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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. In this study, 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 metabolism process 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. Transcription factor motif analyses have identified distinct regulatory environments in 

Common R-loop regions, including pluripotency-associated OCT4-SOX2-TCF-NANOG motifs in 

enhancer, CTCF motifs in open chromatin, and YY1 motifs in promoter. Together, this study 

provided 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 highlight 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 hybridizes with 

its complementary DNA strand, displacing the non-template DNA into single-stranded DNA [1,2]. 

Initially regarded as rare byproducts of transcription, R-loops are now recognized as important 

regulators of transcription and genome stability [3–5]. Dysregulation of R-loop homeostasis has been 

implicated in diverse pathological contexts, including neurodegenerative disorders, 

immunodeficiencies, and cancer, often through the disruption of RNA metabolism and transcription-

coupled genome maintenance [6–10].  

The importance of the 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 recruitment of chromatin modifiers [11–19]. These functions directly intersect processes 

central to both development and disease. For instance, aberrant R-loop accumulation can impair RNA 
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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 

immunoprecipitation), MapR, HBD-seq (Hybrid binding domain), and CUT&Tag, have provided the 

precise, genome-wide R-loop distributions [30–35]. However, platform-specific biases generate 

variability in the R-loop peaks, complicating the identification of conserved R-loop regions that 

represent stable functional features within a given cell type. Previous 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]. Although these studies 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 embryonic 

stem cells (mESCs) and applying stringent criteria to identify R-loop regions consistently detected 

across multiple profiling strategies. We analyzed chromatin state and sequence feature to define the 

genomic, epigenomic, and regulatory landscapes of conserved R-loop regions. Our findings revealed 

that Common R-loops are preferentially located in transcriptionally 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 role 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 the 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 multiIntersectBed, 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, underscoring the reliability of the defined regions (Figure 1C and Figure 

S1B). The most Common R-loop regions were compact, with 93.5% ranging between 10 and 1,000 bp 

and most frequently between 100 and 200 bp (Figure 1D, Figure S1C, Figure S1D and Figure S1E), 

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 intergenic spaces (Figure 1E). Notably, 20.3% of CpG islands and 

4.49% of candidate cis-regulatory elements (cCRE) overlapped with Common R-loop regions, 

suggesting a potential role for R-loops in gene regulatory mechanisms.  

To explore the regulatory potential of these regions, we analyzed their genomic proximity 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). Gene 

Ontology Cellular Component (GOCC) and Molecular Function (GOMF) analysis results highlighted 

ribonucleoprotein complexes, P-bodies, and RNA-binding activities which raises the possibility that 

R-loops may be strategically positioned to influence genes involved in RNA metabolism. 
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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 (Read Per Genome Coverage) normalized bigwig 

files were used for visualization. (C) Genome browser snapshot of R-loop datasets in Pou5f1 locus, showing that 

the 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 island and candidate cis regulatory elements (cCREs) were defined using UCSC genome annotations. 

2.2. Common R-Loops Are Preferentially Enriched at Genic Regions 

To characterize the genomic distribution of Common R-loops, we compared their annotation 

profiles with those of individual datasets using HOMER. Common R-loop regions were markedly 

enriched at CpG island, promoter, 5′UTR, exon, and transcription termination sites (TTS), with 

enrichment exceeding those of individual peaks (Figure 2A and 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 rests. While HOMER annotated 21.9% of the regions as 

promoter-TSS, ChIPseeker classified 64.9% as promoter (Figure S3A, Figure S3B, and Figure S3C). 
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More than half of introns (57.3%) and exons (68.3%) annotated by HOMER corresponded to the 

promoter regions defined by the ChIPseeker (Figure S3E and Figure S3F). Thus, many Common R-

loop regions are localized to areas proximal to TSS. HOMER also assigns a larger fraction of R-loops 

to TTS regions because of its broader definition of gene-end boundaries. UpSet analysis confirmed 

that many of these TTS-labeled regions overlapped with the promoter or gene body elements (Figure 

S3D). Taken together, these results demonstrated 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 “etc” represents low-frequency annotations combined 

into a single group, including snoRNA, 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 island, 

promoter, 5′UTR, exon and TTSs are strongly enriched, indicating that Common R-loop regions preferentially 

localized within genic regions. TTS, transcription termination site; 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 the 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, 7,757 genes were classified as Common R-loop-associated. 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). The most enriched biological process was post-transcriptional regulatory pathway, such as 

mRNA processing, RNA splicing, and ribonucleoprotein complex biogenesis (Figure 3B and Figure 

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 (Figure 3C and 

Figure S4C). 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-body (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 
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enrichment patterns, particularly for RNA-related functions (Table S2). Collectively, these findings 

suggest that Common R-loops are not randomly distributed but are closely linked to genes 

orchestrating post-transcriptional regulation. 

 

Figure 3. Common R-loops are associated with highly expressed RNA-regulatory genes (A) Mean expression 

(log10 TMM-normalized CPM) versus coefficient of variation (CV) of 14,655 genes (gray dots). Genes associated 

with Common R-loops (n = 7,757) are densely distributed in high expression and low variability region (gradient 

dots). Representative pluripotency marker (Pou5f1, Sox2, and Nanog) are indicated. TMM, trimmed mean of M-

values; CPM, count per million. (B) Top 10 GOBP for Common R-loop-associated genes. (C) Semantic similarity–

based network clustering of 166 enriched GOBP. The largest cluster consists predominantly of RNA-related 

processes, while other clusters include pathways related to essential cellular processes. 

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-
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loops also differ 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 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: Transcription Start Site (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) (Figure 4A and Figure 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 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 of Common R-loop regions. TSS, transcription start site; PromF, promoter 
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flank; BivProm, bivalent promoter; TxEx, transcription and exon; Tx, transcription; TxEnh, transcribed enhancer; 

EnhWk, weak enhancer; EnhA, active enhancer; OpenC, open chromatin; ReprPC openC, polycomb repressed 

open chromatin; ZNF, zinc finger genes; GapArtf, assembly gaps and artifacts. (B) Log2-transformed enrichment 

(R-loop/background) of mean GC skew across the chromatin states. (C) Log2-transformed enrichment of 

predicted G4 structures across the chromatin states. Each lines represent results from three distinct prediction 

methods: G4Boost (red triangle), G4Hunter (green circle), and quadparser (blue square). 

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

We then characterized the sequence features within each state, focusing on features known to 

promote R-loop formation, specifically GC skew and G-quadruplex (G4) [42,44]. We first evaluated 

the nucleotide compositional asymmetry. GC skew was significantly higher in Common R-loop 

regions than in their state-matched background regions, particularly within the EnhWk, Tx, TxEx, 

and TSS states (Figure S9B). This trend was most pronounced in transcription elongation states (Tx 

and TxEx), indicating that GC skew is a key sequence feature that facilitates R-loop formation in 

transcriptionally active contexts (Figure 4B). We next assessed the enrichment of predicted G4 

structures. G4 motif searches using Quadparser and G4Hunter yielded consistent results, showing 

that G4 motifs are abundant across most chromatin states, with strong enrichment in TxEnh, Tx, and 

ZNF, but relatively lower abundance at TSS and BivProm (Figure 4C, Figure S9C, and Figure S9D). 

In contrast, a machine-learning-based predictor (G4Boost), which estimates G4 folding propensity 

based on G4-seq data, indicated that the number of predicted G4 structures was comparable between 

R-loop regions and background regions (Figure S9E right). The predicted G4 motifs exhibited high 

folding probabilities (0.9-0.92; Figure S9E left). This suggests that the potential to form a G4 structure 

is a general genomic property, not a feature unique to R-loop regions. Collectively, these results 

indicate that the GC skew, rather than G4 structure, is a robust sequence signature for R-loop 

localization especially in active transcribed chromatin states. 

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

Regions 

To investigate the regulatory environment of the Common R-loop regions, we analyzed the 

enrichment of transcription factor (TF) motifs across the chromatin states (Figure 5A). Analysis 

revealed distinct chromatin state–specific motif patterns. 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 factor at distal regulatory regions. Meanwhile, zinc 

finger (Zf) motifs were widespread across the chromatin states. However, unique chromatin-state 

preferences were revealed after classifying them into six subclasses. CTCF motifs were enriched in 

the OpenC, TxEx, EnhA, and PromF states. This is an expected finding, as these states represent key 

regulatory regions for chromatin insulation and enhancer-promoter interactions which are 

established roles of CTCF. Previous studies have reported that R-loops are enriched at CTCF binding 

regions, and our results support these findings [44]. The YY1 motifs were enriched in TSS states, 

suggesting a promoter-specific regulatory role with R-loops. It is noteworthy that the YY1 protein 

has been shown 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, we performed 

GO analysis of genes proximal to the R-loop regions co-occupied by specific TF motifs. Genes 

associated with both OSTN motif and Common R-loops were enriched for cellular response to 

leukemia inhibitory factors, 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 revealed that R-loops, in conjunction with specific TF motifs, occupy 

distinct positional and functional niches: OSTN motifs at enhancers are linked to pluripotency, CTCF 
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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 regulatory landscape of Common R-

loop regions. (A) Heatmap of transcription factor (TF) motif family enrichment across the chromatin states. (B) 

Consensus sequences and statistical enrichment values of representative motifs, which correspond to the motif 

highlighted by black boxes in (A). (C) Distance distribution of transcription factor motif loci relative to TSS. (D-

F) GOBP enrichment of genes proximal to R-loop regions containing (D) OSTN, (E) CTCF, or (F) YY1 motifs. 

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 relevance. This resource offers new insights into the 

integration of R-loops into RNA biology, with implications for development, genome regulation, and 

disease.  

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 January 2026 doi:10.20944/preprints202601.0127.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0127.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 16 

 

Our findings reinforce the concept that R-loops are preferentially localized to promoter-

proximal and genic regions enriched in CpG islands, consistent with their established roles in 

transcriptional regulation. Notably, genes associated with Common R-loops were highly and stably 

expressed, with functional enrichment in RNA metabolism, particularly in mRNA processing, 

splicing, and ribonucleoprotein complex assembly. Although our analysis focused on the biological 

functions of genes associated with Common R-loop regions rather than their physical interactions 

with RNA processing proteins, multiple experimental studies have demonstrated that R-loops 

directly interact with RNA processing machinery. For instance, proximity proteomics has revealed 

enrichment of splicing factors, mRNA export and 3’ end processing proteins near R-loops, while 

DEAD-box helicases have been shown to bind R-loops and regulate rRNA processing [49–51]. 

Moreover, the splicing factor XAB2 can bind directly to R-loops and modulate intron retention and 

genomic stability [20], and RNA-processing complexes, such as splicing proteins and the TREX 

complex, functionally prevent R-loop formation and promote mRNA export [6]. These strong 

associations with post-transcriptional regulatory pathways suggest that Common R-loops serve as 

structural platforms at the transcriptional level by integrating gene expression with post-

transcriptional regulation in RNA biology. 

Chromatin state-aware analyses have 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 often marked by histone modifications, such as H3K4me3 

and H3K27ac. This context likely facilitates R-loop stabilization by promoting transcription initiation 

and elongation as well as by maintaining accessible DNA templates. At the sequence level, we 

identified the GC skew as a consistent determinant of R-loop formation in active chromatin contexts. 

Using quadparser and G4Hunter, we found that putative G4 motifs are significantly enriched within 

R-loop regions compared with background loci. In contrast, G4Boost, which was trained on G4-seq 

data to predict sequences with high intrinsic G4-folding propensity, did not reveal a corresponding 

enrichment of strongly predicted G4 structures in R-loop regions. These observations suggest that R-

loops preferentially occur at G-rich loci harboring potential G4 motifs, but that R-loop localization is 

not strictly determined by sequences with exceptionally high intrinsic G4-forming capacity as defined 

by G4Boost. Rather, we propose that R-loop formation itself, by generating stretches of single-

stranded G-rich DNA, may increase the opportunity for G4 folding at these sites. 

Co-localization of R-loops with transcription factor motifs revealed distinct regulatory 

environments. Pluripotency-associated factors (OCT4, SOX2, TCF, and NANOG) were enriched in 

enhancer-like R-loop regions, suggesting their role in maintaining stem cell identity. CTCF-associated 

R-loops were enriched in the open chromatin state and linked to translation-related genes. This 

association may reflect broader role of CTCF in organizing the chromatin architecture to facilitate 

transcriptional programs, including those that govern protein synthesis [44]. YY1-associated R-loops 

in promoters are enriched for RNA splicing and mRNA processing, reinforcing the connection 

between R-loops and RNA metabolism. Moreover, CTCF and YY1 cooperate to establish 

developmentally regulated chromatin loops, with YY1-mediated enhancer-promoter interactions 

often nested within CTCF-anchored topological domains [52,53]. This raises the possibility that R-

loops, together with CTCF and YY1, act cooperatively as structural platforms to coordinate post-

transcriptional pathway regulation in pluripotent cells. 

From a disease perspective, our data suggest that the disruption of R-loop regulation at these 

conserved sites could impact essential RNA processing pathways, potentially contributing to the 

pathogenesis of RNA metabolism disorders, cancer, and other transcription-associated diseases 

[41,54–56]. The identification of sequences and chromatin features that stabilize R-loops may inform 

strategies to selectively target pathological R-loop accumulation or harness R-loops as biomarkers for 

RNA-targeted therapies. 

In summary, this study defined the conserved R-loop landscape in mESCs and provided a 

framework for integrating chromatin context, sequence determinants, and transcription factor 

associations into models of R-loop function. By bridging transcription and RNA metabolism, these 
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structures have emerged as key players in RNA biology, with broad relevance to development, 

disease, and therapeutic innovation. 

4. Materials and Methods 

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]. R-loop 

profiling methods include 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). 

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. The mitochondrial 

reads (chrM) were removed. Blacklist filtering was performed using bedtools intersect. 

The 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. The 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. Trimmed mean of M-value 

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. 

Identification of Common R-Loop Regions 

To define the 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 Common R-loop regions. 

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 (GO) enrichment analysis was performed 

using clusterProfiler (v4.16.0) [71] using all expressed genes from the RNA-seq data as the 
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background. GO terms with P-value < 0.01 and q-value < 0.05 were considered statistically significant. 

Redundancy reduction and clustering were performed using enrichment-map-based approaches. 

DAVID [72,73] was used for the cross-validation. 

Chromatin State Annotation 

Enrichment of Common R-loop regions across chromatin states was assessed using fold 

enrichment values calculated using ChromHMM (v1.26) [74] based on universal chromatin state 

annotation [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. 

Construction of Chromatin State-Specific R-Loop Rich Regions 

The mouse genome was partitioned into non-overlapping 200 bp windows based on universal 

chromatin state annotation. The 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). 

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 the R-loop-rich regions and ex-R-loop background within each chromatin state.  

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]. 

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 hypergeometric/binomial models. 

Statistical Analysis 

For nucleotide skewness and G4 motif analyses, the 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 following equation: 𝒍𝒐𝒈𝟐(
𝑰𝒏𝒑𝒖𝒕 𝒎𝒆𝒂𝒏

𝒃𝒂𝒄𝒌𝒈𝒓𝒐𝒖𝒏𝒅 𝒎𝒆𝒂𝒏
) . Statistical 

significance was determined internally for HOMER-based motif enrichment. 

5. Conclusions 

By systematically integrating multiplatform R-loop profiling datasets from mESCs, we identified 

a high-confidence set of conserved R-loop regions and characterized their genomic distribution, 
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chromatin context, and regulatory associations. These Common R-loops are not randomly distributed 

but are enriched at promoter-proximal and genic loci, particularly in 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 platforms that bridge transcriptional and 

post-transcriptional regulation. The identification of GC skew as a robust sequence determinant 

further refines our understanding of R-loop stability in active chromatin environments. Disruption 

of these conserved R-loop features can perturb essential RNA-processing pathways and contribute 

to disease pathogenesis. This work provides a foundational framework for future studies to explore 

the mechanistic roles of R-loops in RNA biology and evaluate their potential as biomarkers or 

therapeutic targets. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

mESC Mouse embryonic stem cell 

DRIP DNA-RNA immunoprecipitation 

HBD Hybrid binding domain 

GO Gene ontology 

GOBP Gene ontology biological process 

GOCC Gene ontology cellular component 

GOMF Gene ontology molecular function 

cCRE Candidate cis regulatory element 

TTS Transcription termination site 

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 
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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 
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