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SUMMARY

DNA:RNA hybrids play key roles in both physiological and disease states by regulating chromatin and
genome organization. Their homeostasis during cell differentiation and cell plasticity remains elusive. Using
an isogenic human stem cell platform, we systematically characterize R-loops, DNA methylation, histone
modifications, and chromatin accessibility in pluripotent cells and their lineage-differentiated derivatives.
We confirm that a portion of R-loops formed co-transcriptionally at pluripotency genes in pluripotent stem
cells and at lineage-controlling genes in differentiated lineages. Notably, a subset of R-loops maintained after
differentiation are associated with repressive chromatin marks on silent pluripotency genes and undesired
lineage genes. Moreover, in reprogrammed pluripotent cells, cell-of-origin-specific R-loops are initially present but are resolved with serial passaging. Our analysis suggests a multifaceted role of R-loops in cell fate
determination that may serve as an additional layer of modulation on cell fate memory and cell plasticity.

INTRODUCTION
R-loops, or DNA:RNA hybrids, are non-canonical nucleic acid
structures found ubiquitously from bacteria to mammals with
multifaceted effects on genome dynamics and function (Aguilera
and Garcı́a-Muse, 2012; Chen et al., 2015; Skourti-Stathaki and
Proudfoot, 2014; Santos-Pereira and Aguilera, 2015). Genomewide mapping of DNA:RNA hybrids showed that R-loops are
likely to form at multiple loci across the genome (Garcı́a-Muse
and Aguilera, 2019; Huertas and Aguilera, 2003; Niehrs and
Luke, 2020; Sanz et al., 2016). A group of ‘‘regulatory’’ R-loops
is known to function at all stages of gene expression from transcription initiation to its termination. R-loops can act as transcriptional activators or repressors at specific gene loci via
various mechanisms in different cell types, although the detailed

mechanistic actions of how R-loops regulate physiological cell
fate changes are still unknown. Other R-loop hotspots include
retrotransposons (i.e., LINE-1), telomeres, ribosomal RNA
(rRNA), and transfer RNA (tRNA) loci (Nadel et al., 2015; Niehrs
and Luke, 2020). R-loops are also reported to stimulate
formation of heterochromatin by facilitating the compaction of
repetitive sequences (Kireeva et al., 2000; Nadel et al., 2015).
Furthermore, R-loops interplay with various chromatin modulators to regulate chromatin accessibility and topology (Castellano-Pozo et al., 2013). R-loops accumulate on enhancers,
promoters, and terminators of active genes and usually colocalize with active histone marks such as tri-methylation of
lysine 4 of histone H3 (H3K4me3) and histone acetylation,
although they have also been found to associate with repressive
histone marks and DNA methylation at silent chromatin
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(Castellano-Pozo et al., 2013; Ginno et al., 2012). While these
and other studies have elegantly delineated a key role for Rloops in modulating chromatin architecture, chromatin accessibility, and transcription in different cellular processes, R-loop homeostasis during cell differentiation and cell plasticity is not yet
understood. Therefore, a comprehensive and interactive atlas
profiling R-loops in the context of key epigenetic marks, such
as DNA methylation, histone modifications, chromatin accessibility, and the transcriptome, in a robust and tractable human
cellular model system may provide systematic information to
reveal R-loop changes in association with other epigenetic
modifications.
Human pluripotent stem cells (hPSCs) possess the ability to
generate most of the functionally specialized cells of an organism (Avior et al., 2016). Numerous studies have established protocols to derive differentiated human cells, including neural stem
cells (hNSCs), mesenchymal stem cells (hMSCs), vascular endothelial cells (hVECs), and vascular smooth muscle cells
(hVSMCs), with similar efficiencies from both human embryonic
stem cells (hESCs) and human induced pluripotent stem cells
(hiPSCs) (Duan et al., 2015; Kubben et al., 2016; Li et al.,
2009b, 2011; Liu et al., 2008, 2012; Wang et al., 2020; Yan
et al., 2019; Zhang et al., 2015, 2018). Based on these and other
advances, hPSCs have become a widely used model to mimic
some of the cell fate changes that take place during embryonic
development. Several groups have investigated the genomewide distributions of histone modifications and DNA methylation
in pluripotent and differentiated cell types, revealing that histone
modifications (like H3K27me3) and DNA methylation coordinate
together to regulate the expression of lineage-specific genes (Allis and Jenuwein, 2016; Bird, 2002; Hawkins et al., 2010; Heintzman et al., 2009; Ji et al., 2016; Kouzarides, 2007; Kundaje et al.,
2015; Lister et al., 2009; Song et al., 2011; Theunissen and Jaenisch, 2017; Xi et al., 2007; Xie et al., 2013). This notwithstanding,
the emerging role of R-loops as an epigenetic regulator suffices
the need to profile R-loop changes synergistically with other
epigenetic marks to examine whether R-loops may add a new
regulatory layer to lineage specification and acquisition of
cellular identity in hPSC models. The high developmental potential possessed by hiPSCs makes them an attractive human disease model and, in general, key tools in regenerative medicine
(Hou et al., 2013; Shu et al., 2013; Wernig et al., 2007; Yamanaka,
2009; Yu et al., 2009). Besides these attributes, hiPSCs also
display epigenetic features, such as DNA methylation and
H3K27me3 patterns, which are distinct from hESCs but reminiscent of their donor cells. This phenomenon is believed to be a
consequence of the reprogramming process and is commonly
referred as ‘‘epigenetic memory’’ (Doi et al., 2009; Kim et al.,
2010). It is not yet known whether R-loops in hiPSCs might
also serve as a major type of epigenetic memory or whether
they function as a driver for lineage differentiation in hPSCs
more broadly.
Here, we differentiated hESCs into a variety of cell types,
including hNSCs, hMSCs, hVECs, and hVSMCs. To eliminate
confounding results that may arise from comparing cell types
of different genetic backgrounds, we reprogrammed the hESCderived hNSCs into hiPSCs. Thus, we generated a platform to
study early human cell specification and reprogramming in an
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isogenic background. For each cell type, we generated strandspecific R-loop maps accompanied by their transcriptomes, a
series of histone modification profiles, chromatin accessibility
landscapes, and DNA methylation maps at single-nucleotide
resolution. We found that R-loops formed co-transcriptionally
at cell-type-specific genes and were associated with specific
chromatin states during cell fate transition. During reprogramming, the residual R-loop signatures inherited from their donor
cells served as a form of epigenetic memory in early-passage
hiPSCs, which could be erased by serial passaging. Our work
constitutes the R-loop atlas surveying human cell programming
and reprogramming and provides clues that R-loops may serve
as key epigenetic modulators of epigenomic state switches that
underlie cell lineage commitment.
RESULTS
Mapping Multilayer Epigenetic Landscapes in hPSCs
and Their Differentiated Derivatives
To systemically study correlation between R-loops and known
epigenetic modifications during cell fate determination, we
differentiated the hESC line H9 into hNSCs, hMSCs, hVECs,
and hVSMCs (Figures 1A and S1) (Duan et al., 2015; Liu et al.,
2012; Yan et al., 2019; Zhang et al., 2015, 2018). As neural
stem cells are relatively easy to reprogram due to endogenous
SOX2 expression, we reprogrammed hESC-derived hNSCs
into hiPSCs (Figure 1A) (Duan et al., 2015; Kim et al., 2009; Liu
et al., 2011). This approach also ensured that all of our cell types
had the same genetic background. The expression of lineage
markers for each cell type was confirmed by immunofluorescence staining or fluorescence-activated cell sorting (FACS)
(Figures S1A, S1B, and S1F–S1I). In addition, we demonstrated
that hiPSCs expressed pluripotent markers, including OCT4,
SOX2, and NANOG, and were able to form teratomas when
transplanted into immunodeficient mice (Figures S1A–S1D).
hESCs and hiPSCs were confirmed to have normal karyotype
and minimal genomic variation as detected by deep wholegenome sequencing (WGS) (Figures S1C and S1E). For hMSCs,
we confirmed their multipotent differentiation potential by differentiation into osteoblasts, chondrocytes, and adipocytes (Figure S1J) (Chamberlain et al., 2007; Deng et al., 2019; Zhang
et al., 2015). To characterize molecular identities of these six
cell types, we examined their transcriptomes by paired-end
RNA sequencing (RNA-seq) experiments. Among 7,944 identified cell-type-specific genes differentially expressed across
cell types, we found that canonical lineage markers were all preferentially expressed in corresponding cell types, such as
POU5F1 (OCT4) and NANOG in hESCs and hiPSCs, NES and
PAX6 in hNSCs, CD34 in hVECs, ADM2 in hVSMCs, and NT5E
(CD73) in the hMSC lineage (Figure S1K; Table S1).
For each cell type, we mapped strand-specific R-loops
through a noninvasive single-stranded DNA:RNA immunoprecipitation sequencing (ssDRIP-seq) method (Xu et al., 2017,
2020; Yang et al., 2019). Moreover, we profiled four typical histone modifications, including active histone marks (H3K4me3
and H3K27ac), a transcription elongation-related histone mark
(H3K36me3), and a repressive histone mark (H3K27me3), by
chromatin immunoprecipitation sequencing (ChIP-seq) and
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Figure 1. R-loop Landscapes in hESCs, Their Derivatives, and hiPSCs
(A) Schematic illustrating the roadmap of cell lineage specification in Waddington’s epigenetic landscape and the transcriptomic and epigenomic datasets
generated in this study.
(B) Representative tracks showing Watson/forward-strand G/C skew (G/C skew +), ssDRIP-seq signal (reads per kilobase of bin per million reads [RPKM]) of
unstranded R-loop (R-loop all), Watson/forward-strand R-loop (R-loop +), Crick/reverse-strand R-loop (R-loop -), enrichment (RPKM) of ATAC-seq and ChIP-seq
of four key histone modifications (H3K27ac, H3K4me3, H3K36me3, and H3K27me3), DNA methylation level (mCG/CG), and transcriptional level (RPKM) in hESC.
(C) Metaplot showing base compositions, G/C contents, and G/C skews in 500 bp flanking regions of the centers of R-loop peaks in hESC.

(legend continued on next page)
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performed whole-genome bisulfite sequencing (WGBS) in each
cell type to assess DNA methylation at single-base resolution.
Finally, we employed the assay for transposase-accessible
chromatin sequencing (ATAC-seq) in all six cell types to profile
chromatin accessibility (Figures 1A, 1B, and S1L) (Wu et al.,
2016). Taken together, this breadth of data allows for a comprehensive genome-wide investigation into R-loop dynamics in
concert with other epigenetic modifications during lineage
determination.

R-loop Distribution and Characteristics across the
Human Genome
As expected, the formation of R-loops correlated with high G/C
skew and G-quadruplex, supporting a genuine reflection of Rloop distribution by our ssDRIP-seq data (Figures 1C, S2A,
and S2B) (Chen et al., 2017; Zhang et al., 2014). Overall,
536,897 Watson/forward-strand R-loop (R-loop +) peaks and
502,402 Crick/reverse-strand R-loop (R-loop -) peaks were identified, representing 5% of the human genome across all six cell
types regardless of strand specificity (on average, 5.75% for
Watson/forward strand and 5.44% for Crick/reverse strand) (Figures 1D–1H), which were consistent with previous studies (Ginno
et al., 2012; Sanz et al., 2016; Stork et al., 2016). Among them,
25% of peaks (24.65% of R-loop + peaks and 24.41% of Rloop - peaks) were shared across all cell types, and 30% of
peaks (31.27% of R-loop + peaks and 33.54% of R-loop - peaks)
were cell-type-specific (Figure 1E).
In all six cell types, the majority of R-loops were found in the
gene body (34%) and intergenic regions (50%), and R-loops
were also observed in the promoters (8%) and terminal regions
(8%) (Figure 1I). Since these intergenic regions were scattered
with repetitive elements, we quantified R-loop levels on all major
repetitive elements. In this analysis, we found that long interspersed nuclear elements (LINE), short interspersed nulear elements (SINE), rRNA, and tRNA loci were preferentially enriched
with R-loops in all six cell types (Figure 1J). Of note, rRNA and
tRNA loci are well-known R-loop hotspots, which supports the
reliability of our R-loop profiling in repetitive regions (Nadel
et al., 2015).
We roughly divided R-loop peaks by their length into three
types: narrow-size distribution (hill: 100–5,836 bp), broad distribution (mountain: 5,837–16,779 bp), and supersize distribution
(range: >16,779 bp) (Figures S2C–S2E). Except for the mitochondrial genome (Brown et al., 2008), we found that R-loops
in the ‘‘supersize distribution’’ group, though comprising a very
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small percentage of total R-loops, were mainly distributed at
centromeric regions containing satellite repeats in each chromosome except for hMSCs, as hMSCs possessed much more
supersized R-loops that lowered the proportion of R-loops enriched at centromeric regions (Figures S2F–S2K). Consistently,
we noticed that the increase of long R-loops correlates with
enrichment of satellite repeats (Figure S2L), implicating that
supersize R-loops may participate in centromere function (Castellano-Pozo et al., 2013; Kabeche et al., 2018; Shirai et al.,
2017). Thus, we revealed the genome-wide distribution,
frequency, and length of R-loop signals in hESCs and their four
derivatives, along with hiPSCs. This roadmap sets up a reference
for combinatorial analysis with global RNA expression and chromatin state profiles.

R-loops Formed Co-transcriptionally at LineageSpecific Genes during Cell Differentiation
The R-loop structure is mostly generated during gene transcription and commonly formed in the sense orientation (Niehrs and
Luke, 2020; Sanz et al., 2016). Consistently, we also found that
global sense R-loop levels correlated positively with the strength
of gene expression in multiple cell types (Figures 2A and S3A–
S3C).
Further, we focused on cell-type-specifically expressed genes
that were positively correlated with their sense R-loop signals.
Indeed, we found that this type of R-loop was enriched on corresponding cell-type-specific genes, including key transcription
factors essential for specific features of each cell type (Figures
2B and S3D; Tables S2 and S3). For example, hESC- and
hiPSC-specific R-loops were identified within genes related to
transcriptional regulation of pluripotency, such as POU5F1
(OCT4) and NANOG. hNSC-specific R-loops were mainly found
within genes related to neural specification pathways, such as
PAX6, DLL1, and POU3F2. hVEC-specific R-loops were identified
within genes for vascular development and endothelial cell differentiation, such as NOS3 and CD34. hVSMC-specific R-loops
were mainly found within genes associated with blood vessel
development and smooth muscle cell differentiation, such as
GATA6 and ADM2. Lastly, hMSC-specific R-loops were mostly
identified within mesenchymal cell differentiation genes, such
as SEMA7A and PDGFRB (Figures 2B–2D and S3D; Table S2).
Furthermore, the protein-protein interaction networks constructed from genes identified with cell-type-specific R-loops
encapsulated extensive interconnections among the core regulators (Figure 2C; Table S2). Therefore, cell-type-specific R-loops

(D) Circos plot showing the unstranded R-loop (R-loop all) signals (RPKM) across all the chromosomes in each 500-kb bin for hESC, hiPSC, hNSC, hVEC, hVSMC,
and hMSC.
(E) Heatmaps showing R-loop peaks (left: Watson/forward-strand R-loop [R-loop +]; right: Crick/reverse-strand R-loop [R-loop -]), partitioned by the number of
cell types they occupied, from those shared by all six cell types to those of cell-type specificity. Red, Watson/forward-strand R-loop (R-loop +) peaks; blue, Crick/
reverse-strand R-loop (R-loop -) peaks; gray, no R-loop peaks. The hiPSC data used in this figure were from early-passage hiPSC.
(F) Representative tracks showing shared and cell-type-specific R-loop peaks (blue, Watson/forward-strand R-loop [R-loop +] peaks; light blue, Crick/reversestrand R-loop [R-loop -] peaks), along with the G/C skews of these regions. Genomic regions of shared and cell-type-specific R-loop peaks are highlighted by a
gray rectangle. The hiPSC data used in this figure were from early-passage hiPSC.
(G) Bar plot showing the count of Watson/forward-strand (red) and Crick/reverse-strand (blue) R-loop peaks in each cell type.
(H) Bar plot showing the genomic coverage of Watson/forward-strand (red) and Crick/reverse-strand (blue) R-loop peaks in each cell type.
(I) Bar plot showing the genomic distribution of R-loop peaks in each cell type.
(J) Bar plot showing the enrichment of R-loop peaks in various types of repetitive sequences in each cell type.
See also Figures S1 and S2 and Table S1.
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enriched in the gene body form co-transcriptionally with celltype-specific gene expression and may participate in shaping
the unique identity of each cell type.
Association of R-loops and Other Epigenetic Marks
during Lineage Commitments
To explore whether R-loops associate with defined chromatin
states and are involved in their transition during cell fate determination, we applied the chromatin hidden Markov model
(ChromHMM) to distinguish chromatin states across the genome
(Figures 3A and 3B) (Ernst and Kellis , 2010). A total of 14 chromatin states with distinct biological enrichments were broadly
classified into ‘‘R-loop only’’ state (1), ‘‘R-loop-rich’’ states
(2–5), and ‘‘R-loop-poor’’ states (6–14) (Figures 3A, 3B, and
S4A–S4C).
Among them, state 1 was the R-loop only state, where the
enrichment of R-loops was not accompanied by any other
detectable epigenetic marks (Figure 3A). This chromatin state
was high in DNA methylation, condensed, and enriched with
various repetitive elements, such as LINE, SINE, and rRNA repeats (Figures 3A, S4B, and S4D). Interestingly, we found that
these elements, most of which were heterochromatic, were
mainly located in lamina-associated domains (LADs), a kind of
chromatin structure selectively tethered to the lamina, indicating
that changes of local chromatin-RNA interaction may participate
in heterochromatin reorganization (Figure 3A) (Bickmore and van
Steensel, 2013; Niehrs and Luke, 2020; van Steensel and Belmont, 2017).
The remaining states were attributed to different elements according to their main distribution across the human genome,
namely polycomb-repressed regions (states 2 and 13), transcriptional elongation zones (states 3 and 12), enhancers (states
4, 6, and 7), R-loop-related flanking transcription start site (TSS)
downstream region (state 5), and promoters (states 8–11). Their
levels of DNA methylation were consistent with previous knowledge (Figures 3A and S4B). Detailed analysis showed that (1)
both states 2 and 13 were repressed chromatin featured by polycomb-repressed marks (H3K27me3), low active epigenetic
modifications, and low ATAC-seq signals (Figure 3A). But only
state 2 was enriched with R-loop, while state 13 had low Rloop signals and mainly distributed on the promoter, terminator,
and intergenic regions targeted by polycomb group (PcG) alone
(Figures 3A and S4C). (2) Both states 3 and 12 were coated with
high levels of H3K36me3 and DNA methylation (Figures 3A and
S4B). State 3 was a classic assembly of R-loop-positive genebody regions, while state 12 comprised gene bodies with low
R-loop signals (Figures 3A and S4C). (3) States 4 and 6 were
both highly enriched with H3K27ac signals, and state 7 was en-
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riched with ATAC signals; therefore, these states of chromatin
were supposed to contain enhancer elements (Figures 3A and
S4B). State 4 was R-loop-rich chromatin spanning from the
gene body to the terminator (Figures 3A and S4C). Of note, a
subset of state 4 regions was associated with long terminal repeats (LTRs) of endogenous retrovirus (ERV) elements. Consistent with the previous report that LTRs have enhancer activity
and are active in hESCs, state 4 chromatin harboring LTRs
was specifically enriched in hESCs (Figures 3A and S4D–S4F)
(Glinsky, 2015). (4) State 5 was highly enriched with H3K4me3,
H3K36me3, and a moderate level of R-loops; therefore, it was
identified as R-loop-related flanking TSS downstream (Figure 3A). (5) States 8–10 were significantly enriched in the vicinity
of active promoters with the lowest DNA methylation levels (Figures 3A, S4B, and S4C). (6) State 11, featured by H3K4me3 and
H3K27me3 double-positive modification, was a classic bivalently modified chromatin region (Figure 3A).
Consistent with previous findings that R-loops mainly accumulate at active chromatin states (Chen et al., 2017; Ginno
et al., 2012; Sanz et al., 2016), we also found that a portion of
R-loops formed at transcriptional elongation regions (state 3)
and enhancers (state 4) (Figure 3A). R-loop-rich enhancer state
(state 4) clustered at cell-type-specific genes, such as NANOG
and DNMT3B in hESCs, associating with higher levels of
R-loops, active marks, and lower levels of repressive marks (Figures 4A and 4B; Table S4). We found that the enhancer and transcriptional elongation regions of ERV1, a pluripotency-associated retrotransposon family, were specifically enriched with
R-loops in pluripotent stem cells rather than in the differentiated
derivatives, suggesting that R-loops may be involved in ERV1
expression, especially of the human endogenous retrovirus subfamily H (HERV-H) (Figures S4E and S4F) (Xie et al., 2013).
R-loops associate with H3K27me3 modifications in polycomb-repressed regions (state 2) (Figures 3A and S4G) and
function through recruiting PRC1 to transcriptionally inactivate
PcG targets as previously reported (Ginno et al., 2012; SkourtiStathaki et al., 2019). R-loop-related polycomb-repressed states
were increased during hESC differentiation to hNSCs, hMSCs,
hVECs, and hVSMCs (Figure 4C). These regions associated
with nuclear envelope-linked heterochromatic regions after cell
differentiation, which may be associated with the shutdown of
pluripotent genes (NANOG and LIN28A) and undesired lineage
genes in differentiated cells (e.g., PAX7 and FZD3 in hNSCs,
ACTG2 and PDGFRL in hMSCs, ACVRL1 in hVECs, and CDH7
and ASNS in hVSMCs) (Figures 4C–4F, S4H, and S4I; Table
S5). Likewise, pluripotency-related core transcriptional factors
and epigenetic regulators of hESCs were also downregulated
in differentiated cells within the R-loop- and H3K27me3-positive

Figure 2. Association of R-loops with Lineage-Restricted Genes
(A) Metaplots showing the average sense R-loop signals from 3 kb upstream of the transcription start site (TSS) to 3 kb downstream of the transcription end site
(TES). Genes are classified into three groups by their fragments per kilobase per million (FPKM) values (0–1, 1–10, or >10).
(B) Heatmaps showing the relative sense R-loop signals and transcriptional levels for cell-type-specific genes. Representative Gene Ontology (GO) terms and
corresponding p values for each set of cell-type-specific genes are shown to the right.
(C) Network diagrams showing the protein-protein interactions (PPIs) of the R-loop-regulated cell-type-specific genes (as shown in B) in each cell type.
(D) Representative tracks showing R-loop signals (RPKM) of R-loop +, R-loop -, and transcriptional levels (RPKM) for representative cell-type-specific genes.
Sense R-loop signals for cell-type-specific genes are highlighted by gray rectangles.
See also Figure S3 and Tables S2 and S3.
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Figure 3. Joint Analysis of R-loops and Other Epigenetic Marks during Lineage Commitments
(A) Fourteen chromatin states learned jointly for six cell types by a multivariate hidden Markov model. The heatmap on the far left shows the state emissions
learned on the basis of combinatorial analysis of genome-wide R-loops and the other epigenetic modifications, where each column corresponds to a different
epigenetic signature and each row corresponds to a different chromatin state. The other heatmaps show the genomic distribution and repetitive elements
enrichment of each chromatin state in hESCs. Candidate state descriptions for each state are listed to the right. Blue shading indicates intensity. The hiPSC data
used in this figure were from early-passage hiPSCs.
(B) Top: representative tracks of 14 chromatin states of each cell type in a 160-kb region centered at the NANOG gene, showing activation or repression patterns
for five genes. Bottom, profiles for seven chromatin marks and gene expression levels across the NANOG gene in four representative cell types (hESCs, hiPSCs,
hNSCs, and hVECs) with a summarized chromatin state annotation track on the top (chromatin states colored according to A).
See also Figure S4.

regions (state 2) (Figure 4F; Table S5). In summary, these data
suggest that R-loops coordinate with other epigenetic marks
and that they may not only contribute to the maintenance of pluripotency in hESC but also influence cell fate transition during
multilineage differentiation.
Chromatin-State Dynamics during Cell Reprogramming
Almost all somatic cell types can regain pluripotency through reprogramming (Takahashi and Yamanaka, 2006). The ability to
differentiate into any kind of cell gives hiPSCs unparalleled advantages for disease modeling and in regenerative medicine (Yamanaka, 2009). To investigate how chromatin state changes during
hESC differentiation and somatic stem cell reprogramming, we
applied a Sankey diagram to investigate the dynamic changes

of chromatin states between hESCs, hESC-derived hNSCs, and
hNSC-reprogrammed hiPSCs (Figures 5A, 5B, and S5A). We
found that chromatin states were mostly reprogrammed, with
17.5% of them involving R-loops (Figure 5C). In contrast, in
the non-reprogrammed regions, approximately one-third of the
regions involved R-loops, demonstrating that R-loop-related
chromatin states appear to be resistant to reprogramming (Figure 5C). As for the aberrantly reprogrammed regions, over onequarter of them were R-loop-related states. DNA methylation is
regarded as the example of epigenetic memory (Lister et al.,
2011), so we compared DNA methylation levels in reprogrammed,
non-reprogrammed, and aberrantly reprogrammed chromatin
states. Interestingly, we found that hiPSCs were more completely
reprogrammed at the DNA methylation level as compared to that
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Figure 4. Association of R-loops and Other Epigenetic Marks during Lineage Commitments
(A) Heatmaps showing the enrichments of each chromatin state at cell-type-specific gene promoters in each cell type. Blue shading indicates intensity. The red
frames highlight the increased enrichment of state 4 at cell-type-specific gene promoters in each cell type.
(B) Left: heatmaps showing genes with promoter marked by state 4 partitioned by the number of cell types in which they were detected, from those shared by all
five cell types to those specific for each cell type. Middle: heatmap showing the enlarged part of cell-type-specific genes with promoter marked by state 4. Right:
heatmap showing the transcriptional level of cell-type-specific genes with promoter marked by state 4 (the order of genes corresponds to the middle panel).
(C) Heatmaps showing the genomic distribution (centromere, telomere, and LAD) for each chromatin state in the indicated cell types. Blue shading indicates
intensity. The red frames highlight the increased enrichment of state 2 at LADs during hESC differentiation.
(D) Heatmap showing genes with promoter marked by state 2 partitioned by the number of cell types in which they were detected, from those shared by all five cell
types to those specific for each cell type.
(E) Violin plots showing expression level of genes with promoter marked by state 2 at the LAD region in hNSCs, hVECs, hVSMCs, and hMSCs compared with
those in hESCs. The white circles represent the median values, and the white lines represent the values within the interquartile range (IQR) from smallest to largest.
***p < 0.001 (two-sided Wilcoxon rank-sum test).
(F) Bar plot showing the percentage of overlapped cell-type-specific genes with promoter marked by state 2 with the downregulated genes (in hNSCs, hVECs,
hVSMCs, or hMSCs compared to hESCs, respectively). The representative downregulated cell-type-specific genes and core transcriptional factors and
epigenetic regulators of hESCs are listed on the right.
See also Figure S4 and Tables S4 and S5.

of the R-loop state (Figures S5B and S5C). Altogether, these data
show that R-loop-related chromatin states exhibit higher resistance to remodeling during cell reprogramming.
Unscheduled R-loops as the Major Epigenetic Memory
in Reprogrammed iPSCs
To further examine the notion that R-loops constitute a form of
epigenetic memory, we performed principal-component analysis (PCA) to reveal any associations among the six cell types
in terms of their R-loop profiles. The results showed a clear separation between different cell types, with R-loop profiling of
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hNSC-derived hiPSCs more similar to that of hNSCs than hESCs
(Figures 6A and 6B). Individual gene analysis indicated that in
early-passage hiPSCs, R-loops on NES, which is a typical NSC
marker, were inherited from the parental hNSCs (Figure 6B), in
spite of the fact that other epigenetic markers, including DNA
methylation, H3K4me3, and H3K27me3, were successfully reset
to an hESC-like state (Figure S4H). To investigate whether the residual R-loops give NES a poised state that allows hiPSCs a
quick start in expressing NES upon differentiation into hNSCs,
we re-differentiated hESCs and early-passage hiPSCs into
hNSCs. We observed a more rapid expression of neural
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Figure 5. The Resistance of R-loop-Related Chromatin States to Cell Reprogramming
(A) Left: Sankey diagram showing the transition of all the 14 chromatin states during hESC differentiation into hNSCs and hNSC reprogramming into hiPSCs.
Right: Sankey diagrams showing the reprogrammed, non-reprogrammed, and aberrantly reprogrammed type I chromatin states during hESC differentiation into
hNSCs and hNSC reprogramming into hiPSCs. The colors are determined according to the chromatin states classified in Figure 3A.
(B) Representative chromatin tracks showing genomic regions with reprogrammed, non-reprogrammed, and aberrantly reprogrammed type I chromatin states in
hESCs, hNSCs, and hiPSCs.
(C) Pie chart on the far left showing the percentage of maintained, reprogrammed, non-reprogrammed, and aberrantly reprogrammed type I and II chromatin
states. The four pie charts on the right showing the percentage of each chromatin state in all, reprogrammed, non-reprogrammed, and aberrantly reprogrammed
type I chromatin states. The colors in the four pie charts on the right are determined according to the chromatin states classified in Figure 3A. The black frame
denotes R-loop-related chromatin states.
See also Figure S5.

progenitor markers, including NES in hiPSC derivatives, relative
to their hESC counterparts (Figure S6A).
To depict how R-loop memory forms during cell reprogramming, we analyzed and compared R-loop patterns between
hESCs, hNSCs, and hNSC-derived hiPSCs. We classified
genes in these lineages into six groups based on sense Rloop signals, which contained reprogrammed R-loops (groups
1 and 2), non-reprogrammed R-loops (groups 3 and 4), and
aberrantly reprogrammed R-loops (groups 5 and 6) and verified
them by DNA:RNA immunoprecipitation-quantitative PCR
(DRIP-qPCR) (Figures 6C–6G, S6B, and S6C; Table S6).
Notably, GO analysis showed that genes with ‘‘non-reprog-

rammed’’ R-loops were mainly associated with mRNA splicing
and macromolecule catabolic processes, and genes with
‘‘aberrant’’ R-loops in hiPSCs were linked to mitochondrial
ATP synthesis and oxidative phosphorylation (Figure 6D).
Lastly, we tested whether R-loop memory could be erased by
serial passaging, as is the case for DNA methylation memory
(Kim et al., 2010; Mikkelsen et al., 2008). Accordingly, we profiled
R-loops in late-passage hiPSCs (passage 30 [P30]) and found
that most non-reprogrammed and aberrantly reprogrammed
R-loops detected in early-passage hiPSCs (P15) became fully
reprogrammed through serial passaging up to 30 passages (Figures 6E and S6D). Since GO term analysis indicated that
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Figure 6. R-loop as an Epigenetic Memory during Cell Reprogramming
(A) Principal-component analysis (PCA) of the sense R-loop signals in each gene for all the cell types.
(B) Representative tracks showing the R-loop signals (RPKM) of Watson/forward-strand R-loop (R-loop +), Crick/reverse-strand R-loop (R-loop -), and transcriptional level (RPKM) at NES gene loci. Sense R-loop signals are highlighted by gray rectangles.
(C) Left: heatmap showing the relative sense R-loop signals for genes with differentially enriched R-loops in hESCs, hNSCs, and early-passage hiPSCs. Genes
with differentially enriched R-loops were clustered into six groups using k-means clustering algorithm. Right: pie plots showing the Euclidean distance analyses to
assess the correlation between every two cell types in each group.
(D) Left: heatmap showing the absolute (Log2(FPKM + 1)) and relative (row Z-score-normalized FPKM) expression of genes in each group (defined in C) in hESCs,
hNSCs, and hiPSCs. Right: GO analysis of biological process for genes in each group.
(E) Heatmap showing the relative sense R-loop signals for genes in each group (defined in C) in hESCs, hNSCs, and late-passage hiPSCs.
(F) Representative tracks showing the R-loop signals for genes in each group in hESCs, hNSCs, and early-passage hiPSCs.
(G) Strand-specific DRIP-qPCR showing R-loop enrichment at representative genes in each group. Data are presented as the mean ± SEM; n = 3 experimental
repeats.

(legend continued on next page)
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mitochondrial respiratory-related pathways were enriched in
aberrant R-loop-related genes in early passages (P15), we
further investigated the potential association of such aberrant
R-loop formation with mitochondrial function. Indeed, the mitochondrial membrane potential (MMP) was higher in early-passage hiPSCs than in hESCs but restored to a lower level after serial passaging (Figure 6H). Meanwhile, the glycolic activity of
early-passage hiPSCs was also reset to an hESC-like level after
serial passaging (Figure 6I). The resetting of metabolism patterns
coincided with R-loop changes through serial passaging (Figure 6E). These data indicated that R-loops can serve as a kind
of epigenetic memory, which is more resistant to reprogramming
than those based on DNA methylation or histone modifications,
and that the R-loop profile may be a new parameter for the quality control of iPSCs (Hochedlinger and Jaenisch, 2015; Kim et al.,
2010).
DISCUSSION
Our study reports comprehensive reference maps of R-loops
and various epigenomic marks for hESCs, hiPSCs, and four
hESC-derived lineages, providing an in-depth R-loop atlas during epigenetic programming and reprogramming in human
stem cells and differentiated cells. Our analysis systematically
mapped R-loops with histone modifications, DNA methylation,
and chromatin accessibility, revealing the following key findings:
(1) the proportions of R-loop distributions on intergenic, promoter, gene body, and terminal sites were globally comparable
across hiPSC, hESC, and hESC-derived somatic cells, with variations at specific sites in each cell type; (2) cell-type-specific Rloops were present in each cell lineage and formed co-transcriptionally at corresponding cell-type-specific genes, especially on
lineage-controlling genes; (3) R-loops associated with specific
epigenetic signatures at distinct regions during cell differentiation; (4) some R-loop signatures from the original cell type
were maintained in early-passage hiPSCs after epigenetic reprogramming; and (5) aberrant R-loops found on genes in the
mitochondrial respiratory pathway corresponded to compromised mitochondrial function in early-passage hiPSCs. Taken
together, our study indicates that R-loops may function as a
new epigenetic determinant in dynamic cell fate transitions and
serve as a novel form of epigenetic memory of the cell.
In recent years, several techniques combined with highthroughput sequencing have been developed to map R-loops
genome-wide (Chen et al., 2017; Dumelie and Jaffrey, 2017;
Ginno et al., 2012; Sanz et al., 2016; Wahba et al., 2016),
including ssDRIP-seq, which we employed here (Xu et al.,
2017). S9.6-antibody-based methods have been well recognized as a reproducible and classical method for sequencing
R-loops (El Hage et al., 2014; Dumelie and Jaffrey, 2017; Ginno
et al., 2012; Nadel et al., 2015; Sanz et al., 2016; Wahba et al.,
2016; Xu et al., 2017, 2020). However, the limitation of S9.6 anti-
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body due to a weak affinity to double-stranded RNA (dsRNA) and
certain biases in DNA:RNA hybrid recognition should not be
ignored (König et al., 2017). With the recent development of antibody-independent R-loop mapping technologies, a combination
of two different types of mapping methods will help clarify the
true distribution of R-loops. Consistent with previous findings,
our results demonstrate that R-loop formation is highly associated with G/C skew and distributed throughout the genome
and is mainly enriched at gene body regions and less at promoter
and termination regions (Chen et al., 2017). R-loop structures are
also accumulated in enhancer regions during enhancer RNA
(eRNA) transcription (Cloutier et al., 2016; Pefanis et al., 2015).
We found that a high level of R-loops is located in the LADs,
especially on the LINE-1 element, suggesting that R-loops may
be associated with LINE-1 transcriptional repression and their
attachment to the nuclear lamina. In line with this observation,
R-loops are reported to be associated with chromatin condensation marked by histone H3 S10 phosphorylation in C. elegans
and HeLa cells (Castellano-Pozo et al., 2013). A subsequent
study also found that R-loops are enriched in the same broader
regions for repressive H3K27me3 marks and play a mechanistic
role to induce a regional repressive organization (Nadel et al.,
2015).
During differentiation, hESCs undergo pronounced gene
expression and epigenetic changes. Our study shows that Rloops are positively associated with increased active chromatin
modifications and decreased repressive chromatin marks. Rloops are co-localized with high H3K27ac and H3K4me3 signals
during cell-type-specific gene expression. Consistently, Chen
et al. reported that R-loops tend to be formed at hyper-acetylated states (Chen et al., 2015). In addition, after differentiation,
new R-loops form on lineage-specific genes, while a high level
of R-loop signal maintains and H3K27me3 modification enriches
at pluripotency genes and lineage-specific genes for other cell
types. In line with our findings, R-loops interact with PRC1 and
contribute to the transcriptional repression of developmental
regulator genes in mouse ESCs (Skourti-Stathaki et al., 2019).
It has been reported that Tip60-p400 histone acetyltransferase
complex binds to promoter-proximal R-loops and modulates
expression of key pluripotency genes. More importantly, loss
of R-loops may impair mouse ESC differentiation (Chen et al.,
2015). These findings raise the possibility that R-loops may
mediate gene expression using sequence-specific repression
and activation mechanisms in a cell-context-dependent manner.
We discover here that R-loops can serve as a type of epigenetic memory. Despite some similarities shared between hiPSCs
and hESCs, several studies have described differences in these
two cell types with regard to DNA and histone modifications,
genome topological structure and gene expression profiles
(Bar-Nur et al., 2011; Chin et al., 2009; Doi et al., 2009; Kim
et al., 2010; Krijger et al., 2016; Lister et al., 2011; Ohi et al.,
2011; Polo et al., 2010; Shipony et al., 2014; Stadtfeld et al.,

(H) FACS showing the mitochondrial membrane potential (MMP) in hESCs and early-passage (EP) and late-passage (LP) hiPSCs. Statistical significance was
compared between hESC versus hiPSC. Data are presented as the mean ± SEM; n = 3 experimental repeats. ***p < 0.001 (t test).
(I) Glycolytic potential measured by extracellular acidification rate (ECAR) in hESCs and EP and LP hiPSCs. Statistical significance was compared between hESC
versus hiPSC. Data are presented as the mean ± SEM; n = 4 experimental repeats. ***p < 0.001 (t test).
See also Figure S6 and Table S6.
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2010). These differences are known as ‘‘epigenetic memory,’’
when modifications are inherited from donor cells, and are also
defined here as ‘‘mis-memory,’’ when such aberrant epigenetic
modifications are introduced during reprogramming. Here, we
find that hiPSCs harbor residual R-loop signatures from their
donor cells as well as some aberrant R-loop peaks. After continuous passaging, most of the ‘‘inherited’’ and ‘‘mis-memorized’’
R-loops are eliminated, making the R-loop pattern more similar
to that of hESCs. For example, while the reprogramming process
erased the majority of hNSC-specific epigenetic marks and
silenced NES transcription, the R-loops in NES, as associated
with the hNSC identity, were largely retained in early passage
hiPSCs. This finding indicates that hybrids inherited from their
original cells can form independently of active gene transcription
and may serve as a poised state, allowing for quick NES reexpression upon iPSC re-differentiation into hNSCs. Besides, it
is likely that mis-memory R-loops generated during cell reprogramming may be causally linked to metabolic abnormality, which
further strengthens the link between epigenetic memory and
metabolic memory. Thus, elimination of the unscheduled Rloops may open a new avenue for improving reprogramming
quality and generating higher quality iPSCs for regenerative
medicine.
Our data establish a comprehensive reference map for Rloops and other epigenetic signatures that may help a variety
of applications across developmental biology and regenerative
medicine. Information obtained from this study may facilitate
the optimization and quality control of cell differentiation protocols and their clinical translation. While further analyses of Rloops using additional sequencing methods (El Hage et al.,
2014; Chen et al., 2017; Dumelie and Jaffrey, 2017; Ginno
et al., 2012; Nadel et al., 2015; Sanz et al., 2016) and a wider
spectrum of hESC or hiPSC lines will help provide deeper insights into the role of R-loops during epigenetic programming
and reprogramming, our results, as a proof of concept, prescribe
caution in the utilization of early-passage hiPSCs that likely have
R-loop abnormalities for disease modeling or the study of developmental events, since the epigenetic features retained from
their cellular origins might affect experimental outcomes. We
propose that the dynamic features of R-loops can be harnessed
to study and enhance the quality of iPSCs for mechanistic and
fundamental biological studies and that the modulation of Rloop formation and clearance may help generate more suitable
iPSCs and their derivatives for clinical applications.
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https://bioconductor.org/packages/release/
bioc/html/DESeq2.html

deeptools2 (version 2.5.4-2-5ee467f)

Ramı́rez et al., 2016

https://deeptools.readthedocs.io/en/
develop/

hisat2 (version 2.0.4)

Kim et al., 2015

http://daehwankimlab.github.io/hisat2/
manual/

SAMtools (version 1.6)

Li et al., 2009a

https://github.com/samtools/samtools

HTSeq (version 0.11.0)

Anders et al., 2015

https://htseq.readthedocs.io/en/master/

StringTie (version 1.2.3)

Pertea et al., 2015

http://ccb.jhu.edu/software/stringtie/

Repenrich2

Criscione et al., 2014

https://github.com/nerettilab/RepEnrich2

edgeR (version 3.24.3)

Robinson et al., 2010

http://www.bioconductor.org/packages/
release/bioc/html/edgeR.html

STRING (version 11.0)

Szklarczyk et al., 2016

https://string-db.org

Cytoscape (version 3.7.2)

Shannon et al., 2003

https://cytoscape.org

fastp (version 0.19.10)

Chen et al., 2018

https://github.com/OpenGene/fastp

bsmap (version 2.90)

Xi and Li, 2009

https://code.google.com/archive/p/bsmap/

HMMcopy (version 1.25.0)

Ha et al., 2012

https://bioconductor.org/packages/release/
bioc/html/HMMcopy.html

ChromHMM (version 1.18)

Ernst and Kellis, 2012

http://compbio.mit.edu/ChromHMM/

ToppGene

Chen et al., 2009

https://toppgene.cchmc.org

RESOURCE AVAILABILITY
Lead Contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, GuangHui Liu (ghliu@ioz.ac.cn).
Materials Availability
The materials used in this study are available from the Lead Contact, Guang-Hui Liu (ghliu@ioz.ac.cn), upon completion of a materials
transfer agreement.
Data and Code Availability
The datasets generated in the current study have been deposited in Gene Expression Omnibus (GEO) database with accession number
GSE145964, the multi-cellular RNA-seq and ATAC-seq raw data have been deposited in National Genomics Data Center of China under
accession number PRJCA002454 (Zhang et al., 2020). Publicly available software used in this study are listed in the STAR Methods and
the Key Resources Table. All the other data of this study are available from the corresponding author on reasonable request.
EXPERIMENTAL MODEL AND SUBJECT DETAILS
Cell Culture
The H9 hESC line (WA09, WiCell Research) and human induced pluripotent stem cells (hiPSCs) reprogrammed from hNSCs were
cultured on Mitomycin C inactivated mouse embryonic fibroblast (MEF) feeders with cDF12 medium or Matrigel (BD)-coated plates
with mTeSR1 medium, as previously described (Bi et al., 2020; Duan et al., 2015; Hu et al., 2020). hNSCs were cultured on Matrigelcoated plates with neural stem cell maintenance medium (NSMM) as previously described (Duan et al., 2015). hVECs were cultured
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on Collagen IV (Biocoat)-coated plates in EGM2 medium (Lonza) supplemented with 10 nM SB431542 (Selleck), 50 ng/mL VEGF
(Stem Immune) and 20 ng/mL bFGF (Joint Protein Central). hVSMCs were cultured on Gelatin (Sigma Aldrich)-coated plates in
VSMC medium with 10 ng/mL PDGF-AB (Pepro Tech) as previously described (Yan et al., 2019). hMSCs were cultured on
Gelatin-coated plates in MEMalpha medium (GIBCO) supplemented with 10% fetal bovine serum (FBS) (GIBCO), 1% non-essential
amino acids (GIBCO), 1% penicillin/streptomycin (GIBCO), and 1 ng/mL bFGF (Joint Protein Central).
METHOD DETAILS
Direct Differentiation of hESC into hNSC
hNSC differentiation was induced as previously reported (Duan et al., 2015; Liu et al., 2012; Zhang et al., 2019). In brief, H9 hESCs
cultured on MEF feeders were induced with NID-1 medium (50% Advanced DMEM/F12 (GIBCO), 50% Neurobasal (GIBCO), 13 N2
(GIBCO), 13 B27 (GIBCO), 2 mM GlutaMAX (GIBCO) and 10 ng/mL of hLIF (Millipore), 4 mM CHIR99021 (Selleck), 3 mM SB431542
(Selleck), 2 mM Dorsomorphin (Sigma Aldrich) and 0.1 mM Compound E (EMD Chemicals Inc.)). After two days, the medium was
switched to NID-2 (50% Advanced DMEM/F12, 50% Neurobasal, 13 N2, 13 B27, 2 mM GlutaMAX, 10 ng/mL of hLIF, 4 mM
CHIR99021, 3 mM SB431542 and 0.1 mM Compound E) for another five days. Then cells were seeded onto Matrigel-coated plates
and cultured in NSMM.
Generation of hiPSC
hiPSC was generated as previously described (Duan et al., 2015; Ling et al., 2019; Wang et al., 2020). After reprogramming, cells were
re-plated onto Mitomycin C-inactivated MEF feeders with cDF12 medium for about two weeks until the colonies could be mechanically picked and transferred onto new MEF feeders.
Direct Differentiation of hESC into hVEC
Differentiation of hESC into hVEC was performed as previously described with minor modifications (Cheng et al., 2019; Ling et al.,
2019; Patsch et al., 2015; Wang et al., 2018; Yan et al., 2019). Briefly, hESC was cultured on Matrigel-coated plates in mTeSR1
medium for one day and then in M1 medium, containing 3 mM IWP2 (Selleck), 25 ng/mL BMP4 (R&D systems), 3 mM CHIR99021
(Selleck) and 4 ng/mL bFGF (Joint Protein Central) for three days. The cells were then cultured in M2 medium with the addition of
50 ng/mL VEGF (Stem Immune), 20 ng/mL bFGF (Joint Protein Central) and 10 ng/mL IL6 (Pepro Tech) to promote endothelial cell
growth for another three days. The differentiated cells were harvested by TryPLE (GIBCO), and stained with anti-human CD201
(BD Biosciences) and CD34 (BD Biosciences). Flow cytometry analysis of cell surface antigens and cell sorting used a BD
FACS Aria II.
Direct Differentiation of hESC into hVSMC
Differentiation of hESC into hVSMC was performed based on a previous report (Cheng et al., 2019; Ling et al., 2019; Wang et al.,
2018; Yan et al., 2019). First, hESC was cultured in mTeSR1 medium on Matrigel-coated plates for 4 days, then dissociated into single
cells and seeded onto Matrigel-coated plates at a density of 3 3 104 cells/cm2. On the next day, cells were cultured in M1 medium
(VSMC basal medium consist of 50% DMEM-F12 (GIBCO), 50% neurobasal (GIBCO), 13 B27 without Vitamin A (GIBCO), 13 N2
(GIBCO), 0.1% 2-Mercaptoethanol (Sigma Aldrich), 1% penicillin/streptomycin (GIBCO), and supplemented with 7 mM
CHIR99021 and 25 ng/mL BMP4) for three days and in M2 medium (VSMC basal medium supplemented with 2 ng/mL Activin A (HumanZyme) and 10 ng/mL PDGF-AB (Pepro Tech)) for another two days. The differentiated cells were harvested with TrypLE (GIBCO)
and sorted by a cell surface marker CD140b (BD Biosciences) on a BD FACS Aria II.
Direct Differentiation of hESC into hMSC
Differentiation of hESC into hMSC was performed as previously described (Deng et al., 2019; Fu et al., 2019; Pan et al., 2016; Ren
et al., 2019; Wang et al., 2020; Yan et al., 2019; Zhang et al., 2015). In brief, embryoid bodies were generated and cultured in hMSC
differentiation medium (MEM/alpha supplemented with 10% FBS (GIBCO), 10 ng/mL bFGF (Joint Protein Central), 5 ng/mL TGFb
(HumanZyme) and 1% penicillin/streptomycin (GIBCO)) for about 10 days until fibroblast-like cells appeared. Then, hMSC was sorted
with MSC-specific markers CD73 (BD Biosciences), CD90 (BD Biosciences), and CD105 (BD Biosciences) on a BD FACS Aria II and
cultured in MSC culture medium. Tri-lineage differentiation potential of hMSC was determined by staining with von Kossa (osteogenesis), Toluidine blue O (chondrogenesis), and Oil red O (adipogenesis).
Immunofluorescence Staining
For immunofluorescence staining of cell markers, cells on the coverslip were fixed with 4% formaldehyde at room temperature for
30 min, permeabilized with 0.4% Triton X-100 and blocked with 10% donkey serum. The cells were then incubated with primary antibodies at 4 C overnight, followed by the incubation with secondary antibodies for 1 hr at room temperature. Cell images were taken
using a confocal microscopy (Leica).
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Flow Cytometry Analysis
For flow cytometry analysis, cells were harvested after enzyme digestion, washed once using ice-cold PBS containing 10% FBS, and
then stained with fluorophore-conjugated primary antibodies for 30 min at room temperature. After washed with 10% FBS, cells were
analyzed by a BD FACS Calibur. The corresponding IgG was used as an isotype control.
For mitochondrial membrane potential analysis, Cell Meter JC-10 Mitochondrion Membrane Potential Assay Kit (AAT Bioquest)
was used following the manufacturer’s instructions.
Quantitative PCR Analysis
For RNA analysis, the total RNA was extracted using TRIzol (Thermo Fisher Scientific) from 0.5-1 3 106 cells per replicate, and
reverse-transcribed into cDNA using GoScript Reverse Transcription System (Promega). Then, qPCR was performed on a PCR system (Bio-Rad) using iTaq Universal SYBR Green Super mix (Bio-Rad). Primers used in this study are provided in Table S7.
Strand-Specific DRIP-qPCR Analysis
5 3 106 cells were harvested, lysed by SDS (final concentration: 0.5%) and treated with proteinase K (NEB, final concentration:
0.1 mg/mL) at 37 C overnight. Genomic DNA was extracted using the classic phenol-chloroform method. The genomic DNA was
fragmented by endonucleases (Mse I, Dde I, Alu I and MboI; NEB) at 37 C overnight. Then, DRIP was performed as previously
described (Xu et al., 2017). ssDRIP-qPCR was performed using iTaq Universal SYBR Green Super mix (Bio-Rad) on a CFX384
Real-Time PCR system (Bio-Rad). Primers used in this study are listed in Table S7.
Glycolysis Stress Assay
The glycolysis stress assay was performed using a Seahorse XF96 Extracellular Flux Analyzer (Seahorse Bioscience, North Billerica,
MA) according to the manufacturer’s instructions. In brief, cells were seeded at a density of 30,000 cells/well on a XF96 cell plate.
Before the measurement, cell culture medium was switched to assay medium containing 2 mM Glutamine and the cells were incubated in a non-CO2 incubator at 37 C for 1 hr. The chemicals loaded into the injection ports included glucose (10 mM), oligomycin
(1 mM), 2-DG (50 mM). At least three replicates were performed in the assay.
Strand-Specific DRIP-Seq Library Construction and Sequencing
The DNA used for library construction was DRIPed as described in ‘‘Strand-Specific DRIP-qPCR Analysis’’ as above. Before library
construction, the DRIPed DNA was sonicated to 250-bp fragments using a M220 focused-ultrasonicator (Covaris, USA). The libraries
were constructed using ACCEL-NGS 1S plus DNA Library Kit (Swift, USA) following manufacturer’s instructions and were then
sequenced on an Illumina paired-end sequencing platform with 150 bp per read length by Novogene Bioinformatics Technology
Co. Ltd.
ChIP-Seq Library Construction and Sequencing
ChIP assay was performed as reported in previous studies with some minor modifications (Dahl and Collas, 2008). Briefly, 1 3 106
cells were harvested and crosslinked using 1% formaldehyde at room temperature for 6 min and then quenched with 2.5 M glycine at
room temperature for 5 min. The cells were then lysed in lysis buffer (1% SDS, 50 mM Tris-HCl, 10 mM EDTA) for 10 min and sonicated to 250-bp fragments using M220 Focused-ultrasonicator (Covaris, USA). The samples were incubated overnight with protein A
beads (Thermo Fisher Scientific) linked with 2.4 mg antibody. After reverse-crosslinking and elution at 68 C, the IPed DNA was extracted by the aforementioned phenol-chloroform method. Libraries were then constructed with the Next DNA Library Prep Reagent
Sets (NEB) following the manufacturer’s instructions and sequenced on an Illumina paired-end sequencing platform with 150 bp per
read length by Novogene Bioinformatics Technology Co. Ltd.
Whole-Genome Bisulfite Sequencing Library Construction and Sequencing
Genomic DNA was extracted using DNeasy Blood & Tissue Kits (QIAGEN) according to the manufacturer’s instructions. Then, the
library preparation and sequencing were performed by Novogene Bioinformatics Technology Co. Ltd. Briefly, genomic DNA were
sonicated to 200-300 bp fragments followed by end repair and adenylation. Cytosine-methylated barcodes were added before bisulfite treatment. After the quantification of DNA concentration by Qubit 2.0 Fluorometer (Life Technologies, CA, USA) and quantitative
PCR, the libraries were sequenced on an Illumina Hiseq platform.
ssDRIP-Seq Data Processing
For ssDRIP-seq data processing, adaptor and low-quality reads were filtered by the TrimGalore software (version 0.4.5) (Babraham
Bioinformatics) (https://github.com/FelixKrueger/TrimGalore). Trimmed reads were mapped to UCSC human hg19 genome using
Bowtie2 (version 2.2.9) (Langmead and Salzberg, 2012). Duplicated reads were removed by MarkDuplicates.jar program in Picard
tools (version 1.119, Picard Toolkit. 2019. Broad Institute, GitHub Repository). Sorted reads were then separated into forward (representing R-loop signals on the Watson strand) and reverse (representing R-loop signals on the Crick strand) strand R-loop signals.
To minimize the effect of sequencing bias and depth, two replicates for each sample were merged. 5 3 108 high-quality reads
for each cell type were randomly selected for downstream analysis. To draw metaplot around genes and repetitive elements, we
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renormalized the R-loop signals by input signals. We first split the whole genome into non-overlapping 200-bp bins and then calculated log-transformed R-loop signals (RPKM) versus input signals (RPKM) for each consecutive 200-bp bins.
Identification of R-loop Peaks and Comparison between Cell Types
Strand-specific R-loop peaks were called by MACS2 (version 2.1.1) with a cutoff of q-value less than 0.01 (Zhang et al., 2008). To
identify shared R-loop and cell-type-specific R-loop peaks in cell types, forward or reverse R-loop peaks were merged into union
ones in a strand-specific manner. R-loop peaks shared in all cell types were defined as ‘‘Shared R-loop peaks.’’
Identification of Strand-Specific R-loop Peaks in Narrow-Size Distribution (Hill), Broad Distribution (Mountain) and
Super-Size Distribution (Range)
To identify the strand-specific R-loop ‘‘Mountain’’ and ‘‘Range’’ that were long-range R-loop-enriched genomic regions, we first
called strand-specific broad R-loop peaks by using StochHMM software with the DRIP model (https://github.com/chedinlab/
DRIPc/tree/master/peak_calling/DRIP) using strand-specific mapping files as described above (Sanz et al., 2016). Only R-loop peaks
more than 100 bp in length were kept for downstream analysis. To further identify the R-loop ‘‘Mountain’’, we combined forward and
reverse R-loop peaks in each cell type, ranked all the R-loop peaks by their length and plotted the ordered R-loop peaks as in Figure S2D to show where the length of R-loop peaks began to increase rapidly. Accordingly, the inflection point of the curve was calculated and the R-loop peaks above the inflection point were defined as R-loop ‘‘Mountain’’ and R-loop peaks below the inflection point
as typical R-loop ‘‘Hill.’’ To identify even longer genomic regions occupied by R-loops, we ranked all the R-loop ‘‘Mountain’’ by their
length and plotted the ordered R-loop mountains. Likewise, based on the inflection point of the curve calculated, the R-loop ‘‘Mountain’’ above the inflection point were defined as R-loop ‘‘Range,’’ and R-loop peaks below the point as typical R-loop ‘‘Mountain.’’
Genomic Distribution of R-loop Peaks, R-loop ‘‘Mountain’’ and ‘‘Range’’
The human genome was segmented into four individual types, promoter, gene body, terminal, and intergenic regions. In this study,
the promoter region was defined as ranging from 3,000 bp upstream to 3,000 bp downstream of TSS (transcription start site), terminal
region as from 3,000 bp upstream to 3,000 bp downstream of TES (transcription end site), and gene body region as the remaining
genic region. Intergenic region was defined as the remaining genomic region, lacking any overlapping with promoter, terminal, and
gene body region. Estimation of the enrichment of R-loop marked genomic regions at repetitive elements used annotatePeaks.pl
program in homer (version v4.10.3) as previously reported (Heinz et al., 2010).
Repetitive Elements Enrichment Analysis of R-loop Peaks
The enrichment of R-loop signals in SINE, LINE, LTR, Satellite, Low complexity, Simple repeats, rRNA and tRNA regions was calculated
using observed versus expected probability [ Log2 (Enrichment) ] by annotatePeaks.pl program in homer software (version v4.10.3)
(Heinz et al., 2010).
Correlation Analysis of R-loop Peaks and G-quadruplex
To analysis the correlation between the occupancy of R-loop peaks and the formation of G-quadruplex, we first obtained the G-quadruplex profiles from previous study (Chambers et al., 2015). The relative distances between G-quadruplex regions and its closest Rloop peaks were calculated by BEDTools (version v2.24.0) and then plotted in R (Quinlan and Hall, 2010).
Identification of Low and High R-loop Covered Genes
To identify genes with different R-loop coverages (low- and high-R-loop-covered genes) in each cell type, we first calculated the
coverage of sense R-loop peaks for each gene in each cell type. Then, we ranked all the genes by their R-loop coverages in
ascending order as shown in Figure S3A. The curve represents the inflection point where the R-loop coverages for genes began
to increase rapidly. Genes below the inflection point were defined as low R-loop covered genes. Genes above the inflection point
were defined as high R-loop covered genes.
Cell-Type-Specific Identification of R-loop Marked Genes
To identify genes that were marked by R-loop signals in a cell-type-specific manner, the sense R-loop signals for each gene were
calculated as read count. Then, genes marked by cell-type-specific R-loop signals in each cell type were calculated by R package
DESeq2 (version 1.22.2) with a cutoff Benjamini-Hochberg adjusted P value (adjusted-P value) < 0.05 and Log2(fold change) > 0.5
(Love et al., 2014).
G/C Skew Calculation
G/C skew calculation was performed at a genome-wide scale as previously reported (Xu et al., 2017). In brief, the UCSC human hg19
genome was split into 200-bp sliding windows by a step size of 20 bp. G/C skew was calculated as follows: G/C skew = (count of G –
count of C) / (count of G + count of C) at each genomic window. The metaplot of G/C skew in each repetitive element was calculated
using computeMatrix and plotProfile program in deeptools2 software (version 2.5.4-2-5ee467f) and plotted in R (Ramı́rez et al., 2016).
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RNA-Seq Data Processing
The processing pipeline for RNA-seq data has been reported previously (Deng et al., 2019). Pair-end raw reads were trimmed by the
TrimGalore (version 0.4.5) (Babraham Bioinformatics) (https://github.com/FelixKrueger/TrimGalore) and mapped to UCSC human
hg19 genome using hisat2 (version 2.0.4) (Kim et al., 2015). Then, the sam files were transferred to bam files by SAMtools (version
1.6) with parameter ‘‘-S -b -q 10’’ (Li et al., 2009a). Then, read counts for each gene were calculated by HTSeq (version 0.11.0) and
only high quality mapped reads (score of mapping quality more than 20) were kept (Anders et al., 2015). FPKM (Fragments Per Kilobase per Million) for each gene was calculated by StringTie (version 1.2.3) (Pertea et al., 2015). To evaluate the expression levels of
repetitive elements, Repenrich2 pipeline was implemented (Criscione et al., 2014). Then, the expression level for 1,116 repetitive elements was normalized by CPM using edgeR (version 3.24.3) (Robinson et al., 2010).
Gene Ontology and Pathway Enrichment Analysis
Gene Ontology enrichment analysis was conducted by ToppGene (Chen et al., 2009).
Identification of Cell-Type-Specific Gene Expression
To identify genes that were expressed in a cell-type-specific manner, differentially expressed genes (DEGs) between each cell type
and the other cell types were calculated by R package DESeq2 (version 1.22.2) with a cutoff Benjamini-Hochberg adjusted P value
(adjusted-P value) < 0.05 and Log2 (fold change) > 0.5 (Love et al., 2014). Upregulated genes in each cell type compared to the other
cell types were defined as cell-type-specific genes.
Protein-Protein Interaction (PPI) Analysis
Protein-protein interactions of R-loop-regulated cell-type-specific genes (as shown in Figure 2C) were analyzed by STRING database
(version 11.0) (Szklarczyk et al., 2016). Then, the PPI networks were visualized by Cytoscape (version 3.7.2) (Shannon et al., 2003).
ChIP-Seq Data Processing
For the processing of ChIP-seq data (H3K27ac, H3K4me3, H3K36me3 and H3K27me3), raw reads were trimmed by the TrimGalore
software (version 0.4.5) (Babraham Bioinformatics) (https://github.com/FelixKrueger/TrimGalore) and trimmed reads were mapped
to UCSC human hg19 genome using Bowtie2 (version 2.2.9) (Langmead and Salzberg, 2012). Duplicated reads were removed by
MarkDuplicates.jar program in Picard tools (version 1.119, Picard Toolkit. 2019. Broad Institute, GitHub Repository). The reads
were then sorted by SAMtools (version 1.6). To minimize the effect of sequencing bias and depth, two replicates for each sample
were merged. Same number of high-quality reads for each cell type was randomly selected for downstream analysis (140 million
reads for H3K27ac ChIP-seq, 140 million reads for H3K4me3 ChIP-seq, 230 million reads for H3K36me3 ChIP-seq and 85 million
reads for H3K27me3 ChIP-seq). To visualize the ChIP-seq signal, we calculated Reads Per Kilobase of bin per million
reads (RPKM) for each 10-bp bin.
Whole Genome Bisulfite Sequencing Data Processing
For WGBS data analysis, raw reads were trimmed by fastp (version 0.19.10) software with default parameters (Chen et al., 2018).
Trimmed reads were mapped to UCSC human hg19 reference genome using bsmap (version 2.90) with parameters ‘‘-v 0.1 -g 1
-R -u’’ (Xi and Li, 2009). DNA methylation levels for each cytosine site were counted by methratio provided by bsmap. To calculate
the genome-wide CpG methylation levels, forward and reverse strand reads for each CpG site were combined and only the CpG sites
with depth of more than 5 were kept for downstream analysis.
ATAC-Seq Data Processing
For the processing of ATAC-seq data, raw reads were trimmed by the TrimGalore software (version 0.4.5) (Babraham Bioinformatics)
(https://github.com/FelixKrueger/TrimGalore). Trimmed reads were mapped to UCSC human hg19 genome using Bowtie2 (version
2.2.9) under the parameter ‘‘-X 2000 -N 1 -L 25 –no-mixed –no-discordant -t ’’ (Langmead and Salzberg, 2012). Duplicated reads
were removed by MarkDuplicates.jar program in Picard tools (version 1.119, Picard Toolkit. 2019. Broad Institute, GitHub Repository). The reads were then sorted by SAMtools (version 1.6). To minimize the effect of sequencing bias and depth, two replicates
for each sample were merged 40 million high quality reads for each cell type were randomly selected for downstream analysis.
To visualize the ATAC-seq signal, we extended each read by 250 bp and the read counts were normalized by RPKM for each 10bp bin.
Copy Number Variation Analysis
Copy number variation (CNV) analysis was performed as previously described (Deng et al., 2019). In brief, paired-end raw reads were
trimmed by the TrimGalore (version 0.4.5) (Babraham Bioinformatics) (https://github.com/FelixKrueger/TrimGalore). Then, cleaned
reads were mapped to UCSC hg19 human genome using Bowtie2 (version 2.2.9). The CNVs were calculated and corrected by
HMMcopy (version 1.25.0) in each 0.5-Mb bin size (Ha et al., 2012).
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Evaluation of the Reproducibility of Sequencing Data
To evaluate the reproducibility of ssDRIP-seq, ChIP-seq, and ATAC-seq, Euclidean distance between replicates was calculated as
follows: Reads were counted and normalized by RPKM at 2-kb bin size, and Euclidean distance was then calculated by R language to
evaluate data reproducibility.
To evaluate the reproducibility of WGBS data, Euclidean distance between replicates was calculated as follows: The average CpG
DNA methylation levels were counted for each 2-kb bin size. Euclidean distance was then calculated by R language to evaluate data
reproducibility.
ChromHMM Identification of Chromatin States
We evaluated the chromatin states in each cell type using ChromHMM (version 1.18) to characterize the transition of chromatin states
during lineage specification and reprogramming (Ernst and Kellis, 2012). Sequencing data were binarized at a 200-bp resolution and
chromatin states were classified into 14 kinds of states related or unrelated to R-loops. These chromatin states represented the synergistic changes of multiple chromatin modifications.
QUANTIFICATION AND STATISTICAL ANALYSIS
The statistical analysis was analyzed by two-tailed Student’s t test or one-way ANOVA in Graphpad Prism 6.0 software. p value <
0.05, p value < 0.01 and p value < 0.001 were considered statistically significant (*, **, ***).
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