCA) step (Additional file 1: Fig. S2a). We randomly 
selected 10 eccDNA fragments ranging from 0.3 kb to 
1.6 kb from cancer patients and successfully verified the 
breakpoint locations and surrounding sequences using 
outward PCR and Sanger sequencing (Additional file 1: 
Fig. S2b and Additional file 2: Table S3). To directly vali-
date the existence and reliability of cell-free eccDNA, we 
employed atomic force microscopy (AFM) to visualize 
the circular structure of cell-free eccDNA (Fig. 1b). Addi-
tionally, we verified the presence of long eccDNA frag-
ments using Oxford Nanopore long-read sequencing and 
deep Illumina short-read sequencing, thereby confirming 
the reliability of eccDNA length estimation (Additional 
file 1: Fig. S2c, S2d). These results were consistent with 
previous tissue-based eccDNA studies [11, 35], confirm-
ing that our method effectively and reliably enriched and 
detected cell-free eccDNA from plasma. We further con-
firmed the advantage of omitting the RCA step through 
comparative analysis. Excluding RCA increased the num-
ber of cell-free eccDNA, with markedly enhanced cover-
age particularly for long fragments (> 1 kb) (Additional 
file 1: Fig. S2e). We also evaluated the digestion efficiency 
under different enzymatic conditions and found that 
three consecutive rounds of digestion effectively elimi-
nated linear DNA contamination, with nearly complete 
removal observed in our spike-in assays (Additional file 
1: Fig. S2f ).

Each eccDNA library was sequenced to yield an aver-
age of approximately 83 million reads that were mapped 
to the human genome (Additional file 2: Table S4). High-
confidence eccDNA was identified with our adapted 
bioinformatics pipeline based on split reads, discor-
dant reads, and sequence similarity information (Addi-
tional file 1: Fig. S3a). We compared eccDNA differences 
between cancer patients and healthy individuals utiliz-
ing the metric of eccDNA number per million mappable 
reads (EPM). The EPM in the plasma of cancer patients 
was approximately twice that of healthy individuals 
(Additional file 1: Fig. S3b, t-test, P < 0.0001). This obser-
vation remained consistent across various cancer types, 
where EPM values were significantly higher than in 
healthy individuals (Fig. 1c, t-test).

To analyze the fragment length characteristics of cell-
free eccDNA, we first divided fragment lengths into 
five logarithmic intervals and calculated the normal-
ized eccDNA count for each group. The results showed 
that most eccDNA fragments were distributed in the 
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100-1,000 bp range (Fig. 1d, t-test). We further stratified 
fragment lengths into two size bins (< 10³ bp and ≥ 10³ 
bp), revealing a statistically significant enrichment of long 
eccDNA fragments (≥ 10³ bp) in cancer patients (Addi-
tional file 1: Fig. S3c, t-test). Further analysis of size dis-
tribution revealed that the majority of cell-free eccDNA 
identified in plasma (approximately 80%) was smaller 
than 500 bp, with two prominent peaks at approximately 
200 bp and 360 bp (Additional file 1: Fig. S3d). This 

distribution pattern was consistent with previous studies 
on eccDNA in plasma and urine [20, 21].

We then investigated the genomic features of the 
eccDNA identified from plasma and found the eccDNA 
distribution was not restricted to specific genomic 
regions. Compared to healthy individuals, eccDNA in 
the plasma of cancer patients was significantly enriched 
in intergenic regions (Mann-Whitney-Wilcoxon test, P 
< 0.0001) and exonic regions (Mann-Whitney-Wilcoxon 

Fig. 1  Characteristics of cell-free extrachromosomal circular DNA in plasma samples. a Overview of study profiles. Workflow illustrating the cohort inclu-
sion, eccDNA detection, tumor-derived eccDNA identification and model-based cancer prediction. b Atomic force microscopy (AFM) image of cell-free 
eccDNA purified from human plasma. The observed circular DNA structures are estimated to be approximately 1.48 kb and 0.66 kb in length, based on 
the assumption of A-form DNA. Scale bar, 120 nm. c Normalized cell-free eccDNA counts in plasma samples from healthy individuals and patients across 
multiple cancer types. Data are presented as mean values ± SEM. d Normalized cell-free eccDNA counts detected in healthy individuals and cancer pa-
tients, stratified by 10-fold genomic length bins. Data are presented as mean values ± SEM. e Size distribution of tumor-derived versus non-tumor-derived 
cell-free eccDNA identified from plasma of patient-derived xenograft (PDX) mouse. f Proportion of long eccDNA (> 1,000 bp) among tumor-derived and 
non-tumor-derived cell-free eccDNA identified from PDX mouse plasma. g Genomic feature enrichment of tumor-derived and non-tumor-derived cell-
free eccDNA identified from PDX mouse plasma
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test, P < 0.05), whereas its proportion in intronic regions 
was markedly reduced (Additional file 1: Fig. S3e, Mann-
Whitney-Wilcoxon test, P < 0.0001). This distribution 
pattern is strongly consistent with the characteristics of 
circular DNA fragments observed in tumor tissues in 
previous studies [36, 37], suggesting that the cell-free 
eccDNA detected in plasma may originate from the 
release of tumor tissues.

Characterization of tumor-derived cell-free EccDNA
While cell-free eccDNA showed significant differences 
between cancer patients and healthy individuals, these 
results may be affected by blood cell-derived eccDNA, as 
the majority of cell-free DNA (cfDNA) originates from 
white blood cells [38–40]. To further characterize the 
signature of tumor-derived cell-free eccDNA, we gener-
ated eccDNA profiles from the plasma of mice bearing 

Fig. 2  Size selection of cell-free extrachromosomal circular DNA reveals fragmentomic features and enhances tumor detection sensitivity. a Normalized 
counts of large-size cell-free eccDNA (length >1,000 bp) detected in healthy individuals and patients across multiple cancer types. Data are presented as 
mean values ± SEM. b Comparison of fold changes in normalized eccDNA levels between cancer patients and healthy individuals before and after size 
selection. c. Enrichment of canonical cancer driver genes in specific cancer types based on large-size cell-free eccDNA. d Size selection enhances detec-
tion sensitivity of tumor-associated genes in large-size cell-free eccDNA
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patient-derived xenograft (PDX) tumors (Additional file 
2: Table S5, N = 6). Using the same library construction 
and sequencing strategy as applied to human samples, 
sequencing reads were aligned to both mouse and human 
reference genomes to identify high-confidence eccDNA. 
EccDNA mapped to the mouse genome was classified as 
non-tumor-derived, whereas that mapped to the human 
genome was considered tumor-derived.

We first compared the size distribution of tumor-
derived and non-tumor-derived eccDNA fragments 
using the sliding window with a step size of 50 bp. A 
notable shift in fragment size was observed around 1,000 
bp, marking the point at which tumor-derived eccDNA 
became predominant (Fig. 1e). Specifically, eccDNA frag-
ments longer than 1,000 bp accounted for approximately 
30% (range 9%–51%) of tumor-derived eccDNA, whereas 
they only accounted for approximately 1% of non-tumor-
derived eccDNA (Fig. 1f, t-test, P < 0.01). These results 
were consistent with previous tissue eccDNA studies 
that normal tissues randomly generate small eccDNA 
while large ecDNA is only observed in cancer cells [10]. 
Although cell-free eccDNA fragments exceeding 1,000 
bp have rarely been reported, recent long-read sequenc-
ing studies have identified cfDNA over 10,000 bp in 
peripheral blood [41–43], further supporting the exis-
tence of long cell-free eccDNA.

We observed a significant positive correlation between 
eccDNA density and protein-coding gene density in both 
tumor-derived and non-tumor-derived cell-free eccDNA 
(Additional file 1: Fig. S4), consistent with previous 
research [35, 44]. Motivated by this genome-wide corre-
lation, we analyzed the enrichment of eccDNA fragments 
of varying lengths across different genomic features. We 
further visualized the variation by calculating the differ-
ences in genomic distribution between tumor-derived 
and non-tumor-derived cell-free eccDNA. Notably, large 
tumor-derived eccDNA fragments (> 1,000 bp) exhibited 
significantly greater enrichment in exons, transcripts, 
and gene regions compared to non-tumor-derived coun-
terparts (Fig. 1g). Overall, these results indicate that long 
tumor-derived eccDNAs may originate from biologically 
relevant gene regions and hold potential for distinguish-
ing cancer patients from healthy individuals.

Incorporating fragment size selection of EccDNA to 
distinguish cancer patients from healthy individuals
Given the results from the PDX model, we assessed 
the utility of selecting large-sized (> 1,000  bp) cell-free 
eccDNA fragments for cancer detection. After in silico 
size selection of large-sized eccDNA, our multi-cancer 
cohort displayed a much greater difference in normalized 
eccDNA number between cancer patients and healthy 
individuals (Fig.  2a, t-test). Specifically, the average fold 
change of normalized eccDNA between cancer patients 

and healthy individuals increased from 1.8-fold to 3.2-
fold after size selection, indicating a substantial enrich-
ment of tumor-derived signals (Fig. 2b, t-test, P < 0.001).

As eccDNA can carry distinct gene content in various 
cancer types, we then assessed the variation in genes car-
ried by cell-free eccDNA among different tumors. We 
developed a gene-based annotation method (Additional 
file 1: Fig. S5) and analyzed the genes carried by eccDNA 
from four cancer types (lung cancer, n = 191; ovarian can-
cer, n = 69; gastric cancer, n = 46; lymphoma, n = 43) com-
pared to healthy individuals (n = 239). Specifically, each 
identified eccDNA fragment was mapped to the human 
reference genome. For each gene, we defined the normal-
ized number of eccDNA fragments mapped to the gene 
body as the “gene score”, assessing the potential gene reg-
ulatory role of eccDNA (see Methods).

The gene annotation results of large-sized eccDNA 
showed significant enrichment of several well-known 
cancer-related driver genes, including MAGEA2[45] 
(lung cancer), BRAT1[46] (ovarian cancer), SHANK3[47] 
(gastric cancer), and STK35[48] (lymphoma), in their cor-
responding cancer types (Fig. 2c, Mann-Whitney-Wil-
coxon test). Notably, while mitochondria-related genes 
were enriched in healthy individuals across both total 
and large-sized eccDNA, the tumor groups displayed 
a broader set of tumor-associated genes with stronger 
enrichment patterns under the large-sized eccDNA con-
text (Fig. 2d). Furthermore, we compared these genes 
carried by cell-free eccDNA with TCGA’s cancer type 
specific highly copy number amplification gene (HCNA) 
and ecDNA containing gene identified by a recent study 
[49]. There is a highly correlation between the frequency 
of pan-lung cancer HCNA gene from TCGA and genes 
carried by cell-free eccDNA (Additional file 1: Fig. S6a, r 
~ 0.5, P < 0.01). We also performed gene set enrichment 
analysis (GSEA) and found that ecDNA containing gene 
was significantly enriched in plasma cell-free eccDNA 
from lung cancer patients compared with healthy indi-
viduals (running score = 0.68) (Additional file 1: Fig. S6b). 
Taken together, we concluded that selecting large-sized 
cell-free eccDNA fragments in plasma can enrich tumor 
content on a genome-wide scale. These findings sug-
gest that large eccDNA fragments in plasma reflect the 
molecular characteristics of specific tumor types, under-
scoring their promising potential for clinical applications.

ScanTecc: integrating feature selection and machine 
learning for cancer diagnosis
To investigate the potential of cell-free eccDNA char-
acteristics in plasma for cancer detection and tissue-of-
origin classification, we developed ScanTecc (screening 
cancer types with cell-free eccDNA), a machine learn-
ing-based framework that integrates eccDNA feature 
selection, to distinguish cancer patients from healthy 
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individuals and determine cancer types. Receiver oper-
ating characteristic (ROC) analyses based on the nor-
malized number of eccDNA showed that size-selected 
cell-free eccDNA fragments (> 1,000  bp) achieved an 
AUC of 0.92 for overall cancer detection, markedly out-
performing the diagnostic performance of total eccDNA 
without size selection (AUC = 0.72). Specifically, the AUC 
for stage I cancer patients was 0.92, and that for stage 
IV patients reached 0.93 (Fig.  3a, Additional file 1: Fig. 
S7a). To further enhance the reliability of the prediction 
results, we applied ScanTecc to an independent valida-
tion cohort comprising 14 healthy individuals and 21 
lung cancer patients, achieving a high prediction accu-
racy (AUC = 0.88) (Additional file 1: Fig. S8). We also 
randomly excluded 10% of tumor samples as a holdout 
test set, using the remaining 90% of samples for model 
training and internal validation to assess the generaliz-
ability of ScanTecc. Our ScanTecc model achieved a high 
AUC of 0.94 on the holdout test set, with only a minimal 
difference (ΔAUC = 0.03) compared to the training set, 
indicating strong generalization ability and low risk of 
over-training (Additional file 1: Fig. S9a, S9b).

In addition, we applied ScanTecc to predict the tissue 
of origin and evaluate classification performance across 
multiple cancer types. Through three-fold cross-valida-
tion, ScanTecc achieved variable predictive performance, 
with AUC values ranging from 0.70 for gastric cancer to 
0.81 for ovarian cancer across all stages (Fig. 3b). How-
ever, integrating gene annotation information did not 
significantly improve the cancer diagnosis performance 
compared to using the normalized eccDNA number only 
(Additional file 1: Fig. S7b). We next compared the classi-
fication performance of ScanTecc with that of traditional 
tumor markers by evaluating CEA and CA19-9 in a pub-
lished gastric cancer cohort [27]. Analyzing data from 
the cohort achieved an AUC of 0.58 (Additional file 1: 
Fig. S10a). However, using their healthy controls and our 
gastric cancer samples, the AUCs dropped to 0.34 and 
0.35 for CEA and CA19-9, respectively (Additional file 1: 
Fig. S10b, S10c), far below the performance of ScanTecc. 
We further analyzed their positive rates and observed 
increasing positive rates with tumor stage (Additional file 
1: Fig. S10d).

To evaluate the classification performance of ScanT-
ecc at the individual sample level, we introduced two 
widely used machine learning models, adaptive boosting 
(AdaBoost) and logistic regression (LR), to assess cancer 

classification probabilities across all 652 samples. At a 
specificity of 99%, the AdaBoost model identified 331 
out of 413 cancer samples (80%) as positive, with most 
tumor samples exhibiting predicted probabilities exceed-
ing the 0.625 predict probability (Fig.  3c). Similarly, the 
LR model demonstrated comparable performance, recog-
nizing 338 cancer cases (82%) at 99% specificity, using a 
probability threshold of 0.6 (Fig.  3d). To assess whether 
ScanTecc exhibits any sex-specific performance bias, we 
stratified our cohort by gender and compared the predic-
tion results. ScanTecc achieved an AUC of 0.91 in females 
(n = 334) and 0.92 in males (n = 318), showing robust per-
formance across both subgroups (Additional file 1: Fig. 
S11). The difference in AUC of 0.01 between the two 
subgroups was minimal, suggesting that gender does not 
significantly impact the model’s classification ability. Col-
lectively, these results further confirm the robustness and 
generalizability of the ScanTecc framework across differ-
ent machine learning algorithms, highlighting its poten-
tial as a non-invasive and clinically applicable cancer 
screening tool.

Discussion
Circulating eccDNA has the potential to serve as a 
ctDNA biomarker that can be used to complement 
studies of linear ctDNA, since eccDNA is commonly 
characterized in cancer cell lines and somatic tissues. A 
previous study reported that small eccDNA originating 
from specific genes had great diagnostic value for mul-
tiple cancers in both tissues and plasma [22]. However, 
these findings are based on limited sample sizes, and the 
diagnostic performance still needs to be combined with 
traditional tumor markers CEA/CA19-9 to achieve better 
results. Therefore, research on the molecular characteris-
tics, functions, and clinical application potential of cell-
free eccDNA in large-scale cohorts remains limited.

In our study, we demonstrated that cell-free eccDNA is 
commonly present in the plasma of both cancer patients 
and healthy individuals, with significantly higher abun-
dance and longer fragment lengths observed in can-
cer patients. We found that eccDNA is preferentially 
enriched in exonic regions and reduced in intronic 
regions, consistent with a previous study that reported 
eccDNA tends to overlap more with exons than with 
introns [50]. This distinct distribution pattern likely 
reflects the eccDNA biogenesis mechanism linked to 
transcriptional activity and RNA splicing, both of which 

(See figure on previous page.)
Fig. 3  Performance of ScanTecc in cancer detection across disease stages and cancer types. a ROC analysis of ScanTecc performance for cancer detection 
across different disease stages. b ROC analysis of ScanTecc performance for tissue-of-origin classification in cancer patients versus healthy controls. c Plot 
representing the probability of classification as cancer with the adaptive boosting (AdaBoost) model for all samples. Samples are separated by cancer 
type and sorted within each by the prediction probability of classification as cancer. The dashed horizontal line indicates 62.5% probability (achieving 
specificity 99%). d Plot representing the probability of classification as cancer with the logistic regression (LR) model for all samples. Samples are sepa-
rated by cancer type and sorted within each by the prediction probability of classification as cancer. The dashed horizontal line indicates 60% probability 
(achieving specificity 99%)
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are typically upregulated in cancer. We also observed 
an enrichment of driver genes on eccDNA, likely due to 
the close association between eccDNA generation and 
transcriptional activity. Since each tumor type has a dis-
tinct transcriptional profile, this leads to tumor-specific 
eccDNA landscapes. Consequently, eccDNAs associated 
with tumor-specific driver genes are prominently identi-
fied in our analysis, reflecting the underlying transcrip-
tional specificity of different tumor types.

By integrating machine learning algorithms, we devel-
oped ScanTecc and demonstrated its high accuracy in 
distinguishing cancer patients from healthy individuals. 
Furthermore, existing cfDNA-based tissue-of-origin pre-
diction models often suffer from limited performance, 
due to the low abundance of tumor-derived cfDNA and 
the substantial background of non-tumor-derived DNA 
in circulation [51–53]. To address this challenge, ScanT-
ecc employed size selection for effectively enrichment of 
tumor-derived components and utilized the gene score 
to further differentiate cancer types, thereby enhancing 
the accuracy of tissue-of-origin prediction. Our results 
suggest that cell-free eccDNA in plasma may serve as a 
more stable and sensitive liquid biopsy biomarker, pro-
viding an efficient, reliable, and non-invasive approach 
for early cancer detection. However, the performance of 
our model ScanTecc remains limited by its dependence 
on predefined cancer types during supervised learning, 
restricting its ability to recognize unseen tumor classes. 
Future work could focus on integrating open-set classifi-
cation strategies to address this limitation.

Current strategies for cell-free eccDNA purifica-
tion and identification still require urgent optimiza-
tion, despite the development of various experimental 
methods and analysis pipelines for eccDNA detection 
in recent years, such as WGS + AmpliconArchitect 
(AA) [54] and Circle-seq [35] + Circle-Map [55]. How-
ever, our recent benchmarking study [34] has reported 
the performance and biases of these strategies. This is 
because the environment in the circulating system dif-
fers from that in cells. For example, there are no large 
fragments of chromosomes to degrade, and the ratio of 
circular DNA to linear DNA is lower. These differences 
impair the performance of existing methods, and WGS + 
AA is almost unable to identify cell-free eccDNA, even 
at 50x sequencing depth. Additionally, the RCA step is 
known to preferentially amplify small eccDNA, which 
affects the detection efficiency of large fragments [56]. 
To obtain a more representative and unbiased profile of 
cell-free eccDNA, we selected the experimental protocol 
that omits RCA, despite its relatively low overall eccDNA 
detection rate. A critical step in this protocol is the enzy-
matic digestion of linear DNA during library construc-
tion. Extending the digestion time and increasing the 
number of digestion rounds significantly improved the 

removal efficiency of linear DNA, with nearly complete 
elimination achieved after three rounds. More impor-
tantly, second-generation sequencing methods may not 
accurately resolve the true structure of eccDNA, poten-
tially leading to false positives for long eccDNA [57]. 
Future detection strategies incorporating high-precision, 
high-enrichment efficiency, and long-read sequencing 
technologies like Nanopore + CReSIL [58] or 3SEP + 
eccDNA_RCA_nanopore [12, 59], may provide a more 
comprehensive eccDNA profile and advance its precise 
application in clinical diagnostics.

Previous studies have proposed using whole-genome 
sequencing [4, 60], whole-exome sequencing [7, 61], or 
whole-genome bisulfite sequencing [39, 62] of plasma 
DNA at multiple time points during cancer treatment, to 
monitor tumor evolution and identify potential resistance 
mechanisms. However, these technologies are costly and 
typically applicable only to samples with the tumor DNA 
fraction greater than 5%–10% [63–65]. Our work pro-
vides evidence that tumor-derived cell-free eccDNA in 
many cancer types is larger than 1,000 bp. This finding 
suggests that fragment size selection strategies, either in 
vitro or in silico, could effectively enrich tumor compo-
nents in plasma samples and offer a viable approach for 
improving detection sensitivity in low-abundance sam-
ples. However, the generation mechanism of eccDNA in 
cancer cells and its release into peripheral blood circula-
tion remains unclear. Further studies on eccDNA profil-
ing from primary tumor tissues and paired plasma may 
provide insights into its biological origins and circulation 
mechanisms.

In summary, our investigation has revealed distinct 
molecular characteristics of cell-free eccDNA in plasma 
between cancer patients and healthy individuals. Nota-
bly, our findings underscore the significance of size selec-
tion and gene annotation in identifying tumor-derived 
eccDNA. Our integrated analytical approach, exempli-
fied by ScanTecc, has demonstrated the clinical poten-
tial of cell-free eccDNA as a non-invasive liquid biopsy 
biomarker. These findings offer theoretical and practi-
cal support for the clinical utility of cell-free eccDNA in 
early cancer diagnosis and personalized medicine.

Conclusions
In conclusion, we have found that plasma from cancer 
patients contains significantly higher levels of eccDNA 
and longer fragment lengths compared to healthy indi-
viduals. We have also identified a tumor-specific eccDNA 
size threshold and developed a machine learning-based 
approach that utilizes eccDNA profiles to distinguish 
cancer patients from healthy individuals and classify can-
cer types with high accuracy. These results provide the 
feasibility of applying peripheral blood-derived eccDNA 
signatures for non-invasive cancer diagnosis.
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