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Abstract

R-loops, three-stranded nucleic acid structures formed by an RNA-DNA hybrid, have
emerged as important regulators of transcription and genome stability. Although advances
in high-throughput sequencing have revealed widespread R-loop landscapes, platform-
specific biases hinder the identification of conserved R-loops in specific cell types. Mouse
embryonic stem cells, which are transcriptionally active, provide an ideal system for
investigating the potential roles of stable R-loops in RNA biology. Here, we integrated
13 independent R-loop profiling datasets from four experimental platforms to define
27,950 Common R-loop regions in mouse embryonic stem cells and characterized their
chromatin environment and associated biological functions. Common R-loop regions
were reproducibly detected across methods and were preferentially localized to promoter-
proximal and genic regions enriched in CpG islands. Genes associated with Common
R-loops were highly and stably expressed, showing strong functional enrichment in RNA
metabolic processes such as mRNA processing, RNA splicing, and ribonucleoprotein
complex biogenesis. Chromatin state analysis revealed that Common R-loops are enriched
in transcriptionally active and regulatory contexts. Sequence feature analysis further
identified GC skew as a prominent signature of Common R-loops, particularly within
transcribed chromatin states. Transcription factor motif analyses have identified distinct
regulatory environments in Common R-loop regions, including pluripotency-associated
OCT4-SOX2-TCF-NANOG motifs in enhancers, CTCF motifs in open chromatin, and YY1
motifs in promoters. Together, this study provides the first integrated analysis of conserved
R-loop regions in mouse embryonic stem cells, revealing their preferential localization
at regulatory loci linked to RNA metabolism and highlighting R-loops as structural and
functional nodes in RNA biology.

Keywords: R-loop; mouse embryonic stem cell; chromatin states; GC skew; G-quadruplex;
transcription regulation; post-transcriptional regulation; RNA metabolism

1. Introduction
R-loops are three-stranded nucleic acid structures in which an RNA transcript hy-

bridizes with its complementary DNA strand, displacing the non-template DNA as a single
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strand [1,2]. Initially regarded as rare byproducts of transcription, R-loops are now recog-
nized as important regulators of transcription and genome stability [3–5]. Dysregulation of
R-loop homeostasis has been implicated in diverse pathological contexts, including neu-
rodegenerative disorders, immunodeficiencies, and cancer, often through the disruption of
RNA metabolism and transcription-coupled genome maintenance [6–10].

The importance of R-loops in RNA biology lies in their ability to modulate multiple
stages of gene expression. They influence transcription initiation and pausing, pre-mRNA
processing, RNA stability, and the recruitment of chromatin modifiers [11–19]. These
functions directly intersect with processes central to both development and disease. For
instance, aberrant R-loop accumulation can impair RNA splicing, alter RNA export, and
destabilize transcriptional mechanisms linked to tumorigenesis and other RNA-associated
disorders [20–29].

Advances in high-throughput R-loop profiling, including DRIP-seq (DNA-RNA im-
munoprecipitation), MapR, HBD-seq (Hybrid binding domain), and CUT&Tag, have pro-
vided precise, genome-wide R-loop distributions [30–35]. However, platform-specific
biases generate variability in R-loop peaks, complicating the identification of conserved
R-loop regions that represent stable functional features within a given cell type. Previ-
ous studies have classified R-loops by their genomic context, such as promoter-paused
or elongation-associated, and distinguished constitutive from variable R-loops [12,36].
However, these studies often aggregated heterogeneous datasets from multiple cell types,
limiting insights into cell-type-specific and biologically conserved features.

Here, we address these limitations by integrating 13 R-loop datasets from mouse embry-
onic stem cells (mESCs) and applying stringent criteria to identify R-loop regions consistently
detected across multiple profiling strategies. We analyzed chromatin states and sequence
features to define the genomic, epigenomic, and regulatory landscapes of conserved R-loop
regions. Our findings reveal that Common R-loops are preferentially located in transcription-
ally active and regulatory chromatin states. The genes harboring these R-loops are enriched
for RNA metabolic pathways. Furthermore, these R-loops intersect with transcription factor
networks critical for pluripotency and RNA processing, underscoring their potential roles as
structural and functional nodes in RNA biology and disease.

2. Results
2.1. Integration of R-Loop Datasets Defines Common R-Loop Regions

To define R-loop regions reproducibly detected across diverse experimental platforms,
we integrated 13 R-loop datasets using four methods: DRIP-based approaches, CUT&Tag,
HBD-seq, and MapR (Figure 1A). Using a stringent intersection strategy with bedtools mul-
tiIntersectBed, we identified the genomic loci supported by at least one dataset from each
method and reconstructed the full span of these overlapping peaks. This approach yielded
27,950 method-independent R-loop regions, which we hereafter refer to as Common R-loop
regions. Despite platform-specific differences in signal intensity (Figure S1A), these regions
showed consistent and robust R-loop enrichment across datasets (Figure 1B). Genome browser
views at representative loci (e.g., Gapdh, Actb, and mESC markers Pou5f1, Nanog, and Sox2)
confirmed that multiple independent datasets converged at the same genomic locations, un-
derscoring the reliability of the defined regions (Figures 1C and S1B). Most Common R-loop
regions were compact, with 93.5% ranging between 10 and 1000 bp and most frequently be-
tween 100 and 200 bp (Figures 1D and S1C–E), which is consistent with the expected physical
footprint of R-loops [37–39]. Although these regions collectively cover only 0.31% of the
mouse genome, they are preferentially enriched within transcribed regions rather than inter-
genic spaces (Figure 1E). Notably, 20.3% of CpG islands and 4.49% of candidate cis-regulatory
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elements (cCREs) overlapped with Common R-loop regions, suggesting a potential role for
R-loops in gene regulatory mechanisms.

Figure 1. Integration of R-loop profiling datasets defines Common R-loop regions. (A) Schematic
workflow for defining Common R-loop regions by integrating 13 datasets generated from four R-loop
profiling methods. RNA-seq data were used for functional enrichment analysis, and chromatin
state data were used for epigenome context profiling. (B) R-loop signals within ±2 kb of the
center of Common R-loop regions. Each row on the y-axis corresponds to a single Common R-loop
region. RPGC (Reads Per Genome Coverage) normalized bigwig files were used for visualization.
(C) Genome browser snapshot of R-loop datasets in the Pou5f1 locus, showing that Common R-loop
regions (sky blue boxes) are consistently enriched for R-loop signals across methods. (D) Length
distribution of Common R-loop regions, with the most frequent length range observed between 100
and 200 bp. (E) Genomic distribution of the Common R-loop regions, showing preferential enrichment
within transcribed and regulatory regions. Transcript regions were defined using UCSC mm10 RefSeq
annotations. CpG islands and candidate cCREs were defined using UCSC genome annotations.

To explore the regulatory potential of these regions, we analyzed their genomic prox-
imity and functional associations using GREAT [40]. Most Common R-loop regions were
located within 500 kb of a transcription start site (TSS) and were associated with one or
two genes (Figure S2A). Functional enrichment analysis revealed a strong association with
post-transcriptional gene regulation, particularly with pathways related to RNA processing,
splicing, and translation (Figure S2B). Consistently, Gene Ontology Cellular Component
(GOCC) and Molecular Function (GOMF) analyses of Common R-loop–associated genes
were enriched for ribonucleoprotein complexes, P-bodies, and RNA-binding activities. The
results indicate that Common R-loops are enriched within the putative regulatory elements
of genes involved in RNA metabolism.
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2.2. Common R-Loops Are Preferentially Enriched at Genic Regions

To characterize the genomic distribution of Common R-loops, we compared their annota-
tion profiles with those of individual datasets using HOMER. Common R-loop regions were
markedly enriched at CpG islands, promoters, 5′UTR, exons, and transcription termination
sites (TTSs), with enrichment exceeding that of individual peaks (Figure 2A,B). This indicates
that R-loops are preferentially retained in canonical regulatory elements and gene regions,
consistent with their established roles in transcriptional regulation. Because annotation criteria
differ among tools, we cross-validated the results using ChIPseeker, which defines promoter
regions more broadly and separates the first exon and intron from the rest. While HOMER
annotated 21.9% of the regions as promoter-TSS, ChIPseeker classified 64.9% as promoters
(Figure S3A–C). More than half of the introns (57.3%) and exons (68.3%) annotated by HOMER
corresponded to the promoter regions defined by ChIPseeker (Figure S3E,F). Thus, many
Common R-loop regions are localized to areas proximal to TSSs. HOMER also assigns a
larger fraction of R-loops to TTS regions because of its broader definition of gene-end bound-
aries. UpSet analysis confirmed that many of these TTS-labeled regions overlapped with the
promoters or gene body elements (Figure S3D). Taken together, these results demonstrate
that Common R-loops predominantly reside within genic and promoter-proximal regulatory
regions, serving as genomic landmarks critical for transcriptional control and gene regulation.

Figure 2. Common R-loops preferentially enriched at genic regions. (A) Genomic annotation of
Common R-loop regions compared with individual datasets. The category “Others” represents
low-frequency annotations combined into a single group, including snoRNAs, DNA elements, and
other minor categories. (B) Genomic feature enrichment of individual R-loop peaks (gray) and
Common R-loop regions (red). Enrichment was calculated by comparing the observed distribution of
annotations with their expected genomic distribution. CpG islands, promoters, 5′UTRs, exons and
TTSs are strongly enriched, indicating that Common R-loop regions preferentially localize within
genic regions. LINE, long interspersed nuclear element; SINE, short interspersed nuclear element;
LTR, long terminal repeat; ncRNA, non-coding RNA.

2.3. Common R-Loops Are Associated with Highly Expressed RNA-Regulatory Genes

Given that Common R-loop regions are predominantly localized to promoter-proximal
regions, we next examined the genes associated with these sites and their biological functions.
To do this, we analyzed 10 RNA-seq datasets and identified 14,655 genes expressed in mESCs.
Based on TSS proximity, 7757 genes were classified as Common R-loop-associated genes.
These R-loop-associated genes showed high and stable expression in mESCs (Figure 3A). GO
over-representation analysis of R-loop-associated genes identified 166 statistically significant
Gene Ontology Biological Process (GOBP) terms. The most enriched biological processes
involved post-transcriptional regulatory pathways, such as mRNA processing, RNA splicing,
and ribonucleoprotein complex biogenesis (Figures 3B and S4A). Processes essential for
cellular maintenance were also identified, such as chromatin remodelling, DNA replication
and repair, cell cycle regulation, protein degradation, and signal transduction (Figure S4B).
To group these 166 GOBP terms into broader categories, we performed a semantic similarity-
based network analysis, which identified eight functional clusters (Figures 3C and S4C).
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Cluster 1, the largest and most cohesive cluster, was centered on RNA metabolism and was
subdivided into modules related to post-transcriptional regulation, ribosome biogenesis,
and protein turnover. Other clusters encompassed processes such as cell cycle regulation,
DNA replication, chromatin regulation, and signaling pathways, underscoring the broader
functional landscape of R-loop-associated genes. These trends were further supported by
GOCC and GOMF analyses. Common R-loop-associated genes were significantly enriched
for ribonucleoprotein structures, such as the spliceosome, nuclear speckles, and P-bodies
(Figure S5). Functionally, these genes were characterized by mRNA binding, ribonucleoprotein
complex binding and catalytic activity, acting on a nucleic acid (Figure S6). Cross-validation
using DAVID confirmed similar enrichment patterns, particularly for RNA-related functions
(Table S2). Collectively, Common R-loops are significantly enriched at genes orchestrating
post-transcriptional regulation.

Figure 3. Common R-loops are associated with highly expressed RNA-regulatory genes. (A) Mean ex-
pression (log10 TMM-normalized CPM) versus coefficient of variation (CV) of 14,655 genes (gray dots).
Genes associated with Common R-loops (n = 7757) are densely distributed in the high expression
and low variability region (gradient dots). Representative pluripotency markers (Pou5f1, Sox2, and
Nanog) are indicated. TMM, trimmed mean of M-values; CPM, count per million. (B) Top 10 GOBP
terms for Common R-loop-associated genes. (C) Semantic similarity–based network clustering of
166 enriched GOBP terms. The largest cluster consists predominantly of RNA-related processes,
while other clusters include pathways related to essential cellular processes.
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2.4. Common R-Loops Exhibit Uniform Positional Patterns Independent of Gene Function

Our GO analysis demonstrated that Common R-loop-associated genes cluster into
distinct functional categories. This finding prompted us to investigate whether the genomic
positioning of R-loops also differs between these functional groups. We next assessed
whether R-loop localization is dictated by specific gene function or if it occurs as a structural
by-product of transcription [3]. Using the functional clusters derived from the GOBP
network analysis, we compared the distribution of Common R-loops across 11 distinct
clusters (Figure S7A). As expected, the positional profiles of the Common R-loops were
highly consistent across all functional categories. This uniformity suggests that R-loop
localization is not dictated by gene function but is instead governed by general determinants
of transcriptional activity and local chromatin structure. This observation supports the
view that R-loops form opportunistically during transcription and are stabilized in specific
chromatin and sequence contexts [41,42]. To further investigate this, we explored the
chromatin state and sequence-level features of Common R-loop regions.

2.5. Common R-Loops Are Enriched in Transcriptionally Active and Regulatory Chromatin States

Building on our observation that R-loop positioning does not depend on gene function,
we next investigated their localization in relation to the local chromatin environment. Using
a universal chromatin state model that integrates 901 mouse epigenomic datasets [43], we
assessed the enrichment of Common R-loop regions across 100 chromatin states. Among
these, 38 states were significantly enriched, spanning 12 categories: TSS, Promoter Flank
(PromF), Bivalent Promoter (BivProm), Transcription and Exon (TxEx), Transcription (Tx),
Transcribed Enhancer (TxEnh), Weak Enhancer (EnhWk), Active Enhancer (EnhA), Open
Chromatin (OpenC), Polycomb Repressed and Open Chromatin (ReprPC openC), Zinc Finger
Genes (ZNF), and Assembly Gaps and Artifacts (GapArtf) (Figures 4A and S8A). The TSS and
PromF states displayed the highest enrichment, followed by TxEx, EnhA, and OpenC, which is
consistent with our earlier genomic annotations. These results indicate that Common R-loops
are preferentially located within transcriptionally active or regulatory chromatin contexts.

Figure 4. Chromatin state and sequence features define the landscape of Common R-loops. (A) The
38 significantly enriched chromatin states. (B) Log2-transformed enrichment of mean absolute GC

https://doi.org/10.3390/epigenomes10010016

https://doi.org/10.3390/epigenomes10010016


Epigenomes 2026, 10, 16 7 of 17

skew across chromatin states. Absolute skew values were calculated within 200 bp windows.
(C) Log2-transformed enrichment of predicted G4 structures across chromatin states. Each line repre-
sents results from three distinct methods: G4Boost (red triangle), G4Hunter (green circle), and quad-
parser (blue square). For (B,C), enrichment scores were defined as log2 (meanR-loop/meanbackground).
Statistical significance was evaluated using a permutation-based subsampling approach (n = 10,000).

2.6. GC Skew as a Sequence Signature of R-Loops in Transcribed Chromatin States

To define chromatin state-specific R-loop regions, the mouse genome was partitioned
into 200 bp windows and a ≥50% overlap criterion was applied based on coverage op-
timization (Figure S8). Previous studies have linked both GC skew and G4 to R-loop
formation [42,44]. We examined which feature more closely matches the sequence signa-
ture of R-loop regions within each chromatin state. Given the correlation between GC
skew and G4 motif density, complementary algorithms were applied to distinguish GC
skew from G4 motif enrichment and predicted G4 folding propensity. Absolute GC skew
was computed per 200-bp chromatin state window, and Common R-loop regions were
compared with state-matched ex-R-loop backgrounds. GC skew was significantly higher in
Common R-loop regions across multiple states, including EnhWk, Tx, TxEx, and TSS states
(Figure S9B), with the strongest enrichment in the transcribed chromatin states Tx and TxEx
(Figure 4B). Next, G4 motif enrichment and predicted G4 structure were evaluated using the
same state-stratified approach as for GC skew. Quadparser and G4Hunter identified strong
enrichment of putative G4 motifs in R-loop regions, most prominently in TxEnh, Tx, and
ZNF states (Figures 4C and S9C,D). However, G4 motif enrichment alone is insufficient to
infer structural folding. Therefore, G4Boost, a machine learning–based predictor trained on
G4-seq data, was used to estimate G4 folding propensity. Contrary to the motif enrichment
results, a comparable predicted G4 structure was observed in Common R-loop regions and
state-matched background regions (Figures 4C and S9E). Based on the G4Boost results, we
hypothesized that GC skew provides a stronger sequence signature for R-loop localization
than predicted G4 folding. Therefore, the hypothesis was tested using a Random Forest
permutation importance analysis, in which feature importance was quantified as the mean
decrease in AUC upon permutation of each feature (Figure S11). GC skew was the most
informative feature for distinguishing Common R-loop regions from matched background
(mean decrease in AUC = 0.0737), whereas the G4Boost-derived predicted G4 folding
metric was minimally informative (0.0038). GC skew also remained more informative than
the total G4 motif count. Together, these results indicate that GC skew is a more robust
sequence signature of R-loop localization in mESCs than predicted G4 structure.

2.7. Chromatin State-Dependent Motif Enrichment Delineates the Regulatory Context of Common
R-Loop Regions

To investigate the regulatory environment of Common R-loop regions, transcription
factor (TF) motif enrichment was analyzed across chromatin states. Distinct chromatin
state–specific motif patterns were observed (Figures 5A and S10). Notably, the POU-
Homeobox-HMG motifs, corresponding to the core pluripotency factors OCT4, SOX2,
TCF, and NANOG (OSTN), were highly enriched in the EnhA, EnhWk, ReprPC openC,
and Tx states. These results suggest that R-loops may cooperate with stem cell master
transcription factors at distal regulatory regions. Meanwhile, zinc finger (Zf) motifs were
widespread across chromatin states. However, unique chromatin-state preferences became
apparent after classification into six subclasses. CTCF motifs were enriched in the OpenC,
TxEx, EnhA, and PromF states, consistent with the established roles of CTCF in chromatin
insulation and enhancer-promoter interactions. A previous study has reported that R-loops
are enriched at CTCF binding regions, and our results support these findings [44]. YY1
motifs were enriched in the TSS state, suggesting a promoter-specific regulatory role with
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R-loops. Notably, YY1 has been reported to bind G4 structures, which often co-occur with
R-loops, to mediate enhancer-promoter looping [45,46]. To further explore the functional
relevance of these motifs, GO analysis was performed on genes proximal to R-loop regions
containing specific TF motifs. Genes associated with both OSTN motifs and Common R-
loops were enriched for cellular response to leukemia inhibitory factor, consistent with their
role in maintaining pluripotency [47,48] (Figure 5D). Genes associated with CTCF motifs
and Common R-loops were enriched for cytoplasmic translation (Figure 5E), whereas
genes with YY1 motifs and Common R-loops were enriched for RNA splicing and mRNA
processing (Figure 5F). Collectively, these results indicate that R-loops, in conjunction
with specific TF motifs, occupy distinct positional and functional niches: OSTN motifs
at enhancers are linked to pluripotency, CTCF motifs in open chromatin are linked to
translation, and YY1 motifs at promoters are linked to RNA processing.

Figure 5. Chromatin state-specific transcription factor motif patterns reveal the regulatory landscape of
Common R-loop regions. (A) Heatmap displaying the log2-transformed enrichment of TF motif families
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across different chromatin states. Black boxes highlight three representative motifs (OSTN, CTCF,
and YY1) selected for further characterization. (B) Detailed statistics for the representative motifs
highlighted in (A). The table lists the consensus sequence, statistical significance (p-value), and the
percentage of motif occurrence in the target (R-loop) versus background sequences. (C) Genomic
distribution of the identified TF motif loci relative to the TSS. The bar chart shows the proportion of
motifs located within specific distance intervals. (D–F) GOBP enrichment analysis for genes proximal
to R-loop regions containing (D) OSTN, (E) CTCF, or (F) YY1 motifs. In these dot plots, the x-axis
represents the statistical significance (−log10 p-value), the dot size indicates the number of genes
(Count) associated with each term, and the dot color corresponds to the fold enrichment calculated
via clusterProfiler.

3. Discussion
By integrating multi-platform R-loop profiling datasets from mESCs, we generated

high-confidence Common R-loop regions and systematically characterized their genomic
distribution, chromatin environment and functional associations. This resource provides
a robust reference for reproducible R-loop features in mESCs and offers insights into
how R-loops integrate into RNA biology. Defining Common R-loops by cross-dataset
concordance necessarily excludes non-consensus peaks, which are heterogeneous and may
reflect platform-specific signals and variability due to cell line and experimental differences.
Expanded, platform-stratified datasets with controlled designs will be required to resolve
their distinct features and regulatory roles in mESCs.

Our findings reinforce the concept that R-loops preferentially localize to promoter-
proximal and genic regions enriched in CpG islands, consistent with established roles
in transcriptional regulation. Genes associated with Common R-loops were highly and
stably expressed and were enriched for RNA metabolism pathways, particularly in mRNA
processing, splicing, and ribonucleoprotein complex assembly. However, functional associa-
tion should be distinguished from direct causality. Although R-loop–associated regions are
enriched near genes involved in RNA processing, the enrichment does not establish a direct
mechanistic role for the R-loop structures. Although our analyses focused on the functional
annotation of R-loop–associated genes rather than physical interactions with RNA process-
ing proteins, independent experimental studies have reported direct associations between
R-loops and RNA processing machinery. For example, proximity proteomics has identified
enrichment of splicing factors, mRNA export factors, and 3′–end processing proteins near
R-loops, and DEAD-box helicases have been shown to bind R-loops and regulate rRNA
processing [49–51]. In addition, the splicing factor XAB2 has been reported to bind R-loops
and modulate intron retention and genomic stability [20], while RNA-processing complexes
such as splicing proteins and the TREX complex can limit R-loop accumulation and pro-
mote mRNA export [6]. Together, these observations support the possibility that R-loops
can provide interaction interfaces for RNA-processing factors and, in specific contexts,
influence downstream RNA processing in a transcription–coupled manner.

Chromatin state-aware analyses revealed that Common R-loops are most enriched
in transcriptionally active and regulatory chromatin states, including transcription start
sites, promoter flanks, and active enhancers, which are frequently marked by H3K4me3
and H3K27ac. Such environments may favor R-loop persistence by supporting robust
transcription initiation and elongation and by maintaining accessible DNA templates.
At the sequence level, GC skew was significantly higher in Common R-loop regions,
particularly in transcriptionally active chromatin states. Putative G4 motifs (Quadparser
and G4Hunter) were also significantly more abundant in Common R-loop regions. In
contrast, the predicted G4 structure count (G4Boost) was comparable between Common R-
loop and background loci. Consistent with these comparisons, Random Forest permutation
importance analysis identified GC skew as the most important feature for distinguishing
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R-loop regions from background, with G4 motif counts providing weaker importance and
G4 structure counts contributing minimally. Together, these results suggest that Common
R-loops tend to occur at G-rich regions containing G4 motifs. High GC skew likely provides
a permissive thermodynamic sequence context that favors RNA:DNA hybridization [30,42].
Accordingly, GC-skewed sequences may favor R-loop formation, producing a displaced
G-rich single-stranded DNA. G4 folding could then occur on this displaced strand and
potentially stabilize the resulting structure, rather than initiating R-loop formation.

A TF motif enrichment analysis suggests that Common R-loop regions may reflect
both cell-type–specific and broadly conserved regulatory contexts. In mESCs, enhancer-like
R-loops are enriched for pluripotency-associated factor motifs, linking the sites to stem
cell identity programs. Therefore, further studies will be required to determine whether
enhancer-resident R-loops causally regulate pluripotency maintenance or lineage commit-
ment. On the other hand, enrichment of motifs for general transcription factors including
CTCF and YY1 may reflect a more broadly conserved regulatory mechanism. CTCF-
associated R-loops were enriched at open chromatin and linked to translation-related genes,
whereas YY1-associated R-loops were enriched at TSSs and associated with RNA splicing
and mRNA processing. Given the known function of CTCF and YY1 in chromatin organi-
zation, the results raise the possibility that these R-loops coordinate post-transcriptional
pathways across various biological contexts [44,52,53]. In addition, disruption of R-loop
regulation at the conserved loci could affect essential RNA processing pathways and poten-
tially contribute to RNA metabolism disorders, cancer, and other transcription-associated
diseases [41,54–56]. For example, altered YY1-associated R-loops could directly contribute
to the aberrant splicing patterns frequently observed in cancer and neurodegenerative
disorders. Defects in CTCF-associated R-loops may perturb translational control required
for cellular homeostasis.

In summary, we propose a model for the Common R-loop function in mESCs (Figure 6).
In the model, Common R-loops are enriched in accessible chromatin with distinct transcrip-
tion factor motif signatures, associating enhancer-linked regions with stem cell identity
programs and promoter/open-chromatin regions with RNA processing and translation.

Figure 6. Proposed model of Common R-loop function in mESCs. A proposed model integrating
chromatin context, GC skew, and transcription factor motif enrichments at the Common R-loop
regions. Common R-loops are broadly detected in accessible open chromatin. Enhancer-associated
Common R-loop regions show higher GC skew and enrichment of the OSTN motif. Promoter-
proximal and other accessible Common R-loop regions are enriched for motifs of transcription factors
such as YY1 and CTCF and are associated with genes involved in RNA processing and translation.
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4. Materials and Methods
4.1. Curation of R-Loop Datasets

Public R-loop profiling datasets for mESCs were collected by searching the GEO
DataSets database with the keywords “R-loop” and “RNA-DNA hybrid,” filtering for Mus
musculus data. This search yielded 78 R-loop and 35 RNA-DNA hybrid datasets. Of these,
22 datasets (13 R-loop, 4 RNase-treated, and 4 MNase) from seven studies were selected
(Table S1) [34,35,44,57–60]. The selected R-loop profiling methods included DRIP-seq,
DRIP-RNA-seq, MapR, BisMapR, HBD-seq, and CUT&Tag. Datasets were categorized by
R-loop probe type (S9.6 or dRNaseH) and the timing of R-loop detection (ex vivo or in situ).

4.2. Public Data Processing

The MapR, BisMapR, HBD-seq, CUT&Tag, and DRIP-seq datasets were processed
as follows: reads were trimmed using fastp (v0.23.4) [61,62] and aligned to the mouse
genome (mm10) using bowtie2 (v2.5.4) [63]. Raw BAM files were filtered using samtools
(v1.19.2) [64] to remove low-quality and unmapped reads (flag 0 × 4), retaining only
properly paired reads (flag 0 × 2) with a MAPQ ≥ 10. To minimize PCR duplicates, BAM
files were processed with samtools fixmate, coordinate-sorted, and deduplicated using
samtools markdup -r. To eliminate mitochondrial DNA, reads aligned to chromosome
chrM were removed using samtools view. Reads mapped to the ENCODE mm10 blacklist
regions were removed using bedtools intersect (v2.31.1) [65].

The DRIP-RNAseq datasets were processed as follows: reads were trimmed using
fastp and aligned to the mouse genome (mm10) using STAR aligner (v2.7.11b) [66]. Raw
BAM files were filtered using samtools to retain only reads with MAPQ ≥ 10, excluding
unmapped reads. Mitochondrial reads (chrM) were removed. Blacklist filtering was
performed using bedtools intersect.

Coverage tracks were generated using deepTools (v3.5.5) bamCoverage [67]. Peak
calling was performed using MACS3 (v3.0.2) callpeak [68].

RNA-seq datasets were processed as follows: reads were trimmed using fastp and
aligned to the mouse genome (mm10) using the STAR aligner. Read counts per gene
were quantified using featureCounts (v2.1.1) [69]. Lowly expressed genes were filtered by
calculating counts per million (CPM), retaining genes with CPM ≥ 1 in at least one sample.
TMM normalization was applied to correct for library size differences across samples. After
filtering and normalization, a final set of expressed genes was established for use as the
background gene set for subsequent enrichment analyses.

4.3. Identification of Common R-Loop Regions

To define consensus R-loop regions reproducibly detected across different profiling
methods, narrowPeak files were processed using bedtools multiIntersectBed (v2.31.1).
Regions were retained if at least one dataset from each experimental group (CUT&Tag,
HBD, DRIP, or MapR) exhibited a peak. To preserve the biological extent of the observed
peaks and avoid the reduction in peak size that can occur with intersection operations, we
retrieved the full span of the original peaks that contribute to each intersection. Adjacent
or overlapping peaks were merged using bedtools merge. The final merged regions were
designated as Common R-loop regions.

4.4. Gene Annotation and Functional Enrichment Analysis

Common R-loop regions were annotated to the nearest genes using ChIPseeker
(v1.44.0) [70] with the mm10 mouse genome annotation. Gene Ontology enrichment
analysis was performed using clusterProfiler (v4.16.0) [71] with all expressed genes from
the RNA-seq data as the background. GO terms with p-value < 0.01 and q-value < 0.05 were
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considered statistically significant. Redundancy reduction and clustering were performed
using enrichment map-based approaches. DAVID [72,73] was used for the cross-validation.

4.5. Chromatin State Annotation

Enrichment of Common R-loop regions across chromatin states was assessed using fold
enrichment values calculated via ChromHMM (v1.26) [74] based on universal chromatin
state annotations [43]. Fold enrichment was defined as (C/A)/(B/D), where:

A = total bases assigned to a chromatin state;
B = total bases covered by Common R-loop regions;
C = overlap bases between the chromatin state and Common R-loop regions;
D = total genome size.

4.6. Construction of Chromatin State-Specific R-Loop Regions

The mouse genome was partitioned into non-overlapping 200 bp windows based on
the universal chromatin state annotation. Contiguous segments of the same state were
divided into uniform windows. Windows overlapping Common R-loop regions were
identified using bedtools intersect. Several overlap thresholds (-f options: no threshold,
0.2, 0.5, and 0.8) were tested; the -f 0.5 threshold was selected based on the coverage and
chromatin state representation (Figure S8).

4.7. Nucleotide Skewness Analysis

GC skew [(G − C)/(G + C)] and AT skew [(A − T)/(A + T)] were calculated for each
200 bp window. Since strand information was not available, absolute skew values were
used. Skewness was compared between R-loop-rich regions and ex-R-loop background
regions within each chromatin state.

4.8. G-Quadruplex Motif Analysis

Canonical G-quadruplex (G4) motifs were identified using a regular expression-
based Quadparser (G3+N1–7G3+N1–7G3+N1–7G3+) [75]. G4Hunter was applied to score
G4-forming potential; scores ≥ 1.2 were considered G4-positive [76]. G4Boost, a machine-
learning model trained on G4-seq data, was used to predict G4 formation. The frequency
and score of the G4 motifs calculated using each method were compared between R-loop-
rich regions and ex-R-loop backgrounds [77].

4.9. Transcription Factor Motif Enrichment Analysis

Motif enrichment was analyzed using HOMER (v5.1) [78]. R-loop-rich regions were
used as the input, and the corresponding ex-R-loop segments were used as the background.
p-values, q-values, and fold enrichment were computed using HOMER with hypergeomet-
ric/binomial models.

4.10. Statistical Analysis

For nucleotide skewness and G4 motif analyses, statistical significance was evaluated
using a permutation-based subsampling approach. Within each chromatin state, the same
number of background regions as the input was randomly sampled 10,000 times to generate
a null distribution. The empirical p-values were calculated based on the proportion of
background means greater than or equal to the observed input mean. Z-scores were
computed for a standardized effect size. The enrichment score was calculated using the
following equation: log2

( meanR−loop
meanbackground

)
. Statistical significance was determined internally

for HOMER-based motif enrichment.
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5. Conclusions
By systematically integrating multi-platform R-loop profiling datasets from mESCs,

we identified a high-confidence set of conserved R-loop regions. These Common R-loops
are enriched at promoter-proximal and genic loci, particularly within genes involved in
RNA metabolism. Their localization within transcriptionally active chromatin states and
association with specific transcription factor networks, such as OCT4-SOX2-TCF-NANOG,
CTCF, and YY1, support a model in which conserved R-loops function as structural hubs
that bridge transcriptional and post-transcriptional regulation. The identification of GC
skew as a robust sequence signature, distinct from G4 structure, refines our understanding
of R-loop stability in active chromatin environments. This work establishes a foundational
resource for investigating R-loop function in stem cell biology and provides a framework
for identifying conserved regulatory R-loops in other cell types and disease states. The
reproducibility of these R-loop sites across platforms suggests they may serve as robust
biomarkers for R-loop dysregulation, while their functional enrichment at RNA process-
ing loci highlights them as potential therapeutic targets for diseases involving aberrant
RNA metabolism.
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mESC Mouse embryonic stem cell
DRIP DNA-RNA immunoprecipitation
HBD Hybrid binding domain
GOBP Gene ontology biological process
GOCC Gene ontology cellular component
GOMF Gene ontology molecular function
cCRE Candidate cis-regulatory element
TTS Transcription termination site
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LINE Long interspersed nuclear element
SINE Short interspersed nuclear element
LTR Long terminal repeat
ncRNA Non-coding RNA
TSS Transcription start site
PromF Promoter flank
BivProm Bivalent promoter
TxEx Transcription and exon
Tx Transcription
TxEnh Transcribed enhancer
EnhA Active enhancer
OpenC Open chromatin
ReprPC openC Polycomb repressed and open chromatin
ZNF Zinc finger genes
GapArtf Assembly gaps and artifacts
OSTN OCT4-SOX2-TCF-NANOG
NR Nuclear receptor
Zf Zinc finger

References
1. Thomas, M.; White, R.L.; Davis, R.W. Hybridization of RNA to double-stranded DNA: Formation of R-loops. Proc. Natl. Acad. Sci.

USA 1976, 73, 2294–2298. [CrossRef] [PubMed]
2. White, R.L.; Hogness, D.S. R loop mapping of the 18S and 28S sequences in the long and short repeating units of Drosophila

melanogaster rDNA. Cell 1977, 10, 177–192. [CrossRef]
3. Aguilera, A.; Garcia-Muse, T. R loops: From transcription byproducts to threats to genome stability. Mol. Cell 2012, 46, 115–124.

[CrossRef] [PubMed]
4. Santos-Pereira, J.M.; Aguilera, A. R loops: New modulators of genome dynamics and function. Nat. Rev. Genet. 2015, 16, 583–597.

[CrossRef]
5. Petermann, E.; Lan, L.; Zou, L. Sources, resolution and physiological relevance of R-loops and RNA-DNA hybrids. Nat. Rev. Mol.

Cell Biol. 2022, 23, 521–540. [CrossRef]
6. Lee, S.Y.; Kwak, M.J.; Kim, J.J. R-loops: A key driver of inflammatory responses in cancer. Exp. Mol. Med. 2025, 57, 1455–1466.

[CrossRef]
7. Xu, Y.; Jiao, Y.; Liu, C.; Miao, R.; Liu, C.; Wang, Y.; Ma, C.; Liu, J. R-loop and diseases: The cell cycle matters. Mol. Cancer 2024,

23, 84. [CrossRef]
8. Lee, H.G.; Imaichi, S.; Kraeutler, E.; Aguilar, R.; Lee, Y.W.; Sheridan, S.D.; Lee, J.T. Site-specific R-loops induce CGG repeat

contraction and fragile X gene reactivation. Cell 2023, 186, 2593–2609.e18. [CrossRef] [PubMed]
9. Zhang, S.; Liu, Y.; Sun, Y.; Liu, Q.; Gu, Y.; Huang, Y.; Zeng, Z.; Tang, F.; Ouyang, Y. Aberrant R-loop-mediated immune evasion,

cellular communication, and metabolic reprogramming affect cancer progression: A single-cell analysis. Mol. Cancer 2024, 23, 11.
[CrossRef]

10. Ouyang, Y.; Gu, Y.; Li, S.; Wei, X.; Liu, Y.; Wang, Z.; Tang, F.; Zhang, S. Dysregulation of R-loop homeostasis shapes the
immunosuppressive microenvironment and induces malignant progression in melanoma. Apoptosis 2025, 30, 131–148. [CrossRef]

11. Xu, C.; Li, C.; Chen, J.; Xiong, Y.; Qiao, Z.; Fan, P.; Li, C.; Ma, S.; Liu, J.; Song, A.; et al. R-loop-dependent promoter-proximal
termination ensures genome stability. Nature 2023, 621, 610–619. [CrossRef]

12. Castillo-Guzman, D.; Chedin, F. Defining R-loop classes and their contributions to genome instability. DNA Repair 2021, 106,
103182. [CrossRef]

13. Moore, M.J.; Proudfoot, N.J. Pre-mRNA processing reaches back to transcription and ahead to translation. Cell 2009, 136, 688–700.
[CrossRef]

14. Allison, D.F.; Wang, G.G. R-loops: Formation, function, and relevance to cell stress. Cell Stress 2019, 3, 38–46. [CrossRef] [PubMed]
15. Luna, R.; Gomez-Gonzalez, B.; Aguilera, A. RNA biogenesis and RNA metabolism factors as R-loop suppressors: A hidden role

in genome integrity. Genes Dev. 2024, 38, 504–527. [CrossRef] [PubMed]
16. Xu, C.; Wu, Z.; Duan, H.C.; Fang, X.; Jia, G.; Dean, C. R-loop resolution promotes co-transcriptional chromatin silencing. Nat.

Commun. 2021, 12, 1790. [CrossRef] [PubMed]
17. Qiu, Y.; Man, C.; Zhu, L.; Zhang, S.; Wang, X.; Gong, D.; Fan, Y. R-loops’ m6A modification and its roles in cancers. Mol. Cancer

2024, 23, 232. [CrossRef]

https://doi.org/10.3390/epigenomes10010016

https://doi.org/10.1073/pnas.73.7.2294
https://www.ncbi.nlm.nih.gov/pubmed/781674
https://doi.org/10.1016/0092-8674(77)90213-6
https://doi.org/10.1016/j.molcel.2012.04.009
https://www.ncbi.nlm.nih.gov/pubmed/22541554
https://doi.org/10.1038/nrg3961
https://doi.org/10.1038/s41580-022-00474-x
https://doi.org/10.1038/s12276-025-01495-0
https://doi.org/10.1186/s12943-024-02000-3
https://doi.org/10.1016/j.cell.2023.04.035
https://www.ncbi.nlm.nih.gov/pubmed/37209683
https://doi.org/10.1186/s12943-023-01924-6
https://doi.org/10.1007/s10495-024-02039-z
https://doi.org/10.1038/s41586-023-06515-5
https://doi.org/10.1016/j.dnarep.2021.103182
https://doi.org/10.1016/j.cell.2009.02.001
https://doi.org/10.15698/cst2019.02.175
https://www.ncbi.nlm.nih.gov/pubmed/31225499
https://doi.org/10.1101/gad.351853.124
https://www.ncbi.nlm.nih.gov/pubmed/38986581
https://doi.org/10.1038/s41467-021-22083-6
https://www.ncbi.nlm.nih.gov/pubmed/33741984
https://doi.org/10.1186/s12943-024-02148-y
https://doi.org/10.3390/epigenomes10010016


Epigenomes 2026, 10, 16 15 of 17

18. Chedin, F. Nascent Connections: R-Loops and Chromatin Patterning. Trends Genet. 2016, 32, 828–838. [CrossRef]
19. Kim, A.; Wang, G.G. R-loop and its functions at the regulatory interfaces between transcription and (epi)genome. Biochim. Biophys.

Acta Gene Regul. Mech. 2021, 1864, 194750. [CrossRef]
20. Goulielmaki, E.; Tsekrekou, M.; Batsiotos, N.; Ascensao-Ferreira, M.; Ledaki, E.; Stratigi, K.; Chatzinikolaou, G.; Topalis, P.;

Kosteas, T.; Altmuller, J.; et al. The splicing factor XAB2 interacts with ERCC1-XPF and XPG for R-loop processing. Nat. Commun.
2021, 12, 3153. [CrossRef]

21. Jin, B.; Zhu, J.; Pan, T.; Yang, Y.; Liang, L.; Zhou, Y.; Zhang, T.; Teng, Y.; Wang, Z.; Wang, X.; et al. MEN1 is a regulator of alternative
splicing and prevents R-loop-induced genome instability through suppression of RNA polymerase II elongation. Nucleic Acids
Res. 2023, 51, 7951–7971. [CrossRef]

22. Stratigi, K.; Siametis, A.; Garinis, G.A. Looping forward: Exploring R-loop processing and therapeutic potential. FEBS Lett. 2025,
599, 244–266. [CrossRef]

23. Chen, L.; Chen, J.Y.; Huang, Y.J.; Gu, Y.; Qiu, J.; Qian, H.; Shao, C.; Zhang, X.; Hu, J.; Li, H.; et al. The Augmented R-Loop Is
a Unifying Mechanism for Myelodysplastic Syndromes Induced by High-Risk Splicing Factor Mutations. Mol. Cell 2018, 69,
412–425.e6. [CrossRef]

24. Liu, Z.S.; Sinha, S.; Bannister, M.; Song, A.; Arriaga-Gomez, E.; McKeeken, A.J.; Bonner, E.A.; Hanson, B.K.; Sarchi, M.; Takashima,
K.; et al. R-Loop Accumulation in Spliceosome Mutant Leukemias Confers Sensitivity to PARP1 Inhibition by Triggering
Transcription-Replication Conflicts. Cancer Res. 2024, 84, 577–597. [CrossRef]

25. Chakraborty, P.; Huang, J.T.J.; Hiom, K. DHX9 helicase promotes R-loop formation in cells with impaired RNA splicing. Nat.
Commun. 2018, 9, 4346. [CrossRef] [PubMed]

26. Bhandari, J.; Guillen-Mendoza, C.; Banks, K.; Eliaz, L.; Southwell, S.; Eyaa, D.; Luna, R.; Aguilera, A.; Xue, X. The molecular
chaperone ALYREF promotes R-loop resolution and maintains genome stability. J. Biol. Chem. 2024, 300, 107996. [CrossRef]
[PubMed]

27. Merida-Cerro, J.A.; Chevreux, G.; Palancade, B.; Rondon, A.G.; Aguilera, A. Cellular imbalance of specific RNA-binding proteins
associates with harmful R-loops. PLoS Genet. 2025, 21, e1011491. [CrossRef]

28. Jayakumar, S.; Patel, M.; Boulet, F.; Aziz, H.; Brooke, G.N.; Tummala, H.; Pradeepa, M.M. PSIP1/LEDGF reduces R-loops at
transcription sites to maintain genome integrity. Nat. Commun. 2024, 15, 361, Erratum in Nat. Commun. 2024, 15, 4865. [CrossRef]

29. Belotserkovskii, B.P.; Tornaletti, S.; D’Souza, A.D.; Hanawalt, P.C. R-loop generation during transcription: Formation, processing
and cellular outcomes. DNA Repair 2018, 71, 69–81. [CrossRef]

30. Ginno, P.A.; Lott, P.L.; Christensen, H.C.; Korf, I.; Chedin, F. R-loop formation is a distinctive characteristic of unmethylated
human CpG island promoters. Mol. Cell 2012, 45, 814–825. [CrossRef]

31. Sanz, L.A.; Chedin, F. High-resolution, strand-specific R-loop mapping via S9.6-based DNA-RNA immunoprecipitation and
high-throughput sequencing. Nat. Protoc. 2019, 14, 1734–1755. [CrossRef]

32. Yan, Q.; Shields, E.J.; Bonasio, R.; Sarma, K. Mapping Native R-Loops Genome-wide Using a Targeted Nuclease Approach. Cell
Rep. 2019, 29, 1369–1380.e5. [CrossRef]

33. Wang, K.; Wang, H.; Li, C.; Yin, Z.; Xiao, R.; Li, Q.; Xiang, Y.; Wang, W.; Huang, J.; Chen, L.; et al. Genomic profiling of native R
loops with a DNA-RNA hybrid recognition sensor. Sci. Adv. 2021, 7, abe3516. [CrossRef] [PubMed]

34. Wulfridge, P.; Sarma, K. A nuclease- and bisulfite-based strategy captures strand-specific R-loops genome-wide. eLife 2021, 10,
e65146. [CrossRef] [PubMed]

35. Chen, P.B.; Chen, H.V.; Acharya, D.; Rando, O.J.; Fazzio, T.G. R loops regulate promoter-proximal chromatin architecture and
cellular differentiation. Nat. Struct. Mol. Biol. 2015, 22, 999–1007. [CrossRef]

36. Miller, H.E.; Montemayor, D.; Abdul, J.; Vines, A.; Levy, S.A.; Hartono, S.R.; Sharma, K.; Frost, B.; Chedin, F.; Bishop, A.J.R.
Quality-controlled R-loop meta-analysis reveals the characteristics of R-loop consensus regions. Nucleic Acids Res. 2022, 50,
7260–7286. [CrossRef]

37. Yu, K.; Chedin, F.; Hsieh, C.L.; Wilson, T.E.; Lieber, M.R. R-loops at immunoglobulin class switch regions in the chromosomes of
stimulated B cells. Nat. Immunol. 2003, 4, 442–451. [CrossRef]

38. Duquette, M.L.; Handa, P.; Vincent, J.A.; Taylor, A.F.; Maizels, N. Intracellular transcription of G-rich DNAs induces formation of
G-loops, novel structures containing G4 DNA. Genes Dev. 2004, 18, 1618–1629. [CrossRef] [PubMed]

39. Chen, L.; Chen, J.Y.; Zhang, X.; Gu, Y.; Xiao, R.; Shao, C.; Tang, P.; Qian, H.; Luo, D.; Li, H.; et al. R-ChIP Using Inactive RNase H
Reveals Dynamic Coupling of R-loops with Transcriptional Pausing at Gene Promoters. Mol. Cell 2017, 68, 745–757.e5. [CrossRef]

40. McLean, C.Y.; Bristor, D.; Hiller, M.; Clarke, S.L.; Schaar, B.T.; Lowe, C.B.; Wenger, A.M.; Bejerano, G. GREAT improves functional
interpretation of cis-regulatory regions. Nat. Biotechnol. 2010, 28, 495–501. [CrossRef]

41. Garcia-Muse, T.; Aguilera, A. R Loops: From Physiological to Pathological Roles. Cell 2019, 179, 604–618. [CrossRef]
42. Ginno, P.A.; Lim, Y.W.; Lott, P.L.; Korf, I.; Chedin, F. GC skew at the 5′ and 3′ ends of human genes links R-loop formation to

epigenetic regulation and transcription termination. Genome Res. 2013, 23, 1590–1600. [CrossRef]
43. Vu, H.; Ernst, J. Universal chromatin state annotation of the mouse genome. Genome Biol. 2023, 24, 153. [CrossRef]

https://doi.org/10.3390/epigenomes10010016

https://doi.org/10.1016/j.tig.2016.10.002
https://doi.org/10.1016/j.bbagrm.2021.194750
https://doi.org/10.1038/s41467-021-23505-1
https://doi.org/10.1093/nar/gkad548
https://doi.org/10.1002/1873-3468.14947
https://doi.org/10.1016/j.molcel.2017.12.029
https://doi.org/10.1158/0008-5472.CAN-23-3239
https://doi.org/10.1038/s41467-018-06677-1
https://www.ncbi.nlm.nih.gov/pubmed/30341290
https://doi.org/10.1016/j.jbc.2024.107996
https://www.ncbi.nlm.nih.gov/pubmed/39547511
https://doi.org/10.1371/journal.pgen.1011491
https://doi.org/10.1038/s41467-023-44544-w
https://doi.org/10.1016/j.dnarep.2018.08.009
https://doi.org/10.1016/j.molcel.2012.01.017
https://doi.org/10.1038/s41596-019-0159-1
https://doi.org/10.1016/j.celrep.2019.09.052
https://doi.org/10.1126/sciadv.abe3516
https://www.ncbi.nlm.nih.gov/pubmed/33597247
https://doi.org/10.7554/eLife.65146
https://www.ncbi.nlm.nih.gov/pubmed/33620319
https://doi.org/10.1038/nsmb.3122
https://doi.org/10.1093/nar/gkac537
https://doi.org/10.1038/ni919
https://doi.org/10.1101/gad.1200804
https://www.ncbi.nlm.nih.gov/pubmed/15231739
https://doi.org/10.1016/j.molcel.2017.10.008
https://doi.org/10.1038/nbt.1630
https://doi.org/10.1016/j.cell.2019.08.055
https://doi.org/10.1101/gr.158436.113
https://doi.org/10.1186/s13059-023-02994-x
https://doi.org/10.3390/epigenomes10010016


Epigenomes 2026, 10, 16 16 of 17

44. Wulfridge, P.; Yan, Q.; Rell, N.; Doherty, J.; Jacobson, S.; Offley, S.; Deliard, S.; Feng, K.; Phillips-Cremins, J.E.; Gardini, A.; et al.
G-quadruplexes associated with R-loops promote CTCF binding. Mol. Cell 2023, 83, 3064–3079.e5. [CrossRef] [PubMed]

45. Li, L.; Williams, P.; Ren, W.; Wang, M.Y.; Gao, Z.; Miao, W.; Huang, M.; Song, J.; Wang, Y. YY1 interacts with guanine quadruplexes
to regulate DNA looping and gene expression. Nat. Chem. Biol. 2021, 17, 161–168. [CrossRef] [PubMed]

46. Wulfridge, P.; Sarma, K. Intertwining roles of R-loops and G-quadruplexes in DNA repair, transcription and genome organization.
Nat. Cell Biol. 2024, 26, 1025–1036. [CrossRef]

47. Chambers, I.; Tomlinson, S.R. The transcriptional foundation of pluripotency. Development 2009, 136, 2311–2322. [CrossRef]
48. Niwa, H.; Ogawa, K.; Shimosato, D.; Adachi, K. A parallel circuit of LIF signalling pathways maintains pluripotency of mouse ES

cells. Nature 2009, 460, 118–122. [CrossRef]
49. Mosler, T.; Conte, F.; Longo, G.M.C.; Mikicic, I.; Kreim, N.; Mockel, M.M.; Petrosino, G.; Flach, J.; Barau, J.; Luke, B.; et al. R-loop

proximity proteomics identifies a role of DDX41 in transcription-associated genomic instability. Nat. Commun. 2021, 12, 7314.
[CrossRef] [PubMed]

50. Wu, T.; Nance, J.; Chu, F.; Fazzio, T.G. Characterization of R-Loop-Interacting Proteins in Embryonic Stem Cells Reveals Roles in
rRNA Processing and Gene Expression. Mol. Cell. Proteom. 2021, 20, 100142. [CrossRef]

51. Yan, Q.; Wulfridge, P.; Doherty, J.; Fernandez-Luna, J.L.; Real, P.J.; Tang, H.Y.; Sarma, K. Proximity labeling identifies a repertoire
of site-specific R-loop modulators. Nat. Commun. 2022, 13, 53. [CrossRef] [PubMed]

52. Beagan, J.A.; Duong, M.T.; Titus, K.R.; Zhou, L.; Cao, Z.; Ma, J.; Lachanski, C.V.; Gillis, D.R.; Phillips-Cremins, J.E. YY1 and CTCF
orchestrate a 3D chromatin looping switch during early neural lineage commitment. Genome Res. 2017, 27, 1139–1152. [CrossRef]

53. Weintraub, A.S.; Li, C.H.; Zamudio, A.V.; Sigova, A.A.; Hannett, N.M.; Day, D.S.; Abraham, B.J.; Cohen, M.A.; Nabet, B.; Buckley,
D.L.; et al. YY1 Is a Structural Regulator of Enhancer-Promoter Loops. Cell 2017, 171, 1573–1588.e28. [CrossRef]

54. Khan, E.S.; Danckwardt, S. Pathophysiological Role and Diagnostic Potential of R-Loops in Cancer and Beyond. Genes 2022, 13,
2181. [CrossRef]

55. Gatti, V.; De Domenico, S.; Melino, G.; Peschiaroli, A. Senataxin and R-loops homeostasis: Multifaced implications in carcinogene-
sis. Cell Death Discov. 2023, 9, 145. [CrossRef] [PubMed]

56. Zhang, F.; Wang, D.; Zhao, G.; Wang, D. Unraveling R-loops: The hidden drivers of inflammation and immune dysregulation.
Medicine 2025, 104, e42833. [CrossRef] [PubMed]

57. Sanz, L.A.; Hartono, S.R.; Lim, Y.W.; Steyaert, S.; Rajpurkar, A.; Ginno, P.A.; Xu, X.; Chedin, F. Prevalent, Dynamic, and Conserved
R-Loop Structures Associate with Specific Epigenomic Signatures in Mammals. Mol. Cell 2016, 63, 167–178. [CrossRef]

58. Lyu, J.; Shao, R.; Kwong Yung, P.Y.; Elsasser, S.J. Genome-wide mapping of G-quadruplex structures with CUT&Tag. Nucleic
Acids Res. 2022, 50, e13. [CrossRef]

59. Huang, X.; Balmer, S.; Lyu, C.; Xiang, Y.; Malik, V.; Wang, H.; Zhang, Y.; Cai, B.; Xie, W.; Hadjantonakis, A.K.; et al. ZFP281
controls transcriptional and epigenetic changes promoting mouse pluripotent state transitions via DNMT3 and TET1. Dev. Cell
2024, 59, 465–481.e6. [CrossRef]

60. Liu, T.; Shen, X.; Ren, Y.; Lu, H.; Liu, Y.; Chen, C.; Yu, L.; Xue, Z. Genome-wide mapping of native co-localized G4s and R-loops in
living cells. eLife 2024, 13, RP99026. [CrossRef] [PubMed]

61. Chen, S.; Zhou, Y.; Chen, Y.; Gu, J. fastp: An ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 2018, 34, i884–i890. [CrossRef]
[PubMed]

62. Chen, S. Ultrafast one-pass FASTQ data preprocessing, quality control, and deduplication using fastp. iMeta 2023, 2, e107.
[CrossRef]

63. Langmead, B.; Salzberg, S.L. Fast gapped-read alignment with Bowtie 2. Nat. Methods 2012, 9, 357–359. [CrossRef]
64. Danecek, P.; Bonfield, J.K.; Liddle, J.; Marshall, J.; Ohan, V.; Pollard, M.O.; Whitwham, A.; Keane, T.; McCarthy, S.A.; Davies, R.M.;

et al. Twelve years of SAMtools and BCFtools. GigaScience 2021, 10, giab008. [CrossRef]
65. Quinlan, A.R.; Hall, I.M. BEDTools: A flexible suite of utilities for comparing genomic features. Bioinformatics 2010, 26, 841–842.

[CrossRef]
66. Dobin, A.; Davis, C.A.; Schlesinger, F.; Drenkow, J.; Zaleski, C.; Jha, S.; Batut, P.; Chaisson, M.; Gingeras, T.R. STAR: Ultrafast

universal RNA-seq aligner. Bioinformatics 2013, 29, 15–21. [CrossRef]
67. Ramirez, F.; Ryan, D.P.; Gruning, B.; Bhardwaj, V.; Kilpert, F.; Richter, A.S.; Heyne, S.; Dundar, F.; Manke, T. deepTools2: A next

generation web server for deep-sequencing data analysis. Nucleic Acids Res. 2016, 44, W160–W165. [CrossRef]
68. Zhang, Y.; Liu, T.; Meyer, C.A.; Eeckhoute, J.; Johnson, D.S.; Bernstein, B.E.; Nusbaum, C.; Myers, R.M.; Brown, M.; Li, W.; et al.

Model-based analysis of ChIP-Seq (MACS). Genome Biol. 2008, 9, R137. [CrossRef] [PubMed]
69. Liao, Y.; Smyth, G.K.; Shi, W. featureCounts: An efficient general purpose program for assigning sequence reads to genomic

features. Bioinformatics 2014, 30, 923–930. [CrossRef] [PubMed]
70. Yu, G.; Wang, L.G.; He, Q.Y. ChIPseeker: An R/Bioconductor package for ChIP peak annotation, comparison and visualization.

Bioinformatics 2015, 31, 2382–2383. [CrossRef]

https://doi.org/10.3390/epigenomes10010016

https://doi.org/10.1016/j.molcel.2023.07.009
https://www.ncbi.nlm.nih.gov/pubmed/37552993
https://doi.org/10.1038/s41589-020-00695-1
https://www.ncbi.nlm.nih.gov/pubmed/33199912
https://doi.org/10.1038/s41556-024-01437-4
https://doi.org/10.1242/dev.024398
https://doi.org/10.1038/nature08113
https://doi.org/10.1038/s41467-021-27530-y
https://www.ncbi.nlm.nih.gov/pubmed/34916496
https://doi.org/10.1016/j.mcpro.2021.100142
https://doi.org/10.1038/s41467-021-27722-6
https://www.ncbi.nlm.nih.gov/pubmed/35013239
https://doi.org/10.1101/gr.215160.116
https://doi.org/10.1016/j.cell.2017.11.008
https://doi.org/10.3390/genes13122181
https://doi.org/10.1038/s41420-023-01441-x
https://www.ncbi.nlm.nih.gov/pubmed/37147318
https://doi.org/10.1097/MD.0000000000042833
https://www.ncbi.nlm.nih.gov/pubmed/40527823
https://doi.org/10.1016/j.molcel.2016.05.032
https://doi.org/10.1093/nar/gkab1073
https://doi.org/10.1016/j.devcel.2023.12.018
https://doi.org/10.7554/eLife.99026.3
https://www.ncbi.nlm.nih.gov/pubmed/39392462
https://doi.org/10.1093/bioinformatics/bty560
https://www.ncbi.nlm.nih.gov/pubmed/30423086
https://doi.org/10.1002/imt2.107
https://doi.org/10.1038/nmeth.1923
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1093/bioinformatics/btq033
https://doi.org/10.1093/bioinformatics/bts635
https://doi.org/10.1093/nar/gkw257
https://doi.org/10.1186/gb-2008-9-9-r137
https://www.ncbi.nlm.nih.gov/pubmed/18798982
https://doi.org/10.1093/bioinformatics/btt656
https://www.ncbi.nlm.nih.gov/pubmed/24227677
https://doi.org/10.1093/bioinformatics/btv145
https://doi.org/10.3390/epigenomes10010016


Epigenomes 2026, 10, 16 17 of 17

71. Yu, G.; Wang, L.G.; Han, Y.; He, Q.Y. clusterProfiler: An R package for comparing biological themes among gene clusters. OMICS
J. Integr. Biol. 2012, 16, 284–287. [CrossRef]

72. Huang, D.W.; Sherman, B.T.; Lempicki, R.A. Systematic and integrative analysis of large gene lists using DAVID bioinformatics
resources. Nat. Protoc. 2009, 4, 44–57. [CrossRef] [PubMed]

73. Sherman, B.T.; Hao, M.; Qiu, J.; Jiao, X.; Baseler, M.W.; Lane, H.C.; Imamichi, T.; Chang, W. DAVID: A web server for functional
enrichment analysis and functional annotation of gene lists (2021 update). Nucleic Acids Res. 2022, 50, W216–W221. [CrossRef]

74. Ernst, J.; Kellis, M. Chromatin-state discovery and genome annotation with ChromHMM. Nat. Protoc. 2017, 12, 2478–2492.
[CrossRef] [PubMed]

75. Huppert, J.L.; Balasubramanian, S. Prevalence of quadruplexes in the human genome. Nucleic Acids Res. 2005, 33, 2908–2916.
[CrossRef]

76. Bedrat, A.; Lacroix, L.; Mergny, J.L. Re-evaluation of G-quadruplex propensity with G4Hunter. Nucleic Acids Res. 2016, 44,
1746–1759. [CrossRef] [PubMed]

77. Cagirici, H.B.; Budak, H.; Sen, T.Z. G4Boost: A machine learning-based tool for quadruplex identification and stability prediction.
BMC Bioinform. 2022, 23, 240. [CrossRef]

78. Heinz, S.; Benner, C.; Spann, N.; Bertolino, E.; Lin, Y.C.; Laslo, P.; Cheng, J.X.; Murre, C.; Singh, H.; Glass, C.K. Simple combinations
of lineage-determining transcription factors prime cis-regulatory elements required for macrophage and B cell identities. Mol.
Cell 2010, 38, 576–589. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/epigenomes10010016

https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1038/nprot.2008.211
https://www.ncbi.nlm.nih.gov/pubmed/19131956
https://doi.org/10.1093/nar/gkac194
https://doi.org/10.1038/nprot.2017.124
https://www.ncbi.nlm.nih.gov/pubmed/29120462
https://doi.org/10.1093/nar/gki609
https://doi.org/10.1093/nar/gkw006
https://www.ncbi.nlm.nih.gov/pubmed/26792894
https://doi.org/10.1186/s12859-022-04782-z
https://doi.org/10.1016/j.molcel.2010.05.004
https://doi.org/10.3390/epigenomes10010016

	Introduction 
	Results 
	Integration of R-Loop Datasets Defines Common R-Loop Regions 
	Common R-Loops Are Preferentially Enriched at Genic Regions 
	Common R-Loops Are Associated with Highly Expressed RNA-Regulatory Genes 
	Common R-Loops Exhibit Uniform Positional Patterns Independent of Gene Function 
	Common R-Loops Are Enriched in Transcriptionally Active and Regulatory Chromatin States 
	GC Skew as a Sequence Signature of R-Loops in Transcribed Chromatin States 
	Chromatin State-Dependent Motif Enrichment Delineates the Regulatory Context of Common R-Loop Regions 

	Discussion 
	Materials and Methods 
	Curation of R-Loop Datasets 
	Public Data Processing 
	Identification of Common R-Loop Regions 
	Gene Annotation and Functional Enrichment Analysis 
	Chromatin State Annotation 
	Construction of Chromatin State-Specific R-Loop Regions 
	Nucleotide Skewness Analysis 
	G-Quadruplex Motif Analysis 
	Transcription Factor Motif Enrichment Analysis 
	Statistical Analysis 

	Conclusions 
	References

