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Abstract 

Background:  Genomic alterations are a hallmark of cancer, and extrachromosomal 
DNA (ecDNA) has emerged as a key source of oncogene selection, tumor growth, 
and drug resistance. The intratumor heterogeneity and clonal selection of ecDNA is, 
however, poorly understood.

Results:  In this study, we pursue a computational approach that leverages allelic 
imbalance and outlier expression from standard single-cell RNA sequencing (scRNA-
seq) to deconvolve the tumor heterogeneity of ecDNA at the single-cell level (ecSin-
gle). Using this approach, we identify oncogene-carrying ecDNAs in tumor samples 
at the single-cell level, which we validate using genome sequencing. Moreover, we 
show the superiority of using single-molecule long-read sequencing in resolving 
ecDNA. ecDNAs displayed extensive intratumor heterogeneity, including subclonal 
oncogene-carrying ecDNA in primary tumor cells that segregate with distinct tran-
scriptional cell states. Importantly, we show that a rare ecDNA+ clone in the primary 
tumor can expand to form dominant clones in relapse tumors.

Conclusions:  Our study introduces a novel approach to studying ecDNA at the single-
cell level, enabling both clonal evolution and transcription cell state analysis. We apply 
this approach to cancer samples to gain deeper insights into the role of ecDNA in intra-
tumor heterogeneity and cellular plasticity.

Keywords:  Extrachromosomal DNA, Cancer, Single cell, Clonal evolution, Long-read 
sequencing, Oncogene amplification

Background
Focal amplifications in cancer are copy number increases of a small genomic region, 
most often containing oncogenes, whose overexpression can drive tumor growth. One 
intriguing type of focal amplification is extrachromosomal DNA (ecDNA), which forms 
circular DNA structures outside the regular chromosomes. EcDNA amplicons can be 
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unevenly segregated during mitosis, enabling rapid up- or downregulation of the copy 
number level [1, 2]. This dynamic behavior allows cancer cells to respond swiftly to 
treatment and selective pressures [3–6]. Studies have found substantial differences in 
ecDNA occurrences across different cancer types, with up to 60% in glioblastoma [7, 
8] and 18% in medulloblastoma [9], often associated with amplification of oncogenes 
such as EGFR (60% of ecDNA+ samples) [10] and MYCN/MYC (37% of ecDNA+ sam-
ples) [9], respectively. The presence of ecDNA has been linked with more aggressive dis-
ease, with ecDNA-positive medulloblastoma patients three times as likely to die within 
5 years compared to patients without ecDNA [9].

Until recently, the genomics of ecDNA has been studied at the bulk tumor level despite 
its high intratumor heterogeneity. In recent years, advances have made it possible to 
perform single-cell genomic analysis of ecDNA using sophisticated molecular biology 
techniques, such as scEC&T-seq and scCircle-seq [9, 11, 12]. This demonstrated that the 
ecDNA amplicons varied in size and frequency among cells within the same tumor sam-
ple. The heterogeneity highlights that the binary assignment of ecDNA presence within 
a tumor oversimplifies the diversity of ecDNA molecules.

Yet, these methods require laborious analysis of precious samples, including physical 
isolation of single cells and DNA amplification, a process that is often not feasible due to 
the scarcity of the material. Here, we aimed to develop an approach, termed ecSingle, to 
detect and study ecDNA directly from existing scRNA-seq data (source code provided 
in Data availability). Single-cell RNA-sequencing (scRNA-seq) methods have become a 
standard technique for investigating expression at the single-cell level from normal and 
disease tissues, such as cancer. To achieve this, ecSingle computes the allelic imbalance 
of heterozygous single-nucleotide polymorphisms (SNPs), estimates copy number seg-
ments, and identifies outlier expression of oncogenes to discover focally amplified ecD-
NAs. Here, we apply ecSingle to scRNA-seq from patient-derived tumor samples to 
investigate the intratumor heterogeneity and clonal evolution of ecDNA at the single-
cell resolution. We also demonstrate the utility and increased resolution of using Oxford 
Nanopore Technologies (ONT) long-read sequencing with ecSingle.

Results
ecSingle integrates allelic imbalance and outlier expression from single cells to identify 

putative ecDNA segments

To directly identify focal amplifications compatible with ecDNA from a scRNA-seq 
sample, we employ two key metrics: outlier expression (OE) and allelic imbalance (AI) 
(Fig.  1), defined as significantly higher expression and significant deviation in B-allele 
frequency, respectively. These metrics provide information on both the genomic and 
transcriptomic state of a region, which we integrate with cell type annotation per cluster.

The allelic imbalance is calculated by performing a SNP-based pileup on all cells 
[13]. ecSingle can either use population-based common SNPs or alternatively be sup-
plied with heterozygous germline SNPs from the patient if available. Subsequently, the 
B allele frequency (BAF) is determined at each SNP position in each cell. To overcome 
the sparsity of scRNA-seq data, ecSingle performs cell clustering to obtain a robust BAF 
estimation.
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Fig. 1  ecSingle workflow to identify ecDNA from scRNA-seq. ScRNA-seq data (top) is first subjected to 
single-cell QC filtering strategies (including removal of low-quality cells, doublets, and ambient RNA) as well 
as SNP filtering (removal of homozygous SNPs and SNPs with low coverage). The resulting scRNA-seq data 
is next used for outlier expression (OE) detection (middle left), clustering (middle center), and SNP-based 
allelic imbalance (AI, middle right), to identify putative ecDNA genomic segments. High gene expression 
level and variance are key properties of genes amplified on ecDNA compared to genomic amplified genes, 
which we distinguish using an expression variance outlier metric. Genes on genomic segments from single 
cells are clustered based on these metrics to classify (bottom panel) normal cells (AI-, OE-), LOH (AI+, OE-), 
transcriptional upregulation (AI-, OE+), and focal amplified ecDNA (AI+, OE+)
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A robust BAF estimate depends on a minimum number of reads supporting a SNP. 
ecSingle estimates the required SNP coverage cutoff to minimize the variance of the BAF 
in diploid regions (Additional file 1: Fig. S1A-C). BAF values are clustered to distinguish 
tumor cells from normal cells, and a mean BAF is calculated for each heterozygous SNP.

The tumor-specific heterozygous SNP-based BAF values are used to perform genome-
wide copy number segmentation. Candidate focal amplified regions are identified from 
allelic imbalance segments, identified as deviations of the tumor-specific BAF segments 
compared to the normal cells. These segments may result from either high-level amplifi-
cation or loss-of-heterozygosity through a deletion.

To identify genes upregulated on segments with allelic imbalance, a hallmark of ecD-
NAs, ecSingle uses differentially expressed genes to perform a tumor-specific outlier 
expression analysis. The distribution of tumor-specific gene expression can be skewed by 
ambient RNA, cell-free mRNA released during sample preparation, as highly expressed 
genes are more likely to be detected across the entire dataset. We find that applying 
ambient RNA removal using CellBender [14] increased signal-to-noise (Additional file 1: 
Figs. 1 and S1D).

ecDNAs can contain two or more segments from different genomic loci, often at the 
same copy number level, supporting one connected DNA string. Compared to high-
level focal amplifications, also known as homogeneously staining region (HSR), which 
can also exhibit outlier expression and allelic imbalance, ecDNA typically exhibits high 
cell-to-cell variability due to unequal segregation between daughter cells [15]. To this 
end, we calculate an expression variance outlier metric, which identifies genomic seg-
ments whose gene expression levels and variances in a candidate ecDNA cell population 
are distinct from a comparison control cell population (Fig. S2A-B and Methods).

As ecSingle uses two different metrics, allelic imbalance and outlier expression, the 
method can also identify regions of LOH (loss of heterozygosity; strong allelic imbal-
ance, no outlier expression) and heterozygous regions with gene expression upregula-
tion (no allelic imbalance, high outlier expression). Similar to ecDNAs, these regions can 
be analyzed within tumor subclusters, enabling the tracing and analysis of genomic and 
transcriptional heterogeneity with high resolution.

Evaluating ecSingle on ecDNA‑ and HSR‑containing COLO320 cell lines

To assess the performance of ecSingle on detecting ecDNA and distinguishing it from 
chromosomal amplifications, we used a pair of cell lines derived from the same patient, 
COLO320: COLO320DM, containing MYC on ecDNA, and COLO320HSR, in which 
MYC is in a high-level chromosomal amplification in the form of HSR [16]. The ampli-
con copy number has been shown to be similar in these cell lines, supporting their use as 
a controlled comparison between ecDNA and HSR [17].

As the cell lines consist solely of tumor cells without normal cells for comparative 
analyses, we here defined allelic imbalance as segments with significantly different 
BAF profiles than the remaining genome (P < 0.01, Wilcoxon rank sum test, one-sided). 
The segmentation of COLO320DM identified allelic imbalance in the expected MYC-
containing region (chr8:126432938–127901762) (Fig.  2A). While the expression of all 
genes, including MYC, was high within this segment in the COLO320HSR cell line, the 
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expression levels were greater in COLO320DM, suggesting an ecDNA-specific effect on 
expression (Fig. 2B).

As expected from the known unequal segregation and intratumor heterogeneity of 
ecDNA-containing cells, we observed greater variability in COLO320DM, suggesting 
increased heterogeneity within genes located on ecDNA molecules compared to the 
same genes on the HSR. This likely reflects differences in copy numbers across individ-
ual cells, consistent with the dynamic and uneven segregation of ecDNA. Genome-wide, 
our expression variance outlier metric identified a Euclidean distance of 0.63 between 
COLO320DM and COLO320HSR for this segment, with the  second-highest  genome-
wide Euclidean distance at 0.06 (Fig.  2C). Across nine ecDNA-containing samples, 
we established Euclidean distance and expression variance thresholds of 0.5 and 0.25, 
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Fig. 2  Benchmarking ecSingle in COLO320 cell lines. A Whole genome BAF plot of colon cancer cell lines, 
COLO320DM and COLO320HSR. Segmentation is performed on the ecDNA+ COLO320DM cells. Allelic 
imbalance is seen on the majority of chromosomes, including the MYC region on chr8. B BAF vs expression 
plot. Mean oncogene (MYC) expression vs the BAF value of COLO320DM (DM) and COLO320HSR (HSR) cells. 
Both cell lines show both outlier expression and allelic imbalance due to the focal amplification of the region; 
however, the DM cells show higher outlier expression. Lines represent the 25th and 75th percentiles, while 
the point denotes the mean expression across cells and mean BAF across SNPs in the segment. C Mean 
vs variance plot. Segment-wise gene expression mean and variance in DM and HSR cells. Arrows connect 
corresponding segments between the two cell lines and point from HSR cells to DM cells, illustrating the 
Euclidean distance between them. D Genome-wide Euclidean distance rank plot (1.5 Mb segments), showing 
the ecDNA segment at chromosome 8 in COLO320DM vs COLO320HSR cells
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respectively, as robust thresholds for identifying segments likely to be located extrachro-
mosomally (Additional File 1: Fig. S2A-B).

To further corroborate the distance metric, we partitioned the genome into 1.5  Mb 
segments and calculated the variance and Euclidean distance between COLO320DM 
and COLO320HSR for each segment. We found that the ecDNA segment showed a vari-
ance of 0.32 in COLO320DM cells, resulting in a threefold higher Euclidean distance 
than the segment with the second-highest distance score, supporting its distinct tran-
scriptional profile (Fig.  2D, Additional File 1: Fig. S2C-D). These results support the 
ability of ecSingle to detect ecDNA-specific amplifications within single cells and that 
expression variance is distinct between ecDNA and chromosomal amplifications.

Identification of oncogene‑containing ecDNA from cancer single‑cell data

To assess the performance on cancer patient material, we applied ecSingle to a cohort 
of patients with available scRNA-seq data (see Additional File 1: Table S1). For one glio-
blastoma sample, CE34, we identified whole-chromosome imbalance of chromosomes 7, 
10, 19, and 20 (Fig. 3A).

ecSingle identified two segments in CE34 with different allelic imbalances on chromo-
some 7, a large whole chromosome region displaying a BAF around 0.33/0.66, suggesting 
triploidy, and a focal segment at chr7:54295003–56099902. The latter displayed a sub-
stantial allelic imbalance shift, with BAF values close to 0 (0.05/0.95), suggesting either a 
deletion or a high-level amplification of this region (Fig. 3B).

The region contained a total of 22 genes, from the lipid regulator VSTM2A at 54.5 Mb 
to the protein kinase PHKG1 at 56.1 Mb (Fig. 3C). Across these 22 genes, 10 were suf-
ficiently expressed in the sample to be detected by ecSingle, including EGFR, a gene 
known to be highly amplified in around 50 % of glioblastoma tumors (Fig. 3D) [18]. All 
10 genes were significantly upregulated in the tumor cells compared to normal cells 
(binomial test, p < 0.01). These findings strongly support the presence of high-level 
amplification, likely on ecDNA, due to the high copy number and expression.

To assess the accuracy of the segmentation, we performed WGS (84 × genome cover-
age) on the same tumor sample and used the state-of-the-art tool AmpliconArchitect to 
detect ecDNA segments [19]. This approach found the region chr7:54212672–55359360 
as cyclic ecDNA, with both breakpoints differing by less than 800 Kb from the scRNA-
seq-based region identified by ecSingle. This demonstrates that ecSingle successfully 
identifies the same ecDNA regions as detected by WGS (Fig. 3B-D).

While EGFR is the most frequently amplified oncogene in glioblastomas [10], we also 
identified PDGFRA and NFIB amplified on ecDNAs in another glioblastoma sample, 
CE65, both associated with outlier expression (Additional File 1: Fig. S3).

The allelic imbalance and outlier expression approach of ecSingle can also identify 
other transcriptional deregulation patterns in addition to ecDNA segments. For exam-
ple, we identified a region showing (biallelic) transcriptional upregulation (GPM6A in 
CE34, Additional File 1: Fig. S4A), another region showing allelic imbalance due to loss-
of-heterozygosity (PTEN in CE34, Additional File 1: Fig. S4B), and regions with minor 
allelic imbalance and outlier expression, which we classify as low copy-number chromo-
somal gains (GNAS in CE34 and EGFR in CE65, Additional File 1: Fig. S4C-D).
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Fig. 3  Segmentation of single-cell-based BAF profiles enables detection of ecDNA in cancer samples. 
A Whole genome BAF plot of a glioblastoma sample, CE34, colored by normal and tumor cells. Allelic 
imbalance is observed on chromosomes 7, 10, 19, and 20 as segments with deviations from BAF of 0.5. 
Chromosome 7 is highlighted. B BAF plot of chromosome 7 in CE34. Top, karyoplot of chromosome 7. 
Bottom, same as A, focusing on chromosome 7. Segmentation was performed on the tumor cells and shown 
here as lines. The transparent orange box corresponds to the AmpliconArchitect segment from WGS from 
the same sample. The ecDNA segment is highlighted. C Genes within the ecDNA region, highlighting the 
oncogene EGFR. D BAF vs expression plot in CE34. Mean oncogene (EGFR) expression vs the BAF value of 
tumor and normal cells in CE34. The tumor cells show both outlier expression and allelic imbalance due 
to the focal amplification of the region. E BAF vs expression plot in medulloblastoma sample 801. Mean 
oncogene (MYCN) expression vs the BAF value of tumor and normal cells in 801. The tumor cells show both 
outlier expression and allelic imbalance due to the focal amplification of the region. F BAF vs expression plot 
in medulloblastoma MB019. Mean oncogene (MYCN) expression vs the BAF value of tumor and normal cells 
in MB019. The tumor cells show both outlier expression and allelic imbalance due to the focal amplification 
of the region. Lines represent the 25th and 75th percentiles, while the point denotes the mean expression 
across cells and mean BAF across SNPs in the segment
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To evaluate the performance of ecSingle on other cancer types, we tested the approach 
on medulloblastoma samples from Riemondy et al. [20] and Gold et al. [21]. We iden-
tified MYCN on ecDNAs in two medulloblastoma samples (801 and MB019), both 
belonging to the SHH subgroup (available copy number data for 801 supports MYCN 
amplification) (Fig. 3E-F). ecSingle did not detect ecDNA in scRNA-seq data from three 
other medulloblastoma samples from Gold et  al., with sufficient scRNA-seq coverage 
but unknown ecDNA status (Additional File 1: Fig. S4E). In support, we found no evi-
dence for gene expression upregulation of either MYC or MYCN in these samples.

Detection of ecDNA is enhanced through long‑read single‑cell RNA‑sequencing

Segmentation relies strongly on the number of covered SNPs, which in turn depends on 
the sequencing depth across cells as well as the read length. The vast majority of single-
cell datasets, however, consist of short-read sequencing, limiting the number of candi-
date SNPs.

To understand the influence of read length on the number of informative SNPs for 
segmentation and test to what extent higher coverage can compensate for short reads, 
we performed long-read sequencing of a 10x Genomics library of sample CE26. To 
evaluate the practicality of ONT long-read sequencing for this use case, we addition-
ally performed WGS on the sample and analyzed the data using AmpliconArchitect. The 
AmpliconArchitect segments showed consistent agreement with the segments identified 
by ecSingle using the long-read scRNA-seq dataset, despite the sample’s high complexity 
in some regions, including chromosome 7 (Fig. 4A-B). The ecSingle approach detected 
two ecDNA segments in this patient, one containing outlier expression of EGFR in 
tumor cells, supporting the ecDNA status of this sample (Fig. 4C).

Besides the two ecDNA regions, the ecSingle segmentation also identified allelic 
imbalance in two other segments on chromosome 7. The strong allelic imbalance com-
bined with the low expression in these segments suggests LOH, a finding supported by 
analysis of the WGS (Additional File 1: Fig. S5). AmpliconArchitect found an additional 
small region at 10.5–10.8 Mb included in the ecDNA amplicon (362 Kb), a region too 
small to be detected in scRNA-seq data.

To evaluate the effect of the long-read sequencing, we compared three read lengths 
of the same sample. These included: 1) short-read; regular Illumina short-read 91 bp (as 
recommended by 10x Genomics), 2) medium-read; Illumina short-read sequenced with 
average read length 293 bp, 3) long-read; long-read ONT sequencing with a median read 
length of 1,144 bp.

We defined informative SNPs as the number of SNPs that are heterozygous and have 
sufficient coverage (min 300 cells) across the sample. Each of the three datasets was 
downsampled, and the number of informative SNPs was determined, allowing us to fit a 
polynomial regression.

We found that the amount of informative SNPs was highly dependent on the read 
length, as expected. At the highest sequencing depth, the short-read dataset recovered 
34% (3645/10572) of the SNPs identified using the medium-read dataset (Fig. 4D, Addi-
tional File 1: Fig. S5A), demonstrating the added value of longer sequencing reads. Fur-
thermore, we estimated that the short-read dataset would reach saturation around 3,700 
SNPs (sigmoid function, Fig.  4D). In comparison, we found the estimated sequencing 
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depth of the long-read dataset to reach 41,000 informative SNPs at the same sequencing 
coverage as short and medium, providing a 10.9-fold increased transcript coverage com-
pared to the standard short-read set.

Resolving intra‑tumor heterogeneity of ecDNA at the single‑cell level

A major advantage of single-cell data is the ability to resolve intratumor heterogeneity 
compared to bulk RNA-seq or WGS, which relies on subclonal inference. Similar tumor-
subclones will tend to cluster together at the gene expression and genomic level, and we 
utilize this to group the cells through genomically aware single-cell clustering techniques 
(e.g., InferCNV) as demonstrated here. Alternatively, gene expression-based clustering 
(e.g., Leiden [22]) can be used as input, for example, in cases where distinct transcrip-
tional clusters are present.

To explore the intratumor heterogeneity in an external single-cell dataset, we took 
advantage of a 10x Genomics scRNA-seq dataset of glioblastoma samples from Bhaduri 
et  al. [23]. In one representative sample with adequate sequencing coverage (> 2,000 

0.00

0.25

0.50

0.75

1.00

0 Mb 50 Mb 100 Mb 150 Mb

BA
F

Clone Normal Tumor Tumor segmentation AmpliconArchitect

0

10000

20000

30000

40000

    0   250   500   750 1,000
Million reads

SN
Ps

Read length
Long read

Medium read

Short read

D

A

7

B

C

A Allele

B allele

3762

10495

41021

0

1

2

3

4

0.0 0.1 0.2 0.3 0.4 0.5
B allele frequency

M
ea

n 
EG

FR
 e

xp
re

ss
io

n

Normal

Tumor

CE26

Fig. 4  Improved allelic imbalance detection using long-read sequencing to identify ecDNA. A Long-read 
scRNA-seq segmentation of chromosome 7 in CE26, similar to Fig. 2A. B Schematic of the expected ecDNA 
construct and A and B alleles of chromosome 7 in CE26. C BAF vs expression plot. Mean oncogene (EGFR) 
expression vs the BAF value of tumor and normal cells in CE26. The tumor cells show both outlier expression 
and allelic imbalance due to the ecDNA in the region. D The effect of read length on the amount of 
informative SNPs in sample CE26. Three read lengths of the same sample are compared: short-read (91 bp), 
longer-sequenced short-read (293 bp), and long read (median 1,144 bp). The coverage of each dataset 
is downsampled, and a polynomial regression is fitted. The dotted line represents extrapolation from a 
polynomial fit



Page 10 of 20Hendriksen et al. Genome Biology           (2026) 27:10 

A B

0.0

0.5

1.0

1.5

2.0

0.0 0.1 0.2 0.3 0.4 0.5
B allele frequency

M
ea

n 
EG

FR
 e

xp
re

ss
io

n

Normal

Tumor bulk

Subclone 1

Subclone 2

S2

S1

DC

Genomic position

Ce
lls

0.00

0.25

0.50

0.75

1.00

S1 S2

Pr
op

or
tio

ns
 o

f c
el

ls

A ke

ke

ke

ke

ecDNA+ ecDNA-

ecDNA+
AC-like

MES-like

ecDNA-
Mix of all 

cellular states

ecDNA+
AC-like

MES-like

ecDNA-
Mix of all 

cellular states

ecDNA
formation

ecDNA
formation

Unequal 
seggregation #1

Subclonal origin Clonal origin
E

Unequal 
seggregation

Unequal 
seggregation #2

SF11247

Fig. 5  ecSingle identifies subclonal variation in ecDNA levels. A UMAP of sample SF11247, colored by tumor 
subclone S1 and S2. B Copy number alterations (InferCNV) of SF11247 with chromosomes horizontally, and 
cells vertically grouped into subclones (red and blue colors represent gains and losses, respectively). The 
two subclones are colored in the column. C BAF vs expression plot of the ecDNA region. Mean oncogene 
(EGFR) expression (y-axis) vs the BAF value (x-axis) of the tumor subclones and normal cells, as well as tumor 
bulk level (pseudo-bulk of all tumor cells). D Barplot of the glioblastoma cellular states across subclones 
in SF11247 with the ecDNA identity shown above. E Schematic of hypothetical evolution by unequal 
segregation during cell division driving intratumor heterogeneity of ecDNAs in SF11247. Subclonal and clonal 
origin of the ecDNA can both be plausible explanations for the ecDNA presence in subclone 1



Page 11 of 20Hendriksen et al. Genome Biology           (2026) 27:10 	

UMIs/cell), SF11247, we initially performed an unbiased pseudo-bulk tumor analysis. 
This analysis revealed a region around EGFR with both allelic imbalance and outlier 
expression, suggesting an ecDNA, but with a wide distribution in both allelic imbalance 
and outlier expression, indicating a heterogeneous tumor population. Through k-means 
subclonal clustering, we identified two major tumor subclones (Fig. 5A). The main copy 
number events were shared across clones, including a deletion on chromosome 13, a 
whole-chromosome amplification of chromosome 7, and amplification of the p-arm of 
chromosome 19. Subclone 1 differed from subclone 2 with an amplification of chromo-
some 3 and no deletion of chromosome 10, while subclone 2 exhibited smaller CNVs 
(Fig. 5B and Additional File 1: Fig. S6). Upon separating the tumor cells into subclones, 
we found that subclone 1 showed no signs of ecDNA, while subclone 2 exhibited both 
allelic imbalance and outlier expression, suggesting ecDNA presence.

We investigated the clonal evolution of ecDNA in NVB33 for which both scRNA-seq 
and WGS data were available at the primary tumor and relapse timepoints [24] (Addi-
tional File 1: Fig. S7A). Here we found that the smaller subclone 1 exhibited high levels 
of ecDNA containing EGFR (strong allelic imbalance and outlier expression in a region 
surrounding EGFR), while the larger subclone 2 displayed no signs of focal amplification 
in this region (Additional File 1: Fig. S7B-C). Strikingly, we found the same ecDNA-con-
taining cells to be clonal in the relapse sample from the same patient (Additional File 1: 
Fig. S7D). We noted a lower level of ecDNA in the relapse (reduced allelic imbalance and 
outlier expression), suggesting clonal selection of the ecDNA-positive clone, followed by 
copy-number downregulation due to treatment. Similar dynamics have previously been 
shown in ecDNA+ cell lines, in which treatment caused a rapid decline in the levels of 
ecDNA [2, 6].

In addition to genomic heterogeneity, glioblastoma tumors are characterized by exten-
sive transcriptional plasticity and heterogeneity, including four cellular states: astro-
cyte-like (AC-like), mesenchymal-like (MES-like), oligodendrocyte precursor cell-like 
(OPC-like), and neural progenitor cell-like (NPC-like) [25]. To this end, we next inves-
tigated the extent to which cellular states associate with ecDNA at the subclonal level. 
In the majority of glioblastomas, all four states are found, but at varying proportions. In 
agreement, we identified all four states to be present in SF11247. This was recapitulated 
in clone S1 (ecDNA-), dominated by OPC- and AC-like cell states, with smaller contri-
butions from MES-like and NPC-like states (28%, 56%, 5%, 11%, respectively). Interest-
ingly, we found a striking shift in cell states in the ecDNA+ clone (S2), dominated by 
AC-like and MES-like cell states (Fig. 5D).

A similar pattern was observed in NVB33, in which the ecDNA+ subclone in the pri-
mary tumor was dominated by AC-like, while the relapse sample contained mainly AC-
like and MES-like cells (Additional File 1: Fig. S7E). We note that EGFR, present on the 
ecDNA in all these subclones, is known to be enriched in AC-like tumors [25]. In the 
paired primary and relapse samples from patient NVB33, we identified no change in 
ecDNA segment size; however, previous studies have suggested that ecDNA can evolve 
structurally over time [26].

These findings strongly suggest that both clonal selection and transcriptional plastic-
ity contributed to the evolution in these samples. A cell state-specific ecDNA presence 
can favor certain cell states, for example, AC-like and MES-like states in glioblastoma, 
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likely driven by EGFR. This is supported by the previous finding on a bulk-tumor basis 
that the AC-like cell state is associated with a high level of EGFR amplification, whereas 
OPC-like tumors exhibit low levels. This phenomenon may arise from either a subclonal 
origin of ecDNA, where ecDNA formation occurs within a specific tumor subclone, or 
a clonal origin followed by uneven segregation, resulting in ecDNA loss in certain sub-
clones (Fig. 5E). Further investigation is needed to clarify these dynamics, which will be 
critical for understanding ecDNA behavior and its role in tumor evolution. In summary, 
we demonstrate that intratumor heterogeneity can be disentangled at the single-cell 
level, uncovering joint genomic and transcriptional programs in glioblastoma.

Discussion
It is becoming increasingly clear that ecDNAs are highly relevant for driving intratu-
mor heterogeneity and cancer progression across a wide range of cancers [10, 27]. Cur-
rent approaches are primarily based on bulk whole-genome DNA sequencing, which 
does not allow a sensitive analysis and detection of ecDNA-containing tumor cells at 
the subclonal level. This is especially important with the recent identification of ecDNA-
containing tumor cells frequently driving relapse [9]. Such cells can be present below 
the detection level in the primary tumor and thereby complicate and potentially misin-
terpret the tumor evolution in cancer patients. Here, we demonstrate a computational 
methodology, ecSingle, to identify and explore ecDNAs at the single-cell level using 
standard scRNA-seq methodologies. We identify striking examples of subclonal ecDNA-
containing tumor cells, in one case with a minor ecDNA+ subclone in the primary 
tumor expanding to become the dominant clone in the tumor relapse. ecDNA molecules 
have been found to segregate in a non-Mendelian random manner between daughter 
cells [1, 2]. In support, we find several lines of evidence for differences in ecDNA content 
between tumor cells. This is supported by complementary and more laborious methods 
such as scEC&T-seq [12] and scCircle-seq [11]. While both methods use sophisticated 
molecular biology methods on both DNA and RNA, these cannot be applied to existing 
available scRNA-seq, a major bottleneck in most setups, particularly for limited patient-
derived tumor material.

We acknowledge that our analyses are limited to cases in which ecDNA presence is 
accompanied by transcriptional upregulation, which is not universally observed. Even 
among ecDNA+ cases with elevated transcription, expression levels may vary indepen-
dently of copy number, a phenomenon previously reported by Nathanson et al. [6].

An advantage of ecSingle is the ability to identify transcriptional upregulation versus 
allele-specific upregulation, such as in ecDNA formation, since transcriptional upregula-
tion is generally found to be without major allelic imbalance. Also, our methodology is 
able to identify genes subjected to heterozygosity and accompanied loss in expression.

Compared to genome sequencing approaches, an additional advantage of using 
scRNA-seq is the ability to identify and integrate transcriptional cell states and programs 
with ecDNA discovery. We find a prominent co-occurrence between the oncogene-car-
rying ecDNA+ clone and transcriptional cell states in glioblastoma, marked by increased 
MES-like and AC-like states in ecDNA+ tumor cells. This is in agreement with prior 
studies showing the clustering of EGFR-amplified glioblastomas with “Classical” and 
AC-like cell states [25, 28]. While these findings suggest an EGFR-driven mechanism, it 



Page 13 of 20Hendriksen et al. Genome Biology           (2026) 27:10 	

is perceivable that the presence of ecDNA molecules can also impact transcriptional cell 
states. We note that our approach to identifying subclonal clusters was based on a lim-
ited number of tumor samples, and that larger cohorts will be needed to validate these 
findings.

We utilized four properties of ecDNAs: outlier expression, allelic imbalance, outlier 
expression variance, and clonal status. The allelic imbalance-based segmentation of 
copy number alteration regions is an important step in identifying the ecDNA sequence. 
Interestingly, we found that a simple metric for expression level and variance was able to 
distinguish between ecDNA and HSR, likely due to the unequal segregation—and there-
fore higher intratumor heterogeneity—of ecDNA-containing tumors. We note, however, 
that larger well-annotated cohorts will be needed to further validate the sensitivity and 
specificity of ecSingle and our empirical thresholds in detecting ecDNA and distinguish-
ing between ecDNA and HSRs. As expected, we found the read length to significantly 
impact the number of informative SNPs, a key metric for allelic imbalance assessment. 
Current scRNA-seq methods depend on 3’-end capture, which results in limited cover-
age of SNPs in the non-capture region of the transcript. We also found the sequencing 
depth to be important, which impacts the ability to estimate the BAF at each SNP posi-
tion. Moreover, the number of informative SNPs is influenced by the level of splicing in 
the samples, which varies depending on whether nuclei or whole-cell data is used. Since 
introns cover 4–5 times more of the human genome than exons, unspliced RNA offers a 
significantly higher number of potential SNPs for detection [29].

We note that an initial separation between tumor and normal stromal cells improves 
the sensitivity to identify ecDNA. The identity of normal cells can be a source of chal-
lenge, in particular, if the transcriptional differences between normal and tumor cells 
are minor due to similar gene expression and few CNVs. A limitation of our method 
is the requirement for larger segments and the presence of genes with detectable gene 
expression and ascertainable germline SNPs within these segments. Moreover, while 
ecSingle leverages several key features to identify ecDNA from scRNA-seq, follow-up 
DNA-based validation experiments should be performed to further support the pres-
ence of ecDNA molecules.

Tumor cells have previously been observed to transfer DNA via extracellular vesicles 
[30, 31]. This phenomenon suggests that ecDNA molecules could also be transferred 
from ecDNA-containing tumor cells to other tumor subclones, and potentially even to 
normal cells in the tumor microenvironment. Given the small and extrachromosomal 
nature of ecDNA, these amplicons could hypothetically easily integrate and influence 
gene expression in the recipient cell. In future studies, ecSingle could be used to test this 
hypothesis, for example, by utilizing plate-based scRNA-seq data to eliminate potential 
contamination from other cells.

Conclusions
We develop and apply a novel methodology, ecSingle, that enables the detection of onco-
gene-containing ecDNA from standard scRNA-seq data using two key properties: SNP-
based allelic imbalance and outlier expression. Notably, we demonstrate the superiority 
of using long-read single-cell sequencing for increased resolution of informative SNPs. 
Subclonal ecDNA was observed in multiple samples, linking the ecDNA presence with 
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specific transcriptional states, highlighting the interplay between genomics and cellular 
consequences. Furthermore, ecSingle enabled us to identify examples of clonal evolution 
and selection of oncogene-containing ecDNAs from primary to relapse in brain tumors. 
These findings demonstrate the importance of resolving intratumor heterogeneity to 
identify the subclonal presence of ecDNA, and that this is an important characteristic of 
tumors to understand the clonal expansion and therapy resistance.

Methods
Patient inclusion

Patients were 18 years of age or older and diagnosed with glioblastoma, IDH wild-type 
WHO grade 4. All patients were treated at Rigshospitalet, Copenhagen, Denmark. 
All ethical and data management approvals were obtained through the Neurogenome 
protocol (Danish National Medical Research Ethics Committee approval number 
H-21023801) [32].

Patient material and nuclei isolation

Fresh tumor biopsy samples were collected directly at the neurosurgical theatre and 
cryopreserved in nitrogen. Tissue was either flash-frozen in liquid nitrogen or frozen 
in RNAlater and stored until library preparation. Frozen tissue was homogenized using 
BioMasher III (Nippi Inc.), and the nuclei suspension was prepared and purified using 
the protocol by Batiuk et  al. [33]. After purification using ultracentrifugation, nuclei 
were immediately used for scRNA-seq generation.

Sequencing

The quality and concentration of each single-nuclei suspension were estimated using 
Trypan Blue staining and light microscopy. From each sample, approximately 16,000 
nuclei were loaded onto a well on the Chromium Controller (10x Genomics) to aim for 
an output of 10,000 nuclei. cDNA construction and library generation were achieved 
using Chromium Next GEM Single Cell 3′ Gel Bead and Library kit, v.3.1 single index 
or v.3 (10x Genomics, Pleasanton, CA, USA) using the manufacturer’s instructions. 
Finished libraries were quantified using Qubit (Thermo Fisher Scientific) and profiled 
using Bioanalyzer High Sensitivity DNA kit (Agilent Technologies). The sequencing was 
performed using paired-end 150 base-pair mode on a NovaSeq S4 flow cell (Illumina) 
on an Illumina NovaSeq 6000 machine at the Department of Genomic Medicine at 
Rigshospitalet.

scRNA‑seq processing

Initial processing of short-read sequencing output was performed using Cell Ranger 
software version 5.0.0. The raw count matrices were corrected for ambient RNA using 
CellBender version 0.1.0 [14]. The corrected count matrices were imported into R (ver-
sion 4.1.0) and analyzed using Seurat version 4.1.1 [34]. The data underwent extensive 
quality control (QC) and filtering based on the number of genes detected and the mito-
chondrial content.

Cell typing was performed, as described in Hendriksen et al. [24], through a combi-
nation of three complementary approaches: 1) CopyKat version 1.0.4 [35], 2) SingleR 
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version 1.0.5 [36] and 3) literature-curated marker genes. As marker genes, we used the 
following: malignant cells (EGFR), myeloid (PTPRC, MRC1), T cells (PTPRC, CD3G, 
CD8A), oligodendrocytes (MOG), fibroblasts (DCN), endothelial cells (DCN, PECAM1), 
neurons (STMN2), and astrocytes (GFAP). Genomically aware cell clustering was per-
formed using InferCNV (inferCNV of the Trinity CTAT Project, https://​github.​com/​
broad​insti​tute/​infer​CNV).

The long-read scRNA-sequencing data were processed using the wf-single-cell v2.3.0 
pipeline from EPI2ME Labs. Briefly, the cellular barcodes and UMIs were extracted, fol-
lowed by alignment using minimap2 [37] to the cellranger reference genome refdata-
gex-GRCh38-2020-A. Stringtie [38] was used to generate a transcriptome of transcripts 
called at least 2 times, and the reads are mapped to this transcriptome to generate the 
expression matrix output.

Pileup

To achieve a pileup of 10x Genomics scRNA-seq data, cellsnp-lite was run on the Cell 
Ranger BAM files [13] using mode 1a. As the input of SNPs, 1000genomes was used. 
Parameters were set to require a minimum BAF of 10% as well as an overall coverage of 
100 UMIs to limit the number of output SNPs.

BAF calculation

From the pileup output, the matrix of alternative alleles (AD) as well as read depth (DP), 
which contains the reference and alternative alleles summed, was used for downstream 
analysis. For each non-zero position in the read-depth matrix, the ratio of alternative 
allele (BAF) was calculated.

Following the BAF calculation, the SNPs undergo several filtering steps to ensure hete-
rozygosity and adequate coverage. Initially, SNPs with overall low coverage are excluded 
(see Coverage cutoff calculation). Subsequently, SNPs that fail to meet a per-group cutoff 
are discarded, ensuring sufficient coverage across both the normal and tumor cells. After 
the coverage filtering, the heterozygosity of SNPs is measured through their mean BAF 
across all normal cells. Positions that fall outside the range of 0.25–0.75 BAF are labelled 
as homozygous and discarded, as these are not informative for this analysis.

When the cells are divided into smaller subclones, SNPs are still filtered based on their 
coverage across all tumor cells. However, the BAF of a SNP is only recorded if a subclone 
has at least 3 cells covering the position. Following the filtering, the mean BAF of each 
group is calculated per position.

Cellular clustering

To cluster the single cells into subclones, we use k-means clustering with the InferCNV 
HMM predictions as input. The optimal number of clusters is determined as the elbow 
point in the within-cluster sum of squares (WSS) plot.

BAF =
AD

DP

https://github.com/broadinstitute/inferCNV
https://github.com/broadinstitute/inferCNV
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Coverage cutoff calculation

To balance the increased information from a higher number of informative SNPs with 
the noise introduced by low coverage SNPs, ecSingle determines an optimal cutoff 
to exclude low coverage SNPs. This is accomplished by evaluating the BAF variance 
across various coverage cutoffs.

First, SNPs underwent standard filtering procedures (see BAF calculation), using 
a starting coverage cutoff requiring 100 cells with SNP coverage per SNP. Next, the 
chromosomes that predominantly contain heterozygous regions in tumor cells are 
selected, requiring at least tenfold more SNPs with BAF above 0.25 than below 0.25. 
For each of the selected chromosomes, the variance of BAF values of positions with 
a BAF above 0.25 was measured. Lastly, the mean across the selected chromosomes 
was computed, providing a measure of the BAF variance in the regions unlikely to 
exhibit LOH.

This measure was calculated at different coverage levels, ranging from coverage in 
100 to 500 cells. The optimal cutoff was defined as the first point where the variance 
increased at two consecutive points. Simultaneously, the number of informative SNPs 
was measured at each coverage level, ensuring that the coverage across the genome 
remained adequate.

Segmentation

Following the calculation of the BAF values per group, segmentation is performed on 
the tumor BAF values using Quickseg, a dynamic programming algorithm, to identify 
the genomic segments.

For each of the segments identified in the tumor cells, the BAF values of the SNPs 
in the segment are compared to the corresponding BAF values in the normal cells. A 
Wilcoxon test is used to identify segments with a significant difference in BAF values 
between tumor and normal, and these are selected as potentially altered segments for 
downstream analysis.

The minimal detectable segment size is dependent on the number of genes and SNPs. 
We found the minimal ascertainable ecDNA segment size to be 400 Kb, which contained 
17 informative SNPs across 6 detected genes.

Differential gene expression

Differential gene expression between tumor and normal cells was calculated using the 
Wilcoxon-rank-sum test in the FindMarkers function in Seurat. Input was log-normal-
ized gene counts. Genes were annotated as oncogenes according to the annotation file 
from AmpliconArchitect [19].

A binomial test was used to identify segments with a significant number of genes 
upregulated in tumor cells compared to the overall level of gene upregulation.

Expression variance outlier detection

Gene expression counts for each segment were extracted and stratified by cell group. 
For each gene within a segment, we calculated the mean and variance of expression. To 
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quantify differences in expression variance between two populations, here denoted A 
and B, we computed the following metrics:

XA, XB: Mean expression levels
YA, YB: Mean expression variances
EDAB: Euclidean distance between the two populations in the expression-variance 
space

The Euclidean distance was calculated using the formula:

We consider population A to exhibit an expression variance outlier property relative to 
B if the following conditions are met:

1.	 XA > XB

2.	 YA, > max(YB, 0.25)
3.	 EDAB > 0.5

A Euclidean distance threshold of 0.5 combined with a variance threshold of 0.25 was 
found to reliably distinguish putative ecDNA segments from chromosomal segments.

Allelic imbalance and outlier expression plot

For the final plot, the identified segments were used to calculate the mean BAF as well 
as the 25th and 75th quartiles of each cell group individually. Similarly, the gene expres-
sion was summarized through the identification of oncogenes in the segment or, alter-
natively, the gene with the highest log fold change, suggesting oncogene-like selection. 
The expression of the chosen oncogene is used to calculate the mean, 25th, and 75th 
quartiles for each cell group used for the plot.

Whole genome sequencing

DNA was extracted from fresh-frozen tumor tissue, as well as matched blood, and 
underwent paired-end sequencing on the NovaSeq platform.

The resulting FastQ files underwent QC using “FastQC 0.11.8” (Andrews, [39]) and 
were aligned to the human reference genome (GRCh38) using “BWA MEM 0.7.15” 
[40]. Data preprocessing was performed following the GATK Best Practices [41], using 
“GATK 4.1.9.0”: “MarkDuplicates” was used to identify PCR and optical duplicates; base 
quality score recalibration was performed using “BaseRecalibrator” followed by “Apply-
BQSR”. Coverage statistics were gathered using “CollectWgsMetrics” and “mosdepth 
0.3.1” [42]. QC of the final BAM files was performed by running “CollectAlignment-
SummaryMetrics”, “CollectBaseDistributionByCycle”, “CollectGcBiasMetrics”, “Collect-
InsertSizeMetrics”, and “QualityScoreDistribution”.

QC results were inspected using “MultiQC 1.9” [43].
“Somalier 0.2.11” [44], a genetic distance-based tool, was applied to verify the cor-

rect pairing of the samples. Stromal cell contamination and ploidy were estimated using 
“Sequenza 3.0.0” [45].

EDA,B = (XA − XB)
2
+ (YA − YB)

2



Page 18 of 20Hendriksen et al. Genome Biology           (2026) 27:10 

Amplicon architect

Substructures of genomic focal amplifications were extracted from WGS samples using 
AmpliconArchitect [19], which was run using default parameters on tumor BAM files 
downsampled to 10 × and considering only genomic segments with integer copy-num-
ber greater than 5. AmpliconArchitect inferred structures were subsequently classified 
according to their generative mechanisms using AmpliconClassifier [19].
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