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Abstract 

Circular RNAs (circRNAs), an emerging subclass of noncoding RNAs, ha v e been increasingly recognized as critical regulators in diverse biological 
functions and cellular processes. Despite their functional significance, the epigenetic mechanisms go v erning circRNA biogenesis remain poorly 
understood. Our study re v eals that H3K27ac-mark ed super-enhancers (SEs) significantly enhance both circRNA splicing circularization div ersity 
and transcriptional activation of their host genes. Intriguingly, other histone modifications—including H3K4me3, H3K36me3, H3K27me3, and 
H3K9me3—exhibit distinct regulatory effects on circRNA transcriptional activity. Through comprehensive analysis of 195 transcriptomic profiles, 
we identified a pan-cancer epigenomic tumor-suppressor signature termed CircRNA Isoform Reduction for Shortened Enhancers in cancer 
(CIR SE). Notably, CIR SE demonstrates strong prognostic potential in lung adenocarcinoma, as v alidated b y comprehensiv e surviv al analy ses. 
Combining Nanopore sequencing with CLIP-Seq approaches, we further elucidated the dual regulatory mechanism in v olving circRNA st abilit y 
maintenance and back-splicing junction selection mediated by specific RNA-binding proteins. Functional validation confirmed that CIRSE-defined 
tumor-suppressive circRNAs are essential for maintaining malignant phenotypes in cancer models. Our findings not only provide mechanistic 
insights into the epigenetic regulation of circRNAs, but also pa v e the w a y f or mutation-agnostic disco v ery of tumor-suppressiv e circRNAs in 
precision oncology applications. 
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Introduction 

Circular RNAs (circRNAs) have attracted increasing atten-
tion as a class of single-stranded, covalently closed, noncod-
ing RNA molecules [ 1 , 2 ]. CircRNAs are derived from pre-
mRNAs through a noncanonical splicing event called back-
splicing, in which a downstream 5 

′ splice donor is joined with
an upstream 3 

′ splice acceptor [ 3–6 ]. Increasing evidences has
shown that circRNAs play diverse biological roles [ 7–9 ], in-
cluding acting as circRNA sponges [ 10–12 ], interacting with
proteins [ 13 ], translating protein [ 14 ], and suppressing host
gene (genes expressing circRNAs) expression by competing
with canonical splicing [ 15 , 16 ]. Numerous cancer driver cir-
cRNAs have been identified, such as circ0001946 (CDR1as),
whose loss promotes melanoma invasion and metastasis [ 17 ],
and circ0001445 (circSMARCA5), which enhances drug sen-
sitivity in breast cancer cells [ 16 ]. These findings support the
potential of circRNAs as promising therapeutic targets and
clinical biomarkers [ 18 , 19 ]. However, most studies still fo-
cus on individual circRNAs, a systematic approach to screen
cancer driver circRNAs remains limited. 

An additional layer of complexity lies in the remarkable iso-
form diversity of circRNAs, mainly driven by alternative splic-
ing and circularization, enabling a host gene to express mul-
tiple circRNA isoforms [ 20–23 ]. While emerging studies have
documented specific instances of circRNA isoform variation
through advanced sequencing approaches, the regulatory cir-
cuitry governing their biogenesis and the functional implica-
tions of this isoform diversification remain poorly understood
[ 21 ]. 

As cancer is increasingly recognized as a highly epigenetics-
related process, considerable attention has been paid to epige-
netic alteration during the tumorigenesis [ 24 ]. As a type of ge-
nomic cis- regulatory element [ 25 , 26 ], enhancers dynamically
facilitate gene expression in different tissues and can be iden-
tified in many ways, including H3K27ac and H3K4me1 ChIP-
Seq [ 27–29 ]. Among them, H3K27ac is widely used in the
identification of active enhancers [ 30 ]. A subset of enhancers,
termed super-enhancers (SEs), are characterized by dense oc-
cupancy of master transcription factors and broad H3K27ac
enrichment, often spanning several kilobases. SEs are known
to control genes that define cell identity and are frequently in-
volved in disease or cancer development [ 31–36 ]. However,
although SEs have been widely studied in the context of cod-
ing gene regulation and disease pathogenesis [ 29 , 32 , 34 , 37 ],
their functional impact on noncoding RNA biogenesis, partic-
ularly circRNAs, remains unclear [ 37 ]. 

In light of the limited understanding of this area, we pro-
filed a landscape of circRNAs and enhancers across multiple
cell types. Moreover, the concept of splicing circularization di-
versity was introduced, which referred to the circRNA diver-
sity of genes. It was measured by the circRNA isoform count
(the number of distinct circRNA isoforms derived from a sin-
gle gene). By integrating epigenomic and transcriptomic data,
we revealed the relationship between circRNA splicing circu-
larization diversity and SEs, and investigated the functions of
host genes targeted by different enhancers. We further ana-
lyzed the alterations in enhancer and circRNA profiles be-
tween cancer and normal cells. Through this analysis, we iden-
tified a tumor-suppressive signature termed CircRNA Isoform
Reduction for Shortened Enhancers in cancer (CIRSE), char-
acterized by a reduction in circRNA isoform diversity linked
to enhancer shortening in cancer. Host genes showing this sig-
nature were defined as CIRSE genes, and circRNAs derived 

from these genes, whose expression was downregulated in 

cancer, were defined as CIRSE circRNAs. Finally, based on 

the CIRSE signature, we developed a novel screening pipeline 
to identify potential tumor-suppressive circRNAs, offering a 
more systematic and efficient approach than conventional ex- 
perimental methods such as cell viability, wound healing, and 

transwell assays. 

Materials and methods 

Cell culture 

The human NSCLC cell line H1975 (ATCC, Manassas, VA,
USA) was cultured in RPMI-1640 medium (Gibco, Gaithers- 
burg, MD, USA), fortified with 10% fetal bovine serum (FBS) 
at 37 

◦C with 5% CO 2 . The cells reached the exponential stage 
and then underwent 0.25% trypsin digestion (Thermo Fisher,
China) and routine passaging every 2–3 days. After three pas- 
sages, proliferating H1975 cells were harvested for subsequent 
research. 

Cytoplasmic and nuclear separation 

Cytoplasmic and nuclear fractions were separated. A Cyto- 
plasmic and Nuclear RNA Purification Kit (AmyJet Scien- 
tific Incorporation) was used to detect circRNA expression in 

vitro . H1975 cells were collected for RNA extraction. Real- 
time quantitative polymerase chain reaction (RT-qPCR) was 
subsequently used to verify circRNA expression across vary- 
ing localities. 

RT-qPCR analysis and semi-quantitative analysis 

Total RNA was isolated using TRIzol reagent (Invitrogen) ac- 
cording to the manufacturer’s instructions. Total RNA was 
digested using RNase R to enrich the circRNAs, and the 
RNase R-treated RNA was reverse-transcribed using ran- 
dom primers. GoScript Reverse Transcriptase (Promega) was 
used to synthesize the first-strand complementary DNA. RT- 
qPCR was performed using the gene-specific primers listed in 

Supplementary Table S1 . The polymerase chain reaction prod- 
ucts were tested using 2% agarose gel electrophoresis. Sep- 
aration was performed at 120 V for 30 min, and the prod- 
ucts were visualized under ultraviolet light. A DNA Marker 
2000 (TSINGKE, China) was used as the size reference. Semi- 
quantitative analysis was conducted using ImageJ software. 

Cell proliferation assay 

Cell viability was assessed using CCK-8 kits (Dojindo, Japan).
The H1975 cells were plated into 96-well plates (2000 

cells / well) for varying treatments. Posttreatment (12, 24, 36,
48, and 72 h) wells were supplemented with CCK-8 and in- 
cubated for an additional 2 h prior to measuring 450 nm 

absorbance using an automated microplate reader (Bio-Rad,
USA). 

Scratch test assay 

H1975 cellular migration was assessed using cell scratch as- 
says. Trypsin-detached cells were seeded at 1 × 10 

5 cells per 
well of a six-well plate and transfected with circRNA small 
interfering RNA (siRNA) or negative control siRNA. Upon 

attaining 90% confluence, a sterile pipette tip was used to uni- 
formly etch a transverse plate lesion, after which incubation 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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ook place for 24 and 48 h in separate groups. Subsequently,
ound healing was examined microscopically (Olympus) at
, 24, and 48 h, and the images were captured. 

ranswell assays 

1975 cell invasion was assessed using transwell assays. Tran-
well chambers of an 8- μm pore size (Corning, Corning, NY,
SA) were placed in 24-well plates, and the apical chamber
as covered (to detect invasion) with 80 μl of Matrigel (Bec-

on Dickinson). Approximately 1 × 10 

4 H1975 cells were sus-
ended in the apical compartment after transfection with cir-
RNA siRNA or negative control siRNA. The basal compart-
ent received 600 μl of complete medium supplemented with
0% FBS. After incubation at room temperature for 24 h,
he chambers were removed, and the noninvading cells in the
pical chamber were wiped off with cotton swabs. The in-
ading cells in the basal chamber were fixed for 30 min in
% paraformaldehyde (PFA). The cells were stained for 30
in with 0.1% crystal violet and observed under a micro-

cope (Olympus). The number of invaded H1975 cells was
uantified. 

ctinomycin D assays 

eeded IMR90 or A549 cells in 12-well plates were treated
ith 2.5 μg / ml actinomycin D. All samples were then col-

ected at designated intervals and subjected to RT-qPCR anal-
sis to determine the stability of circRNA. 

eneral bioinformatics analysis 

e used a one-tailed Wilcoxon test to determine the signifi-
ance of the difference in the boxplot and to obtain the dif-
erential circRNAs and enhancers in the pan-cancer analysis
ecause of the many samples [ 38 ]. We used edgeR in lung can-
er and B-cell lymphoma [ 39 ]. Fisher’s exact test and quan-
ile normalization were performed using Python script. To en-
ure comparable distributions, we performed stratified sam-
ling based on gene (or circRNA) length or expression lev-
ls. Specifically, genes from the SE, typical enhancers (TE),
nd non-enhancer (NE) groups were ranked and partitioned
nto bins according to either length or expression [e.g. us-
ng a bin size of 100 TPM (transcripts per kilobase per mil-
ion mapped reads) for expression]. Within each bin, we ran-
omly selected an equal number of genes from each group,
atched to the smallest group size, to construct the final

ubsets. 

ack-splicing junction site sequence detection 

or circRNAs annotated in CircBase [ 40 ], back-splicing junc-
ion (BSJ) sequences were directly retrieved from the database.
or the circRNAs de novo identified by CIRIquant [ 41 ], BSJ
equences were extracted from the pseudo-circular reference
enerated by concatenating two full-length sequences of the
SJ region. The pseudo-circular reference was generated us-

ng CIRIquant [ 41 ]. 

ircRNA and mRNA identification and 

uantification 

NA-Seq reads were mapped to the human genome (hg19)
sing BWA (v0.7.17-r1188) and Hisat2 (v2.2.1) [ 42 , 43 ]. Ex-
ression levels of circRNAs and messenger RNAs (mRNAs)
ere quantified by CIRIquant and CIRCexplorer3 algorithm
with default parameters [ 41 , 44 ]. Ensembl (release 87) GTF
was used to annotate the genes and circRNAs [ 45 ]. BSJ read
count per million mapped reads (CPM) and the circRNA junc-
tion ratio were used for quantification of circRNA expression.
The gene expression level was measured in TPM. 

ChIP-Seq data analysis 

ChIP-Seq reads were mapped to the human genome version
hg19 using the bowtie version 1.2 [ 46 ]. We then submitted
the mapped reads to the Dregion function in DANPOS ver-
sion 2.2.2 ( https:// sites.google.com/ site/ danposdoc/ ) to calcu-
late the ChIP-Seq signal (read density) at each base pair of
the genome, subtract the background input signal, normalize
the read number, and define the individual enrichment peaks
[ 47 ]. The Dregion function stored the signal values at each
base pair in a Wiggle format file. The files were converted into
BigWig using WigToBigWig ( https://www.encodeproject.org/
software/ wigtobigwig/ ). The BigWig files were submitted to
integrative genomics viewer (IGV) to visualize the ChIP-Seq
signal at each base pair [ 48–50 ]. 

Identification of SEs 

SEs were identified using Rank Ordering of Super-Enhancers
(ROSE) algorithm, with H3K27ac peaks and corresponding
BAM files as input [ 29 , 51 ]. The stitching size was 12.5 kb.
The transcription start site (TSS) exclusion zone size was 2
kb. The identified enhancers were annotated using the GREAT
algorithm with default parameters. The used annotation gene
set was GREAT gene, which includes protein-coding genes lo-
cated on assembled chromosomes and associated with at least
one meaningful annotation [ 52 ]. For genes linked to multiple
enhancers, SEs were considered to exert dominant regulatory
influence. In such cases, the widest enhancer was assigned as
the primary regulatory element. 

CircRNA expression imputation 

The expression levels of circRNAs and mRNAs in each sam-
ple were calculated to fill the technical zero value. Then we ag-
gregated them together and generated an expression matrix.
K -nearest neighbor smoothing (KNN-smoothing) algorithm
was performed to fill the zero value by aggregating informa-
tion from similar neighbors in the expression matrix [ 53 ]. The
number of neighbors used for smoothing was 10 (parameter
-k 10). The number of principal components used to identify
neighbors was 10 (parameter -d 10). The seed for pseudo-
random number generator was set as 0 (parameter -s 0). The
expression matrix after imputation across various cell lines
was used to calculate the circRNA isoforms of each gene and
perform subsequent analysis. 

Analysis of CRISPRi-Screen 

Data from the CRISPRi-Screen data of OVCAR-3 were col-
lected from public data [ 54 ] ( Supplementary Table S2 ). As the
data were single-end RNA-Seq, we performed CIRCexplorer3
to detect and quantify circRNAs with default parameters [ 44 ].
We gathered and compared the relative expression (quantified
by CIRCscore) and circRNA isoform counts of the circRNAs
derived from the gene loci targeted by SEs in the SE-silence
group with those in the control group. 

https://sites.google.com/site/danposdoc/
https://www.encodeproject.org/software/wigtobigwig/
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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Analysis of BSJ-related RBP 

CLIP-Seq data of various RNA-binding proteins (RBPs) were
downloaded from CLIPdb [ 55 ]. We compared the proportion
of BSJ bound by RBPs to forward-splicing junction (FSJ). P -
values were determined by proportion Z -test. The absolute
value of significance score was −log 10 P . If the RBP binding
proportion of BSJ is higher than that of FSJ, the significance
score is positive. Otherwise, it was negative. The final sig-
nificance scores for each RBPs were calculated as the aver-
age of their scores across different cell lines ( Supplementary 
Table S3 ). To avoid potential impacts of transcriptional activ-
ity differences, the CLIP-Seq signal density curves for RBPs
were derived from the genomic loci of BSJ sites in SE,
TE, and NE circRNAs with similar host gene expression
levels. 

CircRNA identification and quantification in 

Nanopore RNA-Seq data 

The Nanopore RNA-Seq data in the IMR-90 and A549 cell
lines, with two replication samples in each cell line, were inte-
grally processed using the CIRI-long tool ( https://github.com/
bioinfo- biols/CIRI- long ) [ 56 ]. We successfully performed cir-
cRNA identification and the isoform collapse steps, which re-
turned the candidate circRNA FASTA files and multiple matri-
ces about the circRNA information. Finally, we obtained the
circRNA expression level and isoform count in each cell line
based on Nanopore full-length sequencing. 

CircRNA secondary structure prediction and 

minimal free energy calculation 

The full-length circRNA FASTA file from CIRI-long was pro-
cessed using the RNAfold function from the ViennaRNA
package ( https:// www.tbi.univie.ac.at/ RNA/ ). It predicted the
minimal free energy structure and the corresponding mini-
mal free energy with default parameters [ 57 ]. The circRNAs
for comparison had a length and sequence similarity index
> 0.7. Length similarity index was the ratio of shorter cir-
cRNA length to the longer circRNA length. Sequence simi-
larity index was scaled alignment score that was quantified
through global sequence alignment with Biopython pairwise2
module [ 58 ]. 

Analysis of DRB / TT chem 

-seq 

The raw reads were mapped to the target ( Homo sapi-
ens hg19) and spike-in ( Saccharomyces cerevisiae sacCer3)
genomes with the -quantMode GeneCounts option [ 59 ]. The
scale factors were calculated using the read count from the
yeast spike-in. We created scaled, strand-specific BigWig files
by first using SAMtools to split the BAM file into forward
strand and reverse strand [ 60 ], and then applying deep bam-
Coverage function with the -scaleFactor to convert BAM file
to scaled BigWig files [ 61 ]. The pol II speed was calculated by
R script ( https:// github.com/ crickbabs/ DRB _ TT-seq/ releases/
tag/v1.2 ) [ 62 ]. 

Identification of reverse complementary matches in
flanking introns 

Exons were initially excluded from the hg19 GTF file to gen-
erate a comprehensive intronic BED file. For each circRNA,
the closet upstream and downstream introns were identified
as flanking introns by closest function in BEDTools [ 63 ]. The
regions were used for reverse complementary match (RCM) 
identification. We used MMseqs2 to perform sequence align- 
ment between upstream introns and downstream introns [ 64 ].
Intron pairs with E -value < 0.01 and exhibited reverse com- 
plementary pairing were considered as RCMs. 

Statistical analysis 

All experiments were performed at least twice. Tukey’s mul- 
tiple comparison test and one-way analysis of variance were 
used for statistical analyses. Unless otherwise specified, Stu- 
dent’s t -test was used to compare data conforming to a nor- 
mal distribution between the two groups. In cases in which 

data from the two groups exhibited a non-normal distribution 

or heterogeneity of variance, the Mann–Whitney U test was 
applied. For pairwise comparisons between groups, Tukey’s 
multiple comparison test was deemed appropriate. Data con- 
forming to a normal distribution and exhibiting homogeneity 
of variance from multiple groups were analyzed using Dun- 
nett’s t -test, unless otherwise stated. If the data from multiple 
groups had a non-normal distribution or showed heterogene- 
ity of variance, the Kruskal–Wallis H test was used instead.
The mean value ± SD is presented in all graphs. 

Results 

SE-regulated genes tend to express di ver se 

circRNA isoforms 

To establish a comprehensive circRNA landscape, we ana- 
lyzed 195 rRNA-depleted RNA-Seq datasets spanning 61 dis- 
tinct cell lines and tissue types from ENCODE and GEO 

databases. This collection comprised 36 normal cell types 
(100 samples) and 25 cancer cell types (95 samples), repre- 
senting diverse biological contexts. Through rigorous com- 
putational analysis using CIRIquant [ 41 ], we systematically 
identified 435 946 circRNAs ( Supplementary Fig. S1 A). The 
detected circRNAs quantified as BSJ read CPM exhibited 

a broad dynamic range of expression levels (0.0052–37.7 

CPM). The vast majority of circRNAs exhibited low abun- 
dance, with over 99.3% showing expression levels below 1 

CPM ( Supplementary Fig. S1 B). We also classified circRNAs 
by their genomic loci of BSJ [ 41 ]. Regional distribution analy- 
sis revealed distinct compartmentalization: exonic-derived cir- 
cRNAs constituted the predominant subgroup (58.1%), fol- 
lowed by intronic-derived subgroup (26.2%). The remaining 
populations consisted of antisense circRNAs (12.8%) and in- 
tergenic circRNAs, which represented the smallest propor- 
tion at merely 2.9% ( Supplementary Fig. S1 C), consistent 
with previous studies [ 65 , 66 ]. Consequently, our investi- 
gation specifically targeted circRNAs originating exclusively 
from genes. Through alternative splicing and circularization 

mechanisms, individual gene loci were shown to be capa- 
ble of generating multiple distinct circRNA isoforms [ 67 ].
Our analysis revealed that 78.9% of host genes produced 

at least two circRNA isoforms, with a notable 40.2% gen- 
erating ≥10 isoforms ( Supplementary Fig. S1 D). To ensure 
analytical rigor, we cross-validated our findings using an in- 
dependent computational approach (CIRCexplorer3), which 

demonstrated strong concordance with our primary results 
[ 44 ] ( Supplementary Fig. S1 E). 

Intriguingly, we initially observed that genes modified 

by broad H3K27ac peaks in IMR-90 cells commonly ex- 
pressed abundant circRNAs with multiple isoforms, such as 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://github.com/bioinfo-biols/CIRI-long
https://www.tbi.univie.ac.at/RNA/
https://github.com/crickbabs/DRB_TT-seq/releases/tag/v1.2
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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YH9 , CHD2 , and YWHAE (Fig. 1 A and Supplementary 
 able S4 ). V alidation via RT-qPCR confirmed the expres-
ion of most of identified circRNAs ( Supplementary Fig. 
2 and Supplementary Table S4 ). Conversely, genes exhibit-
ng diminished or absent H3K27ac signals demonstrated sig-
ificantly reduced circRNA expression. Notably, loci such as
BXO8 , PPIE , and TTC12 produced only sparse circRNA
ranscripts, accompanied by a marked restriction in isoform
iversity (Fig. 1 B, Supplementary Fig. S2 , and Supplementary 
able S4 ). SEs, which are essentially clusters of enhancers, are
sually characterized by wide H3K27ac peaks [ 29 , 30 ]. This
otivated us to specifically investigate the regulatory mech-

nism between SEs and circRNAs biogenesis. We first per-
ormed SE identification in IMR-90 cells using the ROSE al-
orithm [ 29 , 51 ]. This analysis revealed 1423 SEs and 25 747
Es (Fig. 1 C), consistent with established genomic enhancer
rofiling methodologies. Through comprehensive enhancer
nnotation, we stratified genes into three distinct regulatory
ategories: (i) SE genes (associated with SEs), (ii) TE genes
linked to TEs), and (iii) NE-regulated genes. Subsequent
nalysis demonstrated significant differences in circRNA pro-
uction across these groups. SE genes exhibited the high-
st splicing circularization diversity, followed by TE genes,
hereas NE genes showed minimal circRNA isoform count.
his enhancer-dependent stratification revealed a strong pos-

tive correlation between enhancer strength and circRNA iso-
orm complexity. This phenomenon was reproducibly ob-
erved across both Illumina and Nanopore sequencing (Fig.
 D and Supplementary Fig. S3 A). Notably, cumulative abun-
ance of circRNAs derived from SE host genes significantly
xceeded that of circRNAs originating from TE and NE host
enes (Fig. 1 E and Supplementary Fig. S3 B). Furthermore,
E genes demonstrated significant enrichment for genes gen-
rating multiple circRNA isoforms compared to other gene
ategories (Fig. 1 F). To further explore this trend, we quan-
ified the proportion of genes exhibiting high circRNA iso-
orm diversity among SE, TE, and NE genes, calculating re-
pective ratios relative to NE host genes. Strikingly, SE host
enes showed a markedly higher ratio than TE host genes,
ith this disparity becoming more pronounced under increas-

ngly stringent cutoff thresholds (Fig. 1 G). Moreover, KEGG
athway analysis showed that SE host genes were significantly
nriched in cancer-related pathways, including pathways in
ancer, microRNAs in cancer, and non-small cell lung can-
er pathways ( Supplementary Fig. S3 C). Gene set enrichment
nalysis (GSEA) also revealed that host genes regulated by
ide enhancers were enriched in cancer-associated pathways

 Supplementary Fig. S3 D–G). 

igh splicing circularization di ver sity in SE host 
enes is independent of gene length and 

xpression levels 

urther analysis revealed that SE genes exhibited significantly
reater gene length or higher expression level compared to
E and NE genes (Fig. 2 A and B). These findings prompted
s to investigate whether the enhanced splicing circulariza-
ion diversity observed in SE genes could be principally at-
ributed to their gene length or expression level [ 23 , 29 ,
8 , 69 ]. Therefore, we strategically regrouped SE, TE, and
E genes into subsets with similar gene lengths or expres-

ion levels (Fig. 2 C and D). Although the three gene sets
SE, TE, and NE) were carefully balanced for gene length
and expression levels, SE genes consistently demonstrated en-
hanced circRNA isoform production compared to TE and NE
genes (Fig. 2 E and F). This phenomenon was exemplified by
broad H3K27ac-modified genes such as G3BP1 , DOCK10 ,
and HSPA8 , which generated diverse circRNA isoforms. In
contrast, genes with comparable gene lengths but regulated
by narrow H3K27ac peaks, including DNAJC12 , CCDC148 ,
and CORO1B , exhibited markedly fewer circRNA isoforms
(Fig. 2 G). Consistently, genes such as MEIS1 , MICAL2 , and
EXT1 produced a higher number of circRNA isoforms com-
pared to NQO1 , RPS27A , and TSPO , although exhibiting
comparable mRNA expression levels (Fig. 2 H). Furthermore,
to establish causal evidence for SE-mediated regulation of cir-
cularization events, we performed functional validation using
CRISPR interference (CRISPRi)-mediated SE perturbation in
OVCAR-3 cellular models [ 54 ]. Following systematic SE per-
turbation, we observed marked downregulation of circRNA
expression levels ( Supplementary Fig. S4 A). The count of cir-
cRNAs detected around the SEs also exhibited a substantial
reduction ( Supplementary Fig. S4 B). The results indicated that
SEs play a key role in the regulation of splicing circularization
diversity, independent of gene length and expression level. 

SEs enhance circRNA di ver sity cross cell types 

Given that SE genes exhibited a higher propensity to ex-
press circRNAs in IMR-90, we sought to determine whether
this association existed robustly across diverse cell lines. En-
hancer annotations across 32 cell lines, including 17 cancer
and 15 normal cell types, were collected from GEO, EN-
CODE, and SEdb 2.0 [ 70 ]. We observed the proportion of
host genes to access their trends to express circRNAs. SE genes
exhibited the strongest tendency to express circRNA and this
phenomenon was highly consistent across multiple cell types
(Fig. 3 A and Supplementary Fig. S5 A). A similar pattern was
also observed in splicing circularization diversity, where the
SE host genes produced significantly more circRNA isoform
than TE and NE host genes in almost each cell type (Fig. 3B
and Supplementary Table S5 ). However, although the regula-
tion relationship between SEs and splicing circularization di-
versity exhibited broad conservation, the identity of SE host
genes was cell-type specific. Counting the frequency of genes
identified as SE, TE, or NE host genes across 32 cell lines, we
observed that, in most cases, genes were simultaneously iden-
tified as the SE host genes in only a few cell lines, but as TE or
NE host genes in more cell types. Intriguingly, TE host genes
were more conserved than NE host genes. We speculated that
TE host genes and their circRNAs may function like house-
keeping genes (Fig. 3 C). 

Building upon our findings of distinct enhancer regulatory
patterns, we conducted a study of other histone modifica-
tions. Similarly, genes were categorized by the width of hi-
stone modification coverage in the genomic regions. Genes
with broad H3K4me3 and broad H3K36me3 exhibited a
high likelihood of expressing circRNAs, while genes with nar-
row peaks or absent histone modification showed a low ten-
dency to express circRNAs (Fig. 3 D and E). In contrast, broad
H3K27me3 and broad H3K9me3 tended to inhibit circRNA
expression (Fig. 3 F and G). In addition to these four common
histone modifications, other histone modifications or vari-
ants, including H3K79me2, H3K9ac, H3K4me2, H4K20me1,
H3K4me1, and H2AFZ, also revealed a potential relation-
ship with circRNA expression ( Supplementary Fig. S5 B).

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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A B

C D E

G

F

Figure 1. Genes regulated by SEs express multiple circRNA isoforms. ( A , B ) H3K27ac ChIP-Seq signal of the gene. The line above the ChIP-Seq signal 
denotes a circRNA isoform. The relative positions to the genes show the genomic loci of the BSJ reads (left). The number on the top left corner 
represents the number of circRNA isoforms detected. Expression of the top 5 abundant circRNA isoforms derived from the same host genes (right). 
CPM, back-spliced junction read CPM. CircRNA ID, genomic loci for BSJ of circRNA de novo identified. ( C ) Distribution of the H3K27ac signal across 
enhancers identified in IMR-90. The uneven distribution of the signal allowed for the identification of 1423 SEs. Boxplot showing the circRNA isoform 

count ( D ) and the sum of the total circRNA abundance ( E ) of host genes in different groups. SE, host genes regulated by SEs. TE, host genes regulated 
by TEs. NE, host genes without regulating enhancers. P -values determined by one-tailed Wilco x on test. CircRNA abundance unit, CPM. ( F ) Enrichment 
le v el of host genes with a circRNA isoform count ≥4 in different groups. P -values determined by one-tailed Fisher’s exact test. ( G ) Fold change in the 
occupation of high circRNA isoform count genes in SE and TE genes to that of NE genes. The X -axis represents the cutoff for high splicing circularization 
diversity genes. **** P < .0001. 
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A B

C D

E F

G

H

Figure 2. SE, TE, and NE genes expressed different circRNA isoform levels despite balancing their gene lengths or expression levels. Boxplot showing 
the gene length ( A ; kilobase pair, kb) and expression ( B , TPM) of genes. Boxplot showing the gene length ( C ; kb) and expression ( D ; TPM) of genes in 
the subsets. The subsets were selected through an identical distribution from the SE, TE, and NE groups. B o xplot sho wing the circRNA isof orm count of 
genes in the equal gene length subset ( E ) and in the equal gene expression subset ( F ). (G, H) H3K27ac ChIP-Seq signal in the sample genes. The line 
abo v e the ChIP-Seq signal denotes a circRNA isoform. The relative positions to the genes show the BSJ position. The top right corner number denotes 
the number of circRNA isoforms detected. The numbers above the ChIP-Seq signal represent the gene length ( G ) or expression ( H ) of the sample gene. 
P -values determined by one-tailed Wilco x on test. **** P < .0001. ns, not significant. 
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ollectively, all of these results revealed a complex associa-
ion between epigenomic elements and circRNA biogenesis. 

E circRNAs show enriched BSJ-related RBP 

inding signal 

umerous RBPs have been reported to play a role in circRNA
iogenesis [ 71–74 ]. For instance, NUDT21 has been reported
o elevate the formation of circRNA by regulating its circu-
arization [ 73 ]. In light of these findings, we collected CLIP-
eq data of various RBPs from CLIPdb database and subse-
quently identified their binding sites in the genomic regions
[ 55 ]. Calculating the binding proportion of RBPs at BSJ and
FSJ sites, we found that 101 RBPs demonstrated a significantly
higher likelihood of binding to BSJ sites compared to FSJ sites.
These RBPs were thus designated as BSJ-related RBPs. Among
the BSJ-related RBPs, many of them have been previously re-
ported to be involved in circRNA biogenesis or to perform
functional roles in association with circRNAs [ 71–79 ]. Con-
versely, 55 RBPs exhibited a preference for binding to FSJ sites
and were referred to as FSJ-related RBPs ( Supplementary Fig.
S6 A and Supplementary Table S3 ). BSJ-related RBPs had

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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A

B

C

D E

F G

Figure 3. SEs promote circRNA splicing circularization diversity, and various histone modifications are associated with circRNA transcriptional activity 
across multiple cells. ( A ) Proportion of genes regulated by SE, TE, and NE (not regulated by enhancers) that express circRNAs in different cell lines and 
tissues. ( B ) B o xplot sho wing the circRNA isof orm counts in different cell types. Significance among SE, TE, and NE genes as w ell as circRNA isof orm 

count of each cell line is recorded in Supplementary Table S5 . ( C ) Cumulative cure of the frequency of genes identified as SE / TE / NE host genes in 
different cell types. Proportion of host genes in genes covered by different histone modifications ( D , H3K4me3; E , H3K36me3; F , H3K27me3; G , 
H3K9me3). Broad, genes regulated by the top 15%-width histone modifications. Typical, genes regulated by other width histone modifications. None, 
genes without histone modification. * P < .05, *** P < .001, and **** P < .0001. P -values determined by one-tailed Wilco x on test. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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ignificantly more signal binding peaks within BSJ regions
han FSJ-related RBPs ( Supplementary Fig. S6 B). Intriguingly,
n SE circRNAs, the number of binding peaks for BSJ-related
BPs at BSJ sites was also greater than that in TE and NE cir-
RNAs. However, no such significant difference was observed
or FSJ-related RBPs ( Supplementary Fig. S6 C and D). Sim-
larly, SE circRNAs showed a higher binding signal density
f BSJ-related RBPs compared to that in TE and NE circR-
As, while FSJ-related RBPs did not exhibit such differences

 Supplementary Fig. S6 E–J), demonstrating that BSJ-related
BPs play a key role in the high circRNA isoform count of SE
enes. 

In addition to RBPs, RNA polymerase II (pol II) speed has
een reported to be highly correlated with splicing efficiency
nd circRNA biogenesis [ 80 , 81 ]. To elucidate the relationship
etween splicing circularization diversity and pol II speed, we
erformed DRB / TT chem 

-Seq analysis in HEK293 cell line. Our
esults revealed accelerated pol II elongation rate across host
enes ( Supplementary Fig. S7 A). Moreover, SE host genes also
xhibited markedly higher pol II speed compared to TE and
E host genes ( Supplementary Fig. S7 B), suggesting that pol

I speed may also contribute to SE-mediated high splicing cir-
ularization diversity. 

educed splicing circularization di ver sity in CIRSE 

enes links to cancer progression 

ince most of circRNAs were identified through BSJ reads
 82 ], a substantial number of lowly expressed circRNAs could
ot be detected robustly. It was observed that the majority of
ircRNAs were detected in a few samples ( Supplementary Fig.
8 A), leading to low sparsity of expression matrix. To ad-
ress this challenge, KNN-smoothing was performed to im-
ute the circRNA expression levels by observed expression
evels of circRNAs and mRNAs [ 53 ] ( Supplementary Fig.
8 B). The circRNA imputation remarkably improved the fre-
uency of the same circRNAs detected across various sam-
les ( Supplementary Fig. S8 C). The proportion of the nonzero
alues increased from 1.81% to 10.37% ( Supplementary Fig.
8 D), effectively improving the data density. 

To explore the role of circRNA splicing circularization di-
ersity in tumorigenesis from a global perspective, we under-
ook a comparative analysis in pan-cancer cell lines. In sum,
ost genes exhibited a marked reduction in circRNA isoform
ounts in tumors compared to normal cells ( Supplementary 
ig. S8 E). The circRNA expression level in tumors was also

ower than that in normal cells [ 73 ] ( Supplementary Fig. S8 F).
ompared with normal cells, a widespread and biased al-

eration of circRNA isoform count was observed in cancer
ells, with 4020 (including 2736 GREAT genes) downregu-
ated genes and 1683 (including 1251 GREAT genes) upreg-
lated genes ( P < .01) (Fig. 4 A and Supplementary Fig. S9 A).
ere, the genes whose circRNA isoform count was signifi-

antly downregulated or upregulated in cancer cells were de-
ned as isoform-decrease or isoform-increase genes, respec-
ively. In general, there were more isoform-decrease genes than
soform-increase genes. This trend was maintained when we
efined the genes using different cutoffs, and the number of
soform-decrease genes was 1.9–2.6 times that of isoform-
ncrease genes (Fig. 4 B). GO pathway enrichment analysis
evealed that the isoform-decrease genes were enriched in
ancer-associated pathways, primarily involving angiogenesis,
igration, and proliferation (Fig. 4 C), whereas the isoform-
increase genes were associated with pathways such as nucleo-
some organization, mRNA processing, and mRNA modifica-
tion ( Supplementary Fig. S9 B). 

Given the close correlation between enhancers and cir-
cRNA biogenesis, we also systematically analyzed enhancer
distribution information across 32 cell lines involving 17 can-
cer cells and 15 normal cells. Due to the cell specificity of SEs
[ 29 ], only a few genes were simultaneously regulated by SEs
across several cells. To better profile the relationship between
the changes of enhancer intensity and circRNA splicing cir-
cularization diversity during cancer development, we selected
genes that were regulated by SEs in at least two cancer or
normal cells, with a significantly longer or shorter enhancer
width in pan-cancer. The approach identified 421 genes reg-
ulated by SEs in at least two cancer cells with lengthened en-
hancers (enhancer-lengthen genes), and 358 genes regulated
by SEs in at least two normal cells with shortened enhancers
(enhancer-shorten genes) in cancer ( Supplementary Fig. S9 C).
There were 98 isoform-decrease genes that overlapped with
enhancer-shorten genes and 48 isoform-increase genes that
overlapped with enhancer-lengthen genes. Significant enrich-
ment was observed in both gene sets, revealing a consistent
trend of enhancer width and the circRNA isoform count (Fig.
4 D and E). Similar to the definition of the CIRSE gene and
CIRSE circRNA, the overlapping of isoform-increase genes
and enhancer-lengthen genes was defined as CircRNA Iso-
form Increasing for Lengthened Enhancer in cancer (CIILE)
genes. CircRNAs derived from CIILE genes and whose ex-
pression level was upregulated in cancer were defined as CIILE
circRNAs. 

According to the changes in circRNA isoform count and en-
hancer width, we got four gene sets, including CIRSE and CI-
ILE genes. Functional pathway enrichment analysis revealed
that only the CIRSE gene set was significantly enriched in can-
cer pathways, such as positive regulation of angiogenesis and
positive regulation of cell population proliferation, while the
other gene sets were not enriched ( Supplementary Fig. S9 D).
Therefore, we decided to focus on these 98 CIRSE genes in
the follow-up study ( Supplementary Table S6 ). To explore
their tumor-suppressive potential, we integrated public full-
length scRNA-Seq data, and quantified cumulative circRNA
isoform count of CIRSE genes as PSS in each cell. Remark-
ably, cancer cells exhibited a significantly lower PSS compared
to normal counterparts in breast and renal cancers (Fig. 4 F
and Supplementary Fig. S10 ), implicating CIRSE as a poten-
tial tumor-suppressive signature. 

CIRSE pattern acts as tumor suppressors in lung 

cancer 

To more precisely elucidate the role of the CIRSE gene and
CIRSE circRNA in tumorigenesis, we conducted a compre-
hensive analysis in lung and renal cancers. In lung cancer,
comparing A549 (lung cancer cell) with IMR-90 (lung nor-
mal cell) cells, we identified 3173 isoform-decrease genes
and 538 isoform-increase genes (Fig. 5 A). There were 470
SE genes that transformed into TE or NE genes (SE-to-
TE / NE) with shortened enhancers and 339 genes that trans-
formed into SE genes from TE or NE genes (TE / NE-to-
SE) with lengthened enhancers (Fig. 5 B). Consistent with
pan-cancer findings, isoform-decrease and isoform-increase
genes were enriched in SE-to-TE / NE and TE / NE-to-SE genes,
with 234 and 39 overlapping genes, respectively (Fig. 5 C

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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F

Figure 4. Systematic pan-cancer analysis revealed that CIRSE is associated with tumorigenesis. ( A ) Heatmap showing the circRNA isoform count of 
host genes whose circRNA isoform count increased (isoform-increase genes) or decreased (isoform-decrease genes) in cancer cells. The z -score 
represents the normalized circRNA isoform count. ( B ) The number of isoform-increase genes and isoform-decrease genes when defined with individual 
P -value cutoffs. ( C ) Enrichment level of the GO analysis of isoform-decrease genes. ( D ) Venn plot showing the overlapping of isoform-increase genes, 
isoform-decrease genes, enhancer-lengthen genes, and enhancer-shorten genes. ( E ) Enrichment le v el of isoform-increase genes and isoform-decrease 
genes in enhancer-lengthen genes and enhancer-shorten genes. P -values determined by Fisher’s exact test. ( F ) UMAP plot of 2084 breast cancer single 
cells, colored by cell types (left) and log-normalized pan-cancer suppress scores (PSSs). All cells were divided into normal and tumor cells using 
Cop yKAT. B o xplot (right) sho wing the PSS in normal and tumor cells (right). P -v alues determined b y one-t ailed W ilco x on test. **** P < .0 0 01. 



Role of super enhancer in circRNA biogenesis di ver sity 11 

Figure 5. CIRSE shows a tumor-suppressing tendency in lung cancer. ( A ) Changes of circRNA isoform counts in A549 (lung cancer cell line) compared 
with IMR-90 (lung normal cell line). Y -axis represents z -score of the circRNA isoform count. Red lines, genes whose circRNA isoform count significantly 
increased in A549 (isoform-increase genes). Blue lines, genes whose circRNA isoform count significantly decreased in A549 (isoform-decrease genes). 
Gray lines, without significant difference. Z -score, normalized circRNA isoform count. ( B ) Heatmap showing the enhancer width ( z -score) of genes that 
transf ormed betw een SE genes and other genes, with a significant ( P < .05) change in enhancer width, in the IMR-90 and A549 cell lines. ( C ) Venn plot 
showing the overlapping of isoform-increase genes, isoform-decrease genes, TE / NE-to-SE genes, and SE-to-TE / NE genes. ( D ) Enrichment level of 
isoform-increase genes and isoform-decrease genes in TE / NE-to-SE genes and SE-to-TE / NE genes. ( E ) Enrichment level of GO analysis of host genes. 
R ed bo x, CIILE genes; blue bo x, CIR SE gene; the blac k dot ted line, P -value < .05. ( F ) Enric hment le v els of CIR SE genes and CIILE genes in host genes of 
lung cancer-associated circRNA. ( G ) Observed and expected number of overlap between CIRSE circRNAs annotated in CircBase and validated circRNAs 
who were downregulated in lung cancer. ( H, I ) Hazard ratio (HR) and the Kaplan–Meier plot of the overall survival (OS) rate of LUAD patients with a high 
or low cumulative circRNA isoform count level of the lung cancer CIRSE genes (or CIILE genes) signatures in the TCGA data. High, high circRNA isoform 

count patients. L o w, lo w circRNA isof orm count patients. P -v alues of HR determined b y Co x proportion hazards model. P -v alues of the surviv al curv e 
determined by log-rank test. The number cutoff of patients was calculated by the lowest log-rank test P -value. ( J ) Boxplot showing the normalized 
circRNA isoform count of CIRSE genes for patients in different tumor stages. Clinical data were obtained from TCGA. ** P < .01 and **** P < .0001. 
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and D). GO pathway analysis further revealed the enrich-
ment of CIRSE genes in the pathways related to angiogen-
esis, migration, and proliferation ( Supplementary Table S7 ),
while CIILE genes were not enriched in these pathways (Fig.
5 E). For renal cancer, we compared G401 (renal cancer cell)
with the HEK293 (renal normal cell) cell line and identi-
fied 1158 isoform-decrease and 2415 isoform-increase genes
( Supplementary Fig. S11 A). The count of genes with a trans-
formation of SE-to-TE / NE and TE / NE-to-SE was 332 and
995, respectively ( Supplementary Fig. S11 B). Consistent with
lung cancer, isoform-decrease genes were also enriched in SE-
to-TE / NE genes ( Supplementary Fig. S11 C and D). Renal
cancer CIRSE genes were enriched in cancer-related path-
ways, such as the regulation of angiogenesis, epithelial to mes-
enchymal transition, and cell proliferation ( Supplementary 
Fig. S11 E and Supplementary Table S8 ). The results indicated
that CIRSE genes also exhibited cancer-associated functions
in lung and renal cancers. 

We further gathered known cancer-associated circRNAs
and their host genes from databases. It was revealed that
CIRSE genes were enriched in the host genes of cancer-
associated circRNAs recorded in CircFunBase as well as the
host genes whose circRNAs were downregulated in lung can-
cer from Lnc2Cancer [ 83 , 84 ] (Fig. 5 F and Supplementary Fig.
S12 A). Moreover, we collected 110 downregulated circRNAs
in cancer, 18 of which were lung cancer-associated circRNAs.
Lung cancer CIRSE circRNAs showed dual enrichment in
these cancer-related circRNAs and lung cancer-associated cir-
cRNAs with statistical significance (Fig. 5 G, Supplementary 
Fig. S12 B, and Supplementary Table S9 ), suggesting the high
tumor-suppressing potential of CIRSE circRNAs. 

Given CIRSE genes established biomarker potential in pan-
cancer, to better capture the clinical value of CIRSE genes
in lung cancer, we evaluated the CIRSE circRNA isoform
count in different lung adenocarcinoma (LUAD) patients.
LUAD patients with lower lung CIRSE circRNA isoform
counts demonstrated worse overall survival and disease-free
survival, whereas the circRNA isoform count of CIILE genes
did not show a significant distinguishing effect [ 85 ] (Fig. 5 H
and I, and Supplementary Fig. S12 C and D). The HR also
showed that a high CIRSE circRNA isoform count indicated
lower risk, while patients with lower CIRSE circRNA iso-
forms had a poor prognosis (Fig. 5 H and Supplementary Fig.
S12 C). Furthermore, LUAD patients with an advanced patho-
logical state or distant tumor metastasis also showed a marked
CIRSE circRNA isoform count reduction signature (Fig. 5 J
and Supplementary Fig. S12 E). 

Structural instability of CIRSE circRNAs in tumors 

To investigate the features of cancer driver circRNAs beyond
their BSJs, we performed Nanopore sequencing in IMR-90
and A549 cell lines. A total of 8720 and 7940 circRNAs were
detected in Nanopore sequencing from IMR-90 and A549.
The length of the identified circRNAs predominantly spanned
128–1024 bp (Fig. 6 A), with similar circRNA lengths between
normal and cancer cell lines ( Supplementary Fig. S13 ). Con-
sistent with the finding of pan-cancer, the genes in normal
cells (IMR-90) tended to express more circRNA isoforms than
those in cancer cells (A549) (Fig. 6 B). The proportion of genes
producing more circRNA isoforms was also higher in IMR-90
(normal cell line) than in A549 (cancer cell line) (Fig. 6 C). This
trend extended to circRNA expression levels, where circRNAs
in IMR-90 also exhibited a higher abundance than A549 cell 
line (Fig. 6 D). Notably, lung cancer CIRSE and CIILE genes 
identified through Illumina sequencing retained their charac- 
teristics within Nanopore sequencing. It was observed that the 
CIRSE genes expressed more circRNA isoforms in IMR-90 

than in A549, whereas CIILE genes produced fewer circRNA 

isoforms (Fig. 6 E), showing consistent Illumina and Nanopore 
sequencing results. 

Given that mRNA with a stable secondary structure con- 
tributes to a long half-life [ 86 ], we considered stability to 

be a potential factor in affecting circRNA splicing circular- 
ization diversity. We detected stability using the MFE of cir- 
cRNAs and found that CIRSE circRNAs contained lower 
MFE in IMR-90 (Fig. 6 F), indicating a more stable struc- 
ture. Comparing the circRNAs (both length and sequence sim- 
ilarity index were > 0.7) derived from the same gene locus 
in two cells, we found that CIRSE circRNAs from IMR-90 

showed a more stable structure (Fig. 6 G, Supplementary Fig. 
S14 A–C, and Supplementary Table S10 ), while CIILE circR- 
NAs from A549 showed higher stability (Fig. 6 H). The re- 
sults were also confirmed by experimental validation (Fig. 6 G 

and H, and Supplementary Fig. S14 A–C), which was consis- 
tent with the difference in splicing circularization diversity be- 
tween cancer and normal cells. Although SE genes tended to be 
longer than TE genes in IMR-90 (Fig. 2 A), the length of SE cir- 
cRNAs was comparable to that of TE circRNAs in both IMR- 
90 and A549, but they both exhibited greater length than NE 

circRNAs ( Supplementary Fig. S15 A and B). To fairly com- 
pare the stability of the SE, TE, and NE circRNAs, we re- 
grouped the circRNAs to eliminate the length difference (Fig.
6 I and J). It was observed that SE circRNAs had more stable 
structures than TE and NE circRNAs (Fig. 6 K and L), suggest- 
ing a potential mechanism of the SEs mediating high splicing 
circularization diversity by regulating circRNA degradation. 

CIRSE analysis for discovery of tumor-suppressive 

circRNAs 

Based on the findings above, a tumor-suppressive circRNA 

(CIRSE circRNA) screening pipeline was established, and ap- 
plied to the A549 and IMR-90: (i) selecting SEs that were 
converted to TEs or lost entirely, with significant shortening 
(SE-to-TE / NE), (ii) identifying host genes with downregulated 

circRNA splicing circularization diversity (isoform-decrease),
and (iii) detecting circRNAs with decreased abundance in can- 
cer ( Supplementary Fig. S16 ). The pipeline identified 1551 

candidate tumor-suppressing circRNAs in lung cancer. For ex- 
perimental validation, we randomly selected 10 candidates,
manually inspected the H3K27ac signal pattern to confirm 

enhancer shortening in each candidate, and searched the lit- 
erature to confirm that the candidate circRNA has not been 

previously reported as a tumor-suppressing circRNA in lung 
cancer ( Supplementary Table S11 ). 

To detect the cellular distribution of these 10 candidates,
we isolated the cytoplasmic and nuclear fractions of the cells 
and measured their expression levels using RT-qPCR. The 
circRNAs were all predominantly located in the cytoplasm 

(Fig. 7 A). They were knocked down using siRNAs. Due to 

the low abundance of candidate circRNAs in A549 cell line,
H1975 was used as a substitute. RT-qPCR was performed 

to verify the silence efficiency. Nine out of 10 circRNAs 
were significantly downregulated, while 1 candidate circRNA 

with low abundance failed to be knocked down significantly 
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Figure 6. Str uct ural st abilit y pla y s a k e y role in regulating splicing circularization div ersity. ( A ) Distribution of detected circRNA length. ( B ) Counts of host 
genes expressing different circRNA isoform counts in IMR-90 and A549 cells. ( C ) Bar plot showing the count of host genes with only one / more than 
one circRNA isoforms. P -values determined by Z -test. ( D ) Boxplot showing the circRNA expression levels in IMR-90 and A549. Read count, counts of 
total supported reads. B o xplot sho wing the circRNA isof orm count ( E ) and MFE ( F ) of the gene sets in IMR-90 and A549. MFE, minimum free 
energy. Secondary str uct ure of circRNAs from the same CIRSE ( G ) or CIILE ( H ) gene (left) and the st abilit y of them assessed by RT-qPCR in IMR90 and 
A549 cell lines f ollo wing actinom y cin D treatment (right) in IMR-90 and A549. Unit of MFE, kcal / mol. B o xplot sho wing the circRNA length of the circRNA 

subset after equalizing the length in IMR-90 ( I ) and A549 ( J ). ( K , L ) B o xplot sho wing the MFE of SE / TE / NE circRNAs. T he subsets w ere selected using 
an identical circRNA length distribution (I, J). P -values determined by one-tailed Wilco x on test. ** P < .01, *** P < .001, and **** P < .0001. 
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A B

C

Figure 7. The expression distribution of different circRNAs and knockdown circRNAs significantly promoted their proliferation in H1975 cells. ( A ) 
Expression of circRNAs observed in H1975 cells. Analysis using agarose gel electrophoresis and nuclear–cytoplasmic fractionation assay revealed the 
predominant cytoplasmic localization of circRNA in H1975 cells. ( B ) Transfected H1975 with three different circRNA siRNAs with different targeting 
sequences. The combination of all three siRNAs exhibited the most efficient knockdown (KD) efficacy. The KD efficiency of various circRNAs by siRNA 

was assessed using RT-qPCR. Agarose gel electrophoresis analysis and RT-qPCR results revealed significantly higher expression levels in the control 
groups compared with the KD circRNA groups. ( C ) CCK-8 assay demonstrated enhanced cell proliferation in H1975 cells upon circRNA knockdown 
compared with the circRNA-NC group. The experiments were performed in triplicate. NC, nontarget control. The error bars represent the mean ± SD, 
n = 3. ns, not significant. * P < .05, ** P < .01, *** P < .001, and **** P < .0 0 01. 
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Fig. 7 B and Supplementary Fig. S17 A). Their linear mRNA
control) remained unchanged, indicating that siRNA specifi-
ally targeted circRNA. A significant increase in cell prolifer-
tion (Fig. 7 C), migration ( Supplementary Fig. S17 B and D),
nd invasion was observed in cells with successful circRNA
nockdown ( Supplementary Fig. S17 C and E). In contrast,
or the circRNAs used as negative controls, their knockdown
ad no impact on cell proliferation, migration, or invasion
 Supplementary Fig. S18 A–G). Furthermore, we found that
he group with high silence efficiency showed a large increase
n cell proliferation, migration, and invasion. For example, the
irc0001467 group was found to induce greater cell prolifer-
tion in an early stage and exhibited a stronger migration and
nvasion ability than the other groups. This finding suggested
 dose effect in these tumor-suppressing circRNAs. Overall,
ur results confirmed that CIRSE served as a useful signature
or tumor suppressor discovery. 

iscussion 

everal studies reported that SE-associated circRNA modu-
ated many biological processes, such as cell pyroptosis, can-
er malignancy, and cardiac regeneration [ 87–89 ]. However,
urrent research predominantly reported association between
Es and individual circRNAs, while systematical investiga-
ions into the relationship between epigenetic regulation and
ircRNA genesis remain scarce [ 90 ]. Here, we presented a
andscape of circRNAs combined with enhancers across vari-
us cell types and revealed a widespread epigenetic regulation
echanism of splicing circularization diversity. 
Notably, our study presents a novel analytical framework

hat extends beyond conventional expression-level analysis to
nvestigate circRNA biology. Multiple circRNA isoforms are
erived from the same gene locus [ 20 ], and they are the main
ontributors to splicing circularization diversity. With regard
o the reduction of splicing circularization diversity, it not only
hows a global decrease in the expression level of circRNAs
rom a single gene but also exhibits a disruption of circRNA
iversity. To systematically assess the splicing circularization
iversity of host gene, we introduced a novel metric termed
circRNA isoform count” to quantify the diversity of alterna-
ive splicing-derived circularization events. Furthermore, our
nalysis revealed a progressive decline in both circRNA di-
ersification potential and transcriptional output across SE-,
E-, and NE-associated genes, correlating with diminishing
nhancer regions. 

In addition to circRNAs, we observed that the protein-
oding genes regulated by SEs exhibited high diversity of lin-
ar transcripts using StringTie [ 91 ]. We found that host genes
xpressed more variety of transcript isoforms ( Supplementary 
ig. S19 A). SE genes also exhibited a significantly higher
ount of different transcript isoforms than TE and NE genes
 Supplementary Fig. S19 B). Furthermore, we found that the
ranscripts of host genes experienced more alternative splic-
ng events ( Supplementary Fig. S19 C), and the frequency of
lternative splicing events in SE genes was also significantly
igher than TE and NE genes ( Supplementary Fig. S19 D), re-
ealing a high diversity of alternative splicing. 

Some RBPs regulate circRNA biogenesis. QKI was reported
o help circRNA formation through binding to intronic mo-
ifs, while DHX9 could inhibit circRNA genesis by resolving
NA duplexes [ 72 , 92 ]. Here, we got 101 BSJ-related RPBs,
nd found they tended to bind SE circRNAs more than TE
and NE circRNAs. Many BSJ-related RBPs have been reported
to be involved in circRNA biogenesis [ 71–74 ]. Among the
top 10 BSJ-related RPBs ranked by significance score, most
were closely associated with circRNA, including NUDT21
and KHSRP, which have been reported to enhance circRNA
expression [ 73–79 ]. Targeting these RBPs may provide a strat-
egy to make influence on cancer progression via circRNAs. 

Notably, SE circRNAs demonstrated enhanced structural
stability relative to TE and NE circRNAs, which correlated
with extended molecular longevity and increased retention
of diverse circRNA isoforms. Several studies have demon-
strated that increased stability of circRNAs may contribute
to their functional persistence. For example, circHIPK3 and
circFOXO3 could promote tumor progression by acting as
microRNA (miRNA) sponges and regulated oncogenic path-
ways [ 93 , 94 ]. This suggested that enhanced circRNA stability
may be a key factor in the regulation of splicing circularization
diversity. 

RCM is a kind of sequence that has been reported to con-
tribute in circRNA biogenesis [ 95 ], the frequency of which
in the genome may be another factor that regulates the
changes of splicing circularization diversity during tumorige-
nesis. Thus, we explored the relationship between RCMs and
flanking introns of SE circRNAs. However, unlike the consis-
tent trend of occupation of host genes or circRNA isoform
count of SE, TE, and NE genes (Fig. 3 A and B), the ranking of
proportion of SE, TE, and NE circRNAs with RCMs varied in
different cell types ( Supplementary Fig. S20 A). Moreover, we
calculated the proportion of circRNAs with RCMs among cir-
cRNAs derived from the same host genes. No specific pattern
was observed in how this proportion varied across different
enhancers, which contrasted with the consistent observation
that SE enhanced splicing circularization diversity across mul-
tiple cell lines ( Supplementary Fig. S20 B). 

Unlike CIRSE, CIILE genes showed enrichment in
epigenomic-related pathways, such as chromatin remod-
eling and histone modification. This suggests that they may
perform housekeeping functions in biological processes. In
this study, we also found some isoform-decrease genes whose
enhancers lengthened or did not change in cancer, which
suggests that there exist other regulatory mechanisms for
circRNA splicing circularization diversity. 

Current detection approaches for circRNAs predominantly
rely on quantifying reads mapped to BSJ regions [ 41 , 44 ,
96 ]. However, this methodology fails to account for reads
mapped to distal regions of circRNAs, which consequently
remain undetected. These limitations fundamentally compro-
mise circRNA detection sensitivity, resulting in sparse cir-
cRNA expression matrices that ultimately lead to inaccurate
downstream analyses. A similar challenge exists in scRNA-Seq
data interpretation, where the KNN-smoothing approach has
been validated as an effective solution for imputing technical
zero values [ 97–99 ]. In this study, we employ this established
methodology to identify nearest neighbor samples through in-
tegration of both mRNA and circRNA expression profiles,
thereby enabling systematic imputation of zero-count entries
to enhance the efficacy of subsequent analytical processes. 

The functional annotation of circRNAs represents a sig-
nificant challenge in current research. Host genes have been
extensively employed as primary references for predicting cir-
cRNA functions [ 41 , 100 ]. This approach is supported by sub-
stantial evidence from multiple studies demonstrating that cir-
cRNAs frequently exhibit strong functional associations with

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf505#supplementary-data
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 of CDR1as drives IGF2BP3-mediated melanoma invasion and 
their host genes [ 15 , 16 ]. For example, circRNAs could reg-
ulate host genes as miRNA sponges or affect their mRNA
stability [ 101 ]. CircRNA biogenesis could compete with pre-
mRNA splicing, thereby affecting the expression of host genes
[ 15 ]. Multiple circRNAs derived from cancer driver genes
(oncogene or tumor suppressor gene) have been proven to take
part in tumorigenesis, such as TP53, PTEN, MYC , and EGF R
[ 102–105 ]. 

In summary, this study presents an alternative paradigm
for circRNA investigation that extends beyond conventional
expression-level analyses. Through integrated multi-omics ap-
proaches, we established a comprehensive association be-
tween epigenetic modifications and circRNA biogenesis pat-
terns. Furthermore, we uncovered a novel regulatory mech-
anism through which SEs orchestrate diversity in circRNA
splicing and circularization processes. Building upon these
mechanistic insights, we developed an innovative screening
pipeline that improves the identification method of tumor-
suppressive circRNAs, thereby providing a robust frame-
work for functional noncoding RNA discovery in oncological
research. 
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