Ju et al. Cancer Cell International ~ (2025) 25:436 Cancer Cell International
https://doi.org/10.1186/512935-025-04056-7

Machine learning identified
extrachromosomal DNA-related 12 gene
signatures to predict cancer immunotherapy
response
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Abstract

Extrachromosomal circular DNA (ecDNA) has emerged as a critical determinant of poor clinical outcomes and
immune escape in tumors, but the high cost and technical complexity of current detecting techniques limit its
broader investigation in cancer immunotherapy. Leveraging the combined machine learning algorithms including
the least absolute shrinkage and selection operator (LASSO) regression, RandomForest (RF) and Recursive Feature
Elimination (RFE), we developed a 12-gene transcriptomic score (EC_score) to predict the existence of ecDNA
through RNA-seq. EC_score demonstrated reliable predictive performance in two independent cohorts (AUC>0.70),
validated by fluorescence in situ hybridization (FISH) in both cell lines and clinical samples. Next, we found that
EC_score emerged as an independent adverse prognostic factor across multiple immunotherapy cohorts. Notably,
high EC_score correlated with cell cycle activation and immunosuppression, characterized by reduced lymphocytes
infiltration and upregulated immunosuppressive markers, including MHC molecules, co-inhibitory immune
checkpoints and TGF-{3 signals. In general, we established and validated a 12-gene signature (EC_score) derived
from RNA-seq, offering a novel computational tool for predicting the presence of extrachromosomal circular DNA
and stratifying cancer immunotherapy response.
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Introduction

Extrachromosomal circular DNA (ecDNA), a double-
stranded circular DNA molecule, is prevalently distrib-
uted across various tumors [1-3]. The circular structure
of ecDNA results in enhanced chromatin accessibility
and non-Mendelian inheritance, facilitating oncogene
amplification [4, 5]. Prior researches have shown a cor-
relation between ecDNA abundance and poor prognosis
in pan-cancer [6], as well as its potential role in shaping
an immunosuppressive tumor microenvironment [7,
8]. Nevertheless, the mechanistic underpinnings link-
ing ecDNA to immunotherapy outcomes remains inad-
equately understood [1, 5, 9, 10].

The identification of ecDNA in immunotherapy cohorts
poses significant challenges [11]. Although FISH offers
high specificity for ecDNA detection, its clinical applica-
tion on large scale cohorts is limited by low throughput
and the requirement for gene-specific probes [3, 12]. To
overcome these constraints, Circle-seq was developed by
purifying circular DNA through exonuclease treatment,
followed by rolling circle amplification and sequencing
[13]. Although this approach circumvents the need for
specific probes, its broader adoption remains challenged
by experimental complexity and resource requirements.

Recent advances of next-generation sequencing (NGS)
technologies coupled with computational algorithms
have led to the development of diverse analytical flame-
work for ecDNA detection, including AmpliconArchitect
(AA) using whole genome sequencing (WGS) data [14],
GCAP utilizing whole exome sequencing (WES) data [7],
ATACAmp leveraging assay for transposase-accessible
chromatin using sequencing (ATAC-seq) profiles [15]
and scEC&T-seq applying single cell sequencing data
[16]. Among these, AA has emerged as the predomi-
nant approach for ecDNA prediction in WGS data [6,
11]. However, the less available WGS data and high cost
render current methods impractical for population-scale
screening [17]. Given the widespread accessibility of bulk
RNA sequencing (RNA-seq) [18], we aimed to develop a
cost-effective computational framework for ecDNA pre-
diction through transcriptional profiles.

Here, we developed EC_score, a machine learning
framework integrating LASSO, RE, and RFE to identify a
12-gene signature from RNA-seq for ecDNA prediction.
The reliability and generalizability of the EC_score were
validated through independent external datasets, meta-
phase cancer cells and pathological samples. Through
Gene Set Enrichment Analysis (GSEA), high EC_score
samples exhibited activation of cell cycle related
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pathways, aligning with the biological characteristics of
ecDNA.

Notably, our analysis demonstrated that EC score
significantly correlated with poor prognosis in patients
receiving anti-PD-1 immunotherapy across multiple
cancer types. The significant associations between EC_
score and diverse immunosuppressive mechanisms were
also discovered, while elevated EC_score was correlated
with decreased infiltration of immune cell populations,
including CD4+ T cells, CD8 + T cells, and B cells, indi-
cating an immunosuppressive tumor microenvironment
in high EC_score patients. In conclusion, we established
and validated a novel transcriptome-based scoring sys-
tem (EC_score) that effectively predicts ecDNA presence
and systematically characterizes its relationship with
tumor immune microenvironment and immunotherapy
response.

Materials and methods

Data source

Clinical and transcriptomic data of TCGA tumors were
obtained from The Cancer Genome Atlas (TCGA, https
://portal.gdc.cancer.gov), covering 322 circular ecDNA
tumors (ecDNA"), 1019 no-focal tumors (ecDNA~) and
513 chromosomal tumors according to the previous
study [6]. The RNA-seq of small cell lung cancer (SCLC)
was sourced from the European Genome Phenome
Archive (EGA) (EGAS00001000925, www.ebi.ac.uk/ega/
home) [19]. The expression profiles of cell lines in Cancer
Cell Line Encyclopedia (CCLE) were downloaded from
DepMap (https://depmap.org/portal/). Immunotherapy
cohorts including Braun_2020 (nivolumab for ccRCC,
n = 181), GSE91061 (nivolumab for melanoma, n = 51),
GSE78220 (nivolumab or pembrolizumab for melanoma,
n = 26), PRINA482620 (nivolumab or pembrolizumab
for glioblastoma, n = 34) and PRJEB73280 (nivolumab
or pembrolizumab for melanoma, n = 41) were col-
lected from the Tumor Immunotherapy Gene Expression
Resource (TIGER, http://tiger.canceromics.org/) and the
Gene Expression Omnibus (GEO, https://ncbi.nlm.nih.go
v/geo). All expression-level comparisons and subsequent
analyses of RNAseq were based on log-transformed tran-
scripts per million (TPM) values to ensure cross-dataset
comparability.

Functional analysis of differentially expressed genes

TCGA tumors were categorized into ecDNA* and
ecDNA™ groups based on AA-predicted ecDNA ampli-
fication from a previous study [6]. Differential expres-
sion analysis was performed using “DESeq2” R package
(v1.38.3), with significant differentially expressed genes
(DEGs) identified at |log2 Fold Change| >1 and adjust p
value < 0.05 (Benjamini-Hochberg correction). Differ-
ential expression analysis was performed using DESeq2
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on raw count data. Gene Ontology (GO) enrichment
was conducted using “clusterProfiler” R package (v4.6.2),
and results were visualized with “pheatmap” R package
(v1.0.12).

Machine learning-based gene selection

To reduce batch effects, the TCGA cohorts were assigned
randomly into training (70%) and testing sets (30%). We
further compared the distribution of multiple confound-
ing factors including age, gender, pathological stage, and
ecDNA status across the groups (Supplemental_table
S2), aiming to minimize the impact of these confound-
ing factors on machine learning. Three machine learn-
ing methods, including LASSO regression, RF and RFE,
were applied for feature gene selection in the training
set. LASSO regression incorporated a regularization
parameter (\) to shrink coefficients of non-informative
genes to zero, balancing model complexity and predictive
performance. Hyperparameter A\ was optimized using
10-fold cross-validation on the training set. The A value
that maximized the AUC values for ecDNA prediction
was selected as optimal, resulting in A=0.710 (Supple-
mental FigurelA-B). RFE iteratively removed the least
important features and evaluated the model performance
to refine the feature set. Three feature selection functions
include Ldafuncs, CaretFuncs, and TreebagFuncs were
compared, each implemented with 10-fold cross-val-
idation to assess accuracy at each elimination step. The
function and corresponding number of selected features
that yielded the highest accuracy were chosen as opti-
mal. Finally, the TreebagFuncs with 85 retained features
was selected (Supplemental_FigurelC). RF constructed
an ensemble of binary recursive classification trees by
bootstrapping the training dataset and randomly select-
ing a subset of features for splitting at each tree node. The
final classification result was determined by majority vot-
ing across all trees. Hyperparameters “ntree” (number of
trees) and “mtry” (number of features sampled per tree)
were optimized via 10-fold cross-validation in the train-
ing set. The RF model that achieved the highest AUC was
designated as the final model, with optimal parameters
identified as “ntree” = 1000 and “mtry” = 300 (Supple-
mental_FigurelD-E). The R packages used in the process
included “glmnet” (v4.1.8), “randomForest” (v4.7.1.1),
“caret” (v6.0.94) and “ggplot2” (v3.5.0).

EC_score development

EC_score was constructed using the single sample gene
set enrichment analysis (ssGSEA) and validated via
receiver operating characteristic curves (ROC) in train-
ing, testing and external validation sets. For the ssGSEA
calculation, the kcdf argument was set to ‘Poisson’ for raw
count matrices and ‘Gaussian’ for log-TPM transformed
matrices according to the software recommendations
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[20]. ROC curves were plotted by plotting the true
positive rate (sensitivity) against the false positive rate
(1-specificity) across all possible threshold values of the
EC_score. The area under the ROC curve (AUC) was
calculated to quantify overall discriminative ability. The
R packages “GSVA” (v1.46.0) and “pROC” (v1.18.5) were
utilized.

Celllines and cell culture

Cell lines NCI-H69 (SCLC, RRID: CCVL_1579) and
NCI-H524 (SCLC, RRID: CCVL_1568) provided by
Shanghai Fuheng Biotechnology Co., LTD. were cultured
in RPMI-1640 medium with 10% FBS and 1% penicillin-
streptomycin. Cell lines were maintained in a 5% CO2
incubator at 37 °C and were passaged every 2 to 4 days.
Cell line identities were confirmed via short tandem
repeat profiling, and all lines were certified to be free of
mycoplasma infection.

RNA sequencing

This study was approved by the Institutional Review
Board at Peking University People’s Hospital
(2023PHB216-001). This work was conducted in accor-
dance with the Declaration of Helsinki. The inclusion
standard was surgically resected lung samples and the
postoperative diagnosis was small cell lung cancer by at
least two experienced pathologists. Tissue specimens
were fixed in 4% paraformaldehyde, washed with run-
ning water, dehydrated in a graded ethanol series, vitri-
fied with dimethylbenzene, and embedded in paraffin.
Formalin-fixed paraffin-embedded (FFPE) sections with
4 pm in thickness were prepared for further use with a
microtome. Total RNA was extracted from the surgically
resected FFPE tumor samples using the HiPure FFPE
RNA kit, and quantified via the Qubit™ RNA HS Assay
Kit (ThermoFisher Scientific, USA). The purity and integ-
rity of the RNA were assessed respectively with a Take3
microvolume plate (BioTek, USA) and the RNA Car-
tridge kit of the Qseql100 Bio-Fragment Analyzer (Biop-
tic, China). RNA-seq libraries were prepared using the
Hieff NGS MaxUp Human rRNA Depletion Kit (rRNA &
ITS/ETS) and sequenced on the DNBSEQ T7 platform,
resulting in sequencing data consisting of 100 bp paired-
end reads in FASTQ format. The raw sequencing data
was processed to eliminate low-quality reads and adapt-
ers using Trim Galore (v0.6.7). Clean reads were obtained
from each sample, aligned to the hg38 reference using
the STAR (v2.7.8a) and annotated with the Gencode
(v37) database. Gene expression was computed in Rsem
(v1.3.0). The sequencing coverage and quality statistics of
each sample were summarized in Supplemental_table S1.
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Fluorescence in situ hybridization (FISH)

Cell lines were treated with 10 ng/ml colcemid (MCE,
HY-N0282) for 4 h. The cells were resuspended in
0.075 M KCl at 37 °C for 20 min and fixed using Car-
noy’s fixative (3:1 methanol/glacial acetic acid, v/v). The
fixed cells were placed on pre-humidified slides and then
treated with pepsin (Sigma-Aldrich) for 3 to 10 min. For
FFPE samples, slides were deparaffinized with xylene and
dehydrated with ethanol before being rehydrated in gra-
dient ethanol. These slides were digested with pepsin at
37 °C for 3 min and washed with 2x saline-sodium citrate
(SSC) buffer for 5 min. Subsequently, samples were
treated with MYC or MYCN probes (Wuhan HealthCare
Biotechnology Co., Ltd.,, Wuhan, China), denatured at
85 °C for 5 min and hybridized at 37 °C overnight. Fol-
lowing hybridization, the slides were immersed in 70%
ethanol for 3 min and stained with 4,6-diamidino-2-phe-
nylindole (DAPI) for 10 min. Images were captured on
confocal microscope (Olympus, Tokyo, Japan) with a 63X
oil lens.

Gene set enrichment analysis (GSEA)

DEGs between the high and low EC_score groups, as
determined by the median EC_score, were subjected to
GSEA [21] for pathway enrichment analysis using “clus-
terProfiler” R package (v4.6.2). The Enrichment Score
(ES) indicated the degree to which the specified gene sets
from KEGG were overrepresented at the top or bottom
of a ranked list. The Normalized enrichment score (NES)
quantified the density of modified genes in the dataset
with random expectancies, normalized by the numbers
of genes found in each gene cluster. Adjusted p values
were calculated by comparing actual data with 1,000
Monte-Carlo simulations.

Immune infiltration analysis

The EPIC bioinformatics algorithm was employed to
estimate the tumor-infiltration immune cell composi-
tion based on reference gene expression profiles [22]. The
MCP-counter was applied to quantify the abundance of
immune cell populations for each sample, utilizing the
log, geometric mean of the set of transcriptomic markers
[23]. The R packages “EPIC” (v1.1.6) and “MCPcounter”
(v 1.2.0) were utilized.

Statistical analysis

All analyses were performed in R software (v4.2.3,
http://www.r-project.org). Statistical analyses are briefly
described in the figure legends. The survival outcomes
were evaluated through Kaplan-Meier curves, wherein
patients were dichotomized into high and low EC_score
groups based on the median value, with the log-rank
test used to assess the statistical significance of the dif-
ferences. The correlations were analyzed by Pearson’s or
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Spearman’s tests. The calibration was visually assessed
through the consistency of the predictive overall sur-
vival (OS) and the observed OS based on 1000 bootstrap
resamples. The EC_score was treated as a continuous
variable in univariate, multivariate Cox regression analy-
ses, and the meta-analysis to calculate hazard ratios and
confidence intervals for a precise evaluation of its prog-
nostic impact. Univariate and multivariate Cox regres-
sion analyses were conducted to determine independent
prognostic factors, with statistically significant variables
included in the multivariate Cox proportional hazards
model. Meta-analysis of immunotherapy cohorts was
employed to combine the OS. Due to the low heteroge-
neity between the results included in the meta-analysis
(2=6.12%), the fixed effects model was applied to cal-
culate the parameter changes between studies. Wil-
coxon tests were conducted using wilcox.test function.
A two-sided p value of 0.05 was considered statistically
significant. Key R packages included “survival” (v3.5.3),
“survminer” (v0.4.9), “Hmisc” (v5.1.3), “rms” (v6.8.1),
“meta” (v7.0.0), “metafor” (v4.6.0) and “stats” (v4.2.3).
The graphical abstract was created through BioRender
(http://www.biorender.com).

Results

Establishment of a 12-Gene score for predicting ECDNA
existence

To develop a transcriptomic model predicting the pres-
ence of extrachromosomal circular DNA in tumors, we
identified 2,025 DEGs (FDR < 0.05, |log2FC| >1) between
ecDNA* (n = 322) and ecDNA™ (n = 1019) samples as
defined by AmpliconArchitect (AA) from the TCGA
database [6]. Through gene ontology (GO) analysis, 627
upregulated DEGs in ecDNA™ tumors exhibited signifi-
cant enrichment in critical cell cycle processes, such as
nuclear division and chromosome segregation (Fig. 1A),
consistent with the hyperproliferative phenotype driven
by ecDNA-mediated oncogene amplification [24].

Next, we randomly partitioned the TCGA cohort
(n=1341) into training and testing sets in a 7:3 ratio,
ensuring a balanced distribution of clinical character-
istics (Supplemental_table S2). For feature selection,
we employed machine learning algorithms including
LASSO regression, RF and RFE (Fig. 1B, Supplemen-
tal_Fig.1 A-E), to refine the DEGs to a 12-gene signature
(DSCC1, MTBP, HOXC13, POU6F2, FAM72B, FAM72D,
MAGED4B, NKX2-5, PLACI, FOXI3, KRTAP4-1, OTX2).
Notably, all these genes were overexpressed in ecDNA*
samples (Fig. 1C). Subsequently, we calculated the EC_
score based on the enrichment of the genes and found
that most ecDNA* samples exhibited high EC_score
(Fig. 1D). The derived EC_score demonstrated great per-
formance in predicting ecDNA existence in the training
set (AUC=0.868) and testing set (AUC=0.859) (Fig. 1E).
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In addition, we found higher EC_score in ecDNA ampli-
fied samples compared to chromosomal amplification in
TCGA tumors (Supplemental_Fig.1 F). We then exam-
ined the EC_score in each cancer type (sample size>5)
and observed an upward trend of EC_score as the ratio of
ecDNA increased (Supplemental Fig.2 A), suggesting an
enriched ecDNA prevalence in cancers characterized by
higher EC_score.

To further validate the generalizability of EC_score,
we applied EC_score to independent databases includ-
ing cancer cell lines from the CCLE database (ecDNA
positive cases: 24/35) [12] and clinical samples
(ecDNA positive cases: 13/61) from the EGA database
(EGAS00001000925) [19] (Supplemental_table S3). The
external validation in FISH-confirmed cell lines (AUC
= 0.735) and AA-classified clinical specimens (AUC =
0.732) further supported the performance of EC_score
in predicting ecDNA existence (Fig. 1F). Collectively,
the EC_score maintained consistent performance (AUC
>0.70) across various datasets, indicating its efficacy and
generalizability in forecasting ecDNA existence across
different experimental and clinical contexts.

EC_score indicated cell cycle activation and
extrachromosomal oncogene amplification

To explore the biological relevance of EC_score, we ana-
lyzed all available RNA-seq (# = 10530) from pan-can-
cer samples in TCGA. Samples were stratified into high
and low EC_score groups using the median value as the
cutoff. A total of 3,176 DEGs were identified, with 1577
upregulated DEGs enriched in nuclear division and chro-
mosomal region (Supplemental_Fig.2B). Further GSEA
confirmed the activation of the Cell Cycle and DNA
Replication, indicating enhanced cell cycle progression
(Supplemental_Fig.2 C-D). Moreover, we also observed
upregulation of pathways associated with ecDNA bio-
genesis in high EC_score tumors, including Homologous
Recombination, Fanconi anemia and Mismatch repair
(Supplemental_Fig.3 A) [25, 26].

Considering that ecDNA is mainly found in tumor
cells [27], we next explore the biological features related
to EC_score in cancer cell lines. All available cancer cell
lines with RNA-seq from CCLE database (n = 1114) were
stratified into high and low EC_score groups based on the
median EC_score. A total of 450 upregulated DEGs in the
high EC_score group were also primarily related to cell
cycle processes, such as nuclear division, chromosome
segregation and mitotic nuclear division (Supplemen-
tal_Fig.3B). These findings suggest that high EC_score
tumors are characterized by comprehensive activation
of cell cycle machinery, consistent with the reports of
enhanced cellular proliferation in ecDNA™" tumors [6, 24].

Given that MYC and MYCN oncogenes frequently
locate on ecDNA and contribute to gene amplification
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Fig. 1 Machine learning screening key genes for EC_score establishment. (A) Top enriched GO pathways in ecDNA* TCGA tumors by GO enrichment
analysis. (B) Venn diagram identifying 12 consensus genes from LASSO regression, RF and RFE. (C) Expression levels of signature genes (log2[TPM+ 1])
between ecDNA* and ecDNA™ TCGA tumors (Wilcoxon test, ns p>0.05, * p<0.05, ** p<0.01, *** p<0.005, **** p<0.001). (D) Unsupervised clustering
heatmap of signature gene expression (log2[TPM+ 1], Z-score normalized). (E) The prediction performance of EC_score in the training set (n=939) and
testing set (n=402) assessed using ROC curves. (F) External validation of EC_score in EGA dataset (n=61) and CCLE dataset (n=35)

[14, 28], we combined EC_score with the expression
levels of the oncogenes to infer potential ecDNA exis-
tence from CCLE database. Among all cancer cell lines,
NCI-H524 exhibited high EC_score and elevated MYC
expression (EC_score >2, log2(TPM + 1) >10), while
NCI-H69 demonstrated the highest EC_score along with
high MYCN expression (log2(TPM + 1) >9) (Fig. 2A).
FISH staining of metaphase NCI-H524 displayed wide-
spread MYC amplification with a MYC/CEP8 ratio >25.
Moreover, multiple dispersed signals were not co-local-
ized with linear chromosomes, illustrating substantial

extrachromosomal MYC amplification in NCI-H524 (Fig.
2B). Similarly, extrachromosomal MYCN amplification
was confirmed by the multiple scattered signals with a
MYCN/LAF4 ratio exceeding 45, which were not co-
localized with DAPI-stained chromosomes in metaphase
of NCI-H69 cells (Fig. 2B). These results indicated that
EC_score can effectively predict the cell cycle activation
and ecDNA presence in cancer cell lines.

To further validate the performance of EC_score in
clinical samples, we performed RNA-seq on pathological
samples from a retrospective cohort comprising patients
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The scale bar represents 10 um

diagnosed with SCLC by at least two experienced pathol-
ogists (Supplemental_table S4). Considering the most
frequently amplified genes in ecDNA reported in recent
study [5], we depicted the expression of these top onco-
genes and EC_score and subsequently found that the
patient_9 revealed both the highest EC_score and the
expression of MYCN gene (Fig. 2C). Further FISH vali-
dation of patient_9 demonstrated the scattered MYCN
signals in the pathological sample (MYCN/LAF4 ratio
>10) (Fig. 2D), which has been reported the ecDNA-like

sample [29], validating the utility of EC_score to predict
ecDNA in clinical samples.

EC_score predicted cancer immunotherapy response

Given that ecDNA is associated with tumor progno-
sis [6, 11, 30], we investigated whether higher EC_score
correlates with worse cancer survival. Analysis of TCGA
samples revealed that patients with elevated EC_score
exhibited poorer OS compared to those with lower
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EC_score (p < 0.0001) (Supplemental_Fig.3 C). A calibra-
tion curve showed strong alignment between observed
and predicted OS values, suggesting a close relationship
between EC_score and patient prognosis (Supplemen-
tal_Fig.3D). Multivariate Cox regression analysis further
validated EC_score as an independent prognostic factor
(HR = 1.46; 95% CI, 1.29-1.65). Other significant risk fac-
tors included age (HR = 1.02; 95% CI, 1.01-1.03), male
gender (HR = 1.62; 95% CI, 1.25-2.09), pathological stage
[T (HR = 1.54; 95% CI, 1.08-2.19) and IV (HR = 2.68; 95%
CI, 1.81-3.98) (Fig. 3A). In summary, our results estab-
lished EC_score as a predictor of poor clinical outcome

in tumors.

Based on established associations between ecDNA and
immune evasion in tumors [6—8], we hypothesized that
EC_score could predict cancer immunotherapy response.
Through a meta-analysis of five anti-PD-1 immunother-
apy cohorts receiving Nivolumab or Pembrolizumab (n
=333, I = 6.12%) (Supplemental_table S5) [31-34], we
observed that elevated EC_score correlated with worse
survival in glioblastoma (GBM) (PRJNA482620; HR =
12.02; 95% CI, 1.88-76.71), melanoma (GSE91061; HR
= 5.27; 95% CI, 1.29-21.58) and advanced clear cell renal
cell carcinoma (ccRCC) (Braun_2020; HR = 4.58; 95% CI,
1.83-11.46). Overall, the meta-analysis indicated that
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elevated EC_score is associated with reduced effective-
ness of immunotherapy (HR = 4.21; 95% CI, 1.54—-11.50)
(Fig. 3B). Notably, high EC_score ccRCC patients exhib-
ited reduced median OS (20.2 vs. 22.4 months, p = 0.006)
[32] (Fig. 3C), while high EC_score advanced melanoma
patients also showed decreased median OS (12.7 vs. 16.1
months, p = 0.045) [33] (Fig. 3D). Collectively, these find-
ings highlighted that EC_score serves as a valuable prog-
nostic biomarker for forecasting anti-PD-1 treatment
efficacy, potentially enabling improved patient stratifica-
tion for immunotherapy.

High EC_score samples exhibited upregulated
immunosuppressive pathways alongside decreased
immune infiltrations

Following the observed association between elevated
EC_score and poor immunotherapy response, we investi-
gated its potential mechanisms. Known immune evasion
mechanisms include the downregulation of antigen pro-
cessing and presentation (APP) [35], overexpression of
exhausted T cells molecules [36] and dysregulation of the
transforming growth factor beta (TGF-f) signaling path-
way [37]. In melanoma, EC_score inversely correlated
with MHC-I (HLA-A/B/C) and MHC-II (HLA-DQ1/
DM) expression (Fig. 4A), consistent with previous
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Fig. 3 EC_score serves as an indicator of poor prognosis in cancer immunotherapy. (A) Univariate and multivariate Cox regression analyses of EC_score in
TCGA cohort. (B) Meta-analysis of five anti-PD-1 immunotherapy cohorts. (C-D) Kaplan-Meier survival curves for ccRCC and melanoma patients stratified
by EC_score. P values were calculated using the log-rank test
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Fig. 4 Association between EC_score and tumor immunity. (A) Correlations between EC_score and immune markers in immunotherapy cohorts. P val-
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cell proportions predicted by EPIC in TCGA cohort. P values were calculated using Spearman’s test. (C) Correlations between EC_score and immune cell
signature scores predicted by MCP-counter in TCGA cohort. P values were calculated using Spearman’s test. (D) Proportions of immune cells predicted
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*** p<0.005, **** p<0.001. (E) Immune cell signature scores predicted by MCP-counter in the TCGA cohort, stratified by the median value of EC_score. P

values were calculated with the Wilcoxon test

reports linking MHC deficiency to APP and anti-PD-1
[38-40]. Moreover, prolonged antigen exposure can
lead to T cell functional exhaustion, characterized by the
expression of co-inhibitory immune checkpoint recep-
tors such as CTLA-4, TIGIT, B71 (CD80), B7H1 (CD274)
[41]. In our analysis, ccRCC samples revealed positive
associations between EC_score and exhaustion markers
(Fig. 4A), aligning with prior evidence that low T-effector
signatures predict reduced PFS in RCC patients receiving
immune therapy [42]. Additionally, we observed a posi-
tive correlation between EC_score and TGF-p signaling
in GBM patients (Fig. 4A), reinforcing the mediation role

of TGE-P signaling in GBM-associated immunosuppres-
sion [43]. Collectively, these findings suggested that EC_
score reflects diverse immunosuppressive mechanisms
in different cancer types, including downregulation of
antigen presentation, T cell exhaustion and activation of
TGE-p signaling pathways.

Given the critical role of immune infiltration in anti-
tumor immunity [41], we assessed immune cell pro-
portions using EPIC algorithm in TCGA cohorts [22].
We found that EC_score was negatively correlated with
the proportions of endothelial (R = -0.48, p < 2.2e-16),
CD8 + T cells (R = -0.40, p < 2.2e-16), CD4 + T cells (R
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= -0.25, p < 2.2e-16) and B cells (R = -0.24, p < 2.2e-16),
while positively correlated with cancer-associated fibro-
blasts (CAFs) (R = 0.35, p < 2.2e-16) (Fig. 4B). These
findings were corroborated by MCP-counter algorithm
[23], which also indicated negative associations between
EC_score and the infiltrations of immune cells such as
myeloid dendritic cells (R = -0.25, p < 2.2e-16), B lineage
(R=-0.21, p = 1.5e-14) and T cells (R = -0.20, p = 1.4e-13)
(Fig. 4C). Besides, high EC_score tumors further dem-
onstrated depleted B and T cell populations (Fig. 4D-E).
Collectively, these findings underscore the association
between high EC_score and immune infiltrations, par-
ticularly the deficiency of lymphocytes in tumors, poten-
tially contributing to immunotherapy resistance.

Discussion

Extrachromosomal circular DNA has emerged as a
crucial determinant in tumor evolution and therapy
resistance [7, 11, 12]. However, the transcriptomic rela-
tionship between ecDNA and immunotherapy outcomes
remains poorly elucidated. To address this gap, our study
developed EC_score, a transcriptome-based 12-gene
signature that reliably predicts ecDNA presence across
diverse datasets, cell lines and clinical samples. Impor-
tantly, EC_score effectively demonstrated clinical util-
ity in stratifying immunotherapy response and survival
outcomes, while revealing tumor-specific immunosup-
pressive mechanisms associated with ecDNA-related
immune evasion. This study advances our understanding
of the relationship between ecDNA and cancer immuno-
therapy, offering novel perspectives for predicting cancer
immunotherapy response.

Current ecDNA detection methodologies face substan-
tial limitations [11]. While FISH provides high specific-
ity [3, 6, 12], its low throughput and probe dependency
restrict clinical scalability [12, 44]. Circle-seq enables
genome-wide ecDNA screening but requires com-
plex experimental workflows [45]. CRISPR/Cas9-based
approaches like CRISPR-CATCH [46] and CRISPR-C
[47] offer high-resolution analysis for targeting ecDNA
[48], but remain high costs and technical complexity for
large cohorts [7]. In terms of bioinformatic analysis, AA
is currently the most recognized tool through WGS junc-
tion analysis [12]. This approach reconstructs large-scale
ecDNA structures from the extending WGS-derived
breakpoint data. GCAP, a machine learning tool, ana-
lyzes genomic characteristics in WES data [7]. ATAC-seq
based tools like Circle-finder [49] and ATACAmp [15]
exploit the enhanced chromatin accessibility that distin-
guishes ecDNA from linear DNA duplications [12]. At
the single-cell level, scATAC-seq enables high-resolution
identification of ecDNA amplification [50]. scEC&T-seq
allows sequencing through Smart-seq2, but complex
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ecDNA enrichment procedures result in low throughput
and high costs [16].

Among multi-omics data, RNA-seq has emerged as
the most accessible and cost-effective resource, mak-
ing it the predominant choice for biomarker discovery
and tumor transcriptome characterization [51]. A recent
study has introduced a “CorEx” gene set which con-
sisted of more than 600 genes to predict ecDNA pres-
ence (AUC = 0.636) [24]. In our study, we developed
EC_score for ecDNA prediction to achieve comparable
predictive accuracy (AUC >0.70) with a 12-gene panel
(DSCC1, MTBP, HOXC13, POU6F2, FAM72B, FAM?72D,
MAGED4B, NKX2-5, PLACI, FOXI3, KRTAP4-1, OTX2).
The association between EC_score and cell cycle activa-
tion aligns with established ecDNA biology [6], further
validating the predictive ability of EC_score. Notably,
although EC_score effectively predicts ecDNA, it does
not incorporate canonical ecDNA-amplified oncogenes
(e.g, MYC, MYCN, ERBB2). Instead, EC_score cap-
tures shared transcriptomic features of ecDNA-positive
tumors, such as cell cycle activation, as established in
prior studies [10, 24]. Despite its predictive power across
cohorts, the EC_score is biologically uninterpretable for
individual samples via ssGSEA. We therefore recommend
embedding samples into a same-tumor-type or pan-can-
cer reference cohort, then estimating ecDNA likelihood
using published type-specific frequencies [5]. Additionlly,
due to the scarcity of samples simultaneously possessing
RNAseq data and WGS data for ecDNA prediction, our
external validation cohorts with small sample size may
introduce potential bias when estimating the predictive
AUC value [52]. To address this, we validated the perfor-
mance of the EC_score across multiple datasets, aiming
to mitigate the impact of small sample sizes on the ROC
curve. In summary, the EC_score still requires valida-
tion in cohorts with a larger sample size, awaiting further
investigation in future study.

To develop the EC_score signature, we employed a
combination of LASSO, RF and RFE for feature selec-
tion. This multi-method approach was chosen to leverage
their complementary strengths in handling high-dimen-
sional transcriptomic data. LASSO provides effective
regularization and variable shrinkage, which is critical
for reducing redundancy in gene expression features
[53]. RF contributes robustness to non-linear relation-
ships and multicollinearity while offering intrinsic feature
importance evaluation [54]. RFE further refines the fea-
ture set through iterative elimination, enhancing stability
and generalizability [55]. While other algorithms, such as
SVM and XGBoost are valuable for prediction tasks, they
are less directly suited for interpretable feature selection
in high-dimensional settings due to limitations in inher-
ent feature ranking or increased overfitting risk [56, 57].
Future studies may benefit from other modeling methods
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like nested cross-validation and advanced machine learn-
ing techniques to further optimize gene selection.

To validate the EC_score, we performed FISH focusing
on MYC and MYCN [28, 58] —frequent ecDNA-associ-
ated oncogenes in SCLC—using selected cell lines and a
clinical sample showing high expression of these genes.
Although results supported EC_score prediction, limita-
tions include small sample size and restricted gene cover-
age, underscoring the need for broader validation across
more genes and larger cohorts.

Besides, another study has predicted the association
between ecDNA presence and poor immunotherapy
outcomes in gastric and nasopharyngeal carcinomas
using WES data [7]. However, due to the limited iden-
tification of ecDNA in immunotherapy datasets, more
evidence is needed to confirm the relationship between
ecDNA and cancer immunotherapy outcomes. In this
study, we applied EC_score through public immuno-
therapy cohorts to evaluate its potential as a biomarker
for immunotherapy efficacy. Multivariate Cox regres-
sion analysis and meta-analysis identified EC_score as
an independent risk factor for poor anti-PD-1 immuno-
therapy response, with high EC_score patients showing
shorter OS in ccRCC and melanoma cohorts. In addi-
tion, to reduce potential bias from the limited sample
sizes, we integrated multiple immunotherapy cohorts for
validation (Supplemental_table S5). The low heterogene-
ity (I* = 6.12%) of this integration not only strengthened
the validation of the EC_score’s predictive performance
and reduced the impact of outliers, but also yielded a
significant result (HR = 4.21; 95% CI, 1.54—11.50), which
has partially mitigated the bias caused by small sample
sizes. However, the low heterogeneity of these integrated
cohorts has also restricted the generalizability of the EC_
score, necessitating further research to expand the sam-
ple size for enhanced validation.

Although the association between ecDNA and poor
cancer immunotherapy responses has been observed, the
underlying mechanisms remain to be explored [6]. Prior
study proposed that ecDNA may contribute to immune
evasion by downregulation of antigen presentation [8].
A recent study revealed that ecDNA harboring immuno-
modulatory genes is associated with depletion of T cell
[5]. In addition to pan-cancer analysis, ecDNA identified
in oesophageal adenocarcinoma or Barrett’s oesopha-
gus carries immunosuppressive genes such as SOCS1
and CIITA, which were closely associated with pathways
such as cytotoxic T-cell immune evasion [59]. In urothe-
lial carcinoma, ecDNA has been found to correlate with
reduced or absent levels of HLA-I molecules [10], indi-
cating downregulation of the antigen presentation path-
way. In an analysis of the tumor microenvironment in
pancreatic ductal adenocarcinoma, it was also found that
the proportion of fibroblasts was significantly increased
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in tumors harboring ecDNA, suggesting a potential
mechanism that promotes tumor immune evasion [60].
Here, our findings revealed tumor-specific mechanisms
linking ecDNA to immune evasion. Specifically, high
EC_score melanomas exhibited downregulation of APP,
while ¢ccRCC patients expressed co-inhibited immune
checkpoint receptors and GBM demonstrated activation
of TGF-p signaling pathways. These distinct molecular
signatures suggest that ecDNA-mediated mechanisms
of immunotherapy resistance vary across tumor types.
Interestingly, neither previous literature reports nor
the findings of this study have identified an association
between ecDNA-mediated tumor immune evasion and
specific genes carried by ecDNA. Instead, it has been
observed that ecDNA-driven tumor immune evasion
exhibits tumor heterogeneity, which may be related to
the unique biological characteristics of different tumor
types. For instance, previous studies have reported can-
cer-type-specific immune evasion mechanisms: ccRCC
patients who had low scores of effector T-cell exhibited
poor prognosis following immunotherapy [42]; down-
regulation of MHC 1II induced resistance to anti-PD-1
therapy in melanoma [39]; and the TGF-B signaling
pathway mediates immunosuppression in glioblastoma
[43]. All these findings correspond to the associations we
observed between the EC_score and tumor-type-specific
immune evasion pathways in these malignancies. How-
ever, additional experimental evidence and expanded
cohort investigations are still required to validate these
relationships.

Overall, our findings provide novel insights into the
relationship between ecDNA and tumor immune eva-
sion. We demonstrated that high EC_score correlates
with multiple immunosuppressive mechanisms con-
tributing to poor immunotherapy responses, including
impaired antigen presentation, T cell exhaustion, and
enhanced TGEF-p signaling. Furthermore, we validated
the immunosuppressive status in high EC_score tumors
through immune deconvolution analyses EPIC and
MCP-counter algorithms. These findings offer new direc-
tions for further research in ecDNA-mediated immune
evasion and developing novel therapeutic strategies for
cancer treatment.

However, several limitations of this study should be
noted. First, while EC_score has demonstrated efficacy
in predicting ecDNA across several cancers, its gener-
alizability needs to be evaluated beyond the 22 tumor
types currently represented in TCGA datasets. Second,
although the efficacy of EC_score in ecDNA prediction
was verified by FISH in cancer cell lines and pathologi-
cal samples, more experimental evidence would further
confirm its predictive ability. Third, while the biological
functions of OTX2 and MAGED4B are consistent with
the EC_score, their expression levels in the TCGA cohort
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are relatively low. These low expressions may potentially
compromise the accuracy of detection, highlighting the
need for further investigation into the average expression
levels in larger cohorts. Fourth, while we tried to reduce
the risk of overfitting, the potential limitation of overfit-
ting in machine learning are still unavoidable, requiring
further technological innovations to address this issue.
Furthermore, the association between EC_score, prolif-
erative index and CAFs suggested a potential confound-
ing factor for immunotherapy response, warranting
further investigation at the single-cell level. Finally, while
our study demonstrates correlations among EC_score,
ecDNA existence and poor immunotherapy responses,
the causal relationship between ecDNA and immuno-
therapy requires further investigation in clinical cohorts.
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