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Abstract 

Chromatin-localized RNAs play diverse roles in gene regulation and nuclear architecture. Mapping genome-wide RNA–DNA interactions is possi- 
ble using a variety of molecular methods, including using bridging oligonucleotides to ligate RNA and DNA in proximity. While molecular methods 
have progressed, a robust computational method for calling biologically meaningful RNA–DNA interactions from these data is lacking. Herein, 
we present RADIAnT , a reads-to-interactions pipeline for analyzing RNA–DNA ligation data. RADIAnT calls interactions against a dataset-specific, 
unified background, which considers RNA binding site–TSS distance and genomic region bias, and outperforms previously proposed methods 
in the accurate recall of genome-wide RNA–DNA interactions. Accurate RNA–DNA interaction calling enables the analysis of gene regulatory 
RNAs in dynamic biological contexts. Here, dynamically chromatin-associated RNAs were identified in the physiologically- and pathologically rel- 
evant process of endothelial-to-mesenchymal transition. By depleting candidate chromatin-associated lncRNAs, their gene regulatory behavior 
at bound target genes important to endothelial phenotype maintenance could be validated. These data demonstrate how effective RNA–DNA 

interaction calling can help to place RNAs at key points in gene regulatory networks governing cellular behavior. 
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nucleus [ 2 ] and remain associated with chromatin for their 
entire lifespan. Most notably, this has been shown for non- 
coding RNAs, such as Xist , whose role in X chromosome in- 
activation is crucial to mammalian development [ 3 ]. How- 
ever, this is only one example from thousands of nuclear- 
localized non-coding RNAs, whose functions remain largely 
unknown. 
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here RNA was formerly viewed as a conduit between genes
nd proteins, it is now recognized as playing key roles across
 vast number of cellular processes. Subcellular localization is
 key regulator of RNA function [ 1 ], with functional RNA
ehavior being reported across almost every cellular com-
artment. However, some RNA transcripts never leave the
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Non-coding RNAs can be broadly classified into small non-
coding RNAs (e.g. microRNAs, transfer RNAs, small nu-
cleolar (sno)RNAs, and small nuclear (sn)RNAs) and long
non-coding RNAs (lncRNAs), i.e. transcripts longer than 200
nucleotides [ 4 ]. LncRNAs generally show low evolutionary
conservation and highly tissue- and cell type-specific expres-
sion patterns [ 5 ]. These differentiated profiles reflect the dis-
tinct functions lncRNAs perform across phenotypes, which, in
turn, are often associated with a distinct mechanism of action
of the given transcript in the given context. A lncRNA can
act as a molecular scaffold for nuclear bodies, it can guide
chromatin-modifying enzymes to targets sites, or it can in-
hibit an effector [ 6 ,7 ]. Nuclear-localized RNA molecules can
also engage in direct interactions with genomic DNA, form-
ing diverse molecular architectures, including R-loops, hybrid
G-quadruplexes, and RNA–DNA triplexes [ 8 ]. Via the forma-
tion of these interactions, lncRNAs have been shown to mod-
ulate gene expression profiles, and thereby cellular behaviors
[ 9 ]. A well-studied cell type in this regard is endothelial cells,
where we and others have demonstrated the gene regulatory
capacity of several nuclear-localized lncRNAs. 

For example, HIF1 α-AS1 forms triplexes at the loci of
EPHA2 and ADM , recruiting chromatin-modifying proteins
to establish heterochromatin and thereby transcriptional re-
pression [ 10 ]. LINC00607 , which is highly expressed in en-
dothelial cells, maintains endothelial identity by interacting
with the chromatin remodeler BRG1 to maintain chromatin
accessibility at target genes of the transcription factor ERG
[ 11 ]. Similarly, SMANTIS interacts with BRG1 and modu-
lates its genomic localization, preventing BRG1 binding at the
ICAM1 promoter and thereby limiting monocyte adhesion to
endothelial cells [ 12 , 13 ], a mechanism shown to be common
to several other endothelial-expressed lncRNAs [ 14 ]. These
findings, amongst others, illustrate the central role of lncRNAs
in coordinating chromatin architecture and vascular gene reg-
ulation. This regulatory behavior is largely driven by accurate
genome-wide localization of lncRNAs to regions of gene reg-
ulatory importance, a process which can be studied by several
molecular methodologies. 

One-to-all RNA–DNA interaction assays—such as ChIRP-
seq [ 15 ], ChOP-seq [ 16 ], CHART-seq [ 17 ], RAP-DNA
[ 18 ]—use biotinylated antisense oligonucleotides to capture
genome-wide binding sites of a single RNA of interest. All-
to-all methods, on the other hand, provide data on all
RNA–DNA interactions in a given experiment. These meth-
ods include RADICL-seq [ 19 ], Red-C [ 20 ], GRID-seq [ 21 ],
ChAR-seq [ 22 ], and iMARGI [ 23 ], all of which use bridging
oligonucleotides that ligate RNA and DNA in spatial proxim-
ity, thereby detecting contacts between any transcript and any
genomic locus. While one-to-all methods provide exact infor-
mation about the target sites of an RNA of interest, all-to-all
methods allow for the genome-wide and transcriptome-wide
identification of chromatin-associated RNAs without prior se-
lection of the RNA molecules involved. 

Given the highly complex nature of all-to-all RNA–DNA
ligation data, several computational methods have been pro-
posed for their analysis. The RADICL-seq publication [ 19 ]
suggests calling RNA–DNA interactions using a binomial test,
comparing the mean RNA interaction count at a given ge-
nomic bin compared to the observed count. In GRID-seq [ 21 ],
the authors propose building a background based on trans -
chromosomal messenger RNA (mRNA)-DNA interaction fre-
quencies, against which the fold enrichment of RNA–DNA
interactions is calculated. This approach is also suggested by 
the authors of Red-C [ 20 ]. More recently, the peak-calling ap- 
proach BaRDIC was published [ 24 ], which considers gene- 
interaction distance and variation in RNA-binding profiles to 

detect genome-wide RNA–DNA interactions from all-to-all 
RNA–DNA ligation data. Similarly to GRID-seq, BaRDIC 

utilizes mRNA–DNA contacts to build a statistical back- 
ground. For interactions in cis , this background is addition- 
ally scaled by the distance between the RNA transcription 

locus and interacting region of the genome. BaRDIC calcu- 
lates bin sizes and accounts for interaction-locus distance for 
each RNA individually, which results in long processing times 
and limitations in which RNAs can be analyzed, given the re- 
quirement for the presence of sufficient read counts to calcu- 
late these individual backgrounds. This means that, at present,
there exists no standardized analysis for RNA–DNA ligation 

data that can effectively manage confounding factors such as 
distance and abundance, and eliminate experimental noise,
while still maintaining sufficient sensitivity to detect biologi- 
cally meaningful RNA–DNA interactions across a wide range 
of RNA abundances, all whilst being computationally efficient 
and user-friendly. 

Here, we present RADIAnT (RNA And DNA Interactions 
Analyzed “n” Tested), a statistical method for calling robust 
interactions from diverse RNA–DNA ligation data types. By 
accounting for the main confounding factors in these data,
RADIAnT is capable of detecting known RNA–DNA inter- 
actions with high specificity, whilst simultaneously remain- 
ing sensitive enough to identify interactions of lowly ex- 
pressed RNAs. RADIAnT is incorporated into a complete 
reads-to-interactions pipeline, which can be implemented on 

any RNA–DNA ligation data with minimal pre-processing 
requirements. RADIAnT detects specific RNA–DNA inter- 
actions across different input data consistently, and outper- 
forms other computational methods in accurate detection 

of genome-wide RNA–DNA interactions, whilst being more 
computationally efficient. This is demonstrated in an evalu- 
ation experiment utilizing orthogonal one-to-all RNA–DNA 

binding data across different species, ligation methods and 

RNAs. Given our experience in lncRNA-mediated gene reg- 
ulation in endothelial cells, RADIAnT was implemented 

to detect dynamic gene regulatory RNA–DNA interactions 
from newly generated RADICL-seq data from the physio- 
logically and pathologically relevant process of endothelial- 
to-mesenchymal transition (EndMT). Here, RADIAnT en- 
abled the identification of putative process-specific regulators,
whose gene regulatory effects on bound target genes were val- 
idated by lncRNA depletion. Thereby, we demonstrate that ef- 
fective analysis of RNA–DNA ligation data enables the incor- 
poration of RNAs into gene regulatory networks governing 
dynamic biological processes, such as phenotypic transitions. 

Materials and methods 

Identification of confounding factors 

Identification of distance bias 
RNA and DNA tags of mouse embryonic stem cells 
(mESCs) sequenced with GRID-seq (GEO accession no.: 
GSM2396700) and RADICL-seq (GEO accession no.: 
GSE132192) were mapped to the murine genome assem- 
bly version mm39 using STAR [ 25 ] (v2.7.3a) and anno- 
tated in GENCODE release M35. RNA and DNA tags of 
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ed-C-sequenced human K562 cells (GEO accession no.:
SE136141) were mapped to the human genome assembly
ersion hg38, annotated in GENCODE release 43. The dis-
ance between the tags was computed as the difference be-
ween the centre of the 5 kb bin the DNA tag was mapped
o and either the start or the end (whichever lies closer)
f the gene the RNA tag was mapped to. Gene start/end
ere rounded to 5 kb. We furthermore differentiated cases in
hich either (i) both tags mapped to the plus strand or (ii)
oth tags mapped to the minus strand (same-strandedness)
rom cases in which the tags mapped to different strands
opposite-strandedness), assuming that the latter would re-
ect nascent transcription. Visualization was produced with
gplot2 (v3.5.0). 

nalysis of RNA abundance 
o compare interaction frequency as captured by RADICL-
eq, GRID-seq, and Red-C against gene expression, we
apped sequencing reads from CAGE (GEO accession
o. GSE132191), GRO-sequencing (GEO accession no.
SE82312) and RNA-sequencing (GEO accession no.
SE136141), respectively, to the genomes as described in the

ection above using STAR [ 25 ] (v2.7.3a) and quantified using
eatureCounts (v2.0.0). Statistical analysis was conducted in
 (v4.3.1), visualization with ggplot2 (v3.5.0). 

reprocessing 

epletion of ribosomal RNA 

otential contaminating ribosomal RNA (rRNA) is eliminated
ith BBDuk of the BBTools suite (v39.19, https://github.com/
bushnell/BBTools ). In our analysis of the data presented in
his work, we used BBTools (v39.01) and the non-redundant
SU and LSU Ref datasets of the SILVA [ 26 ] (release 138.1) as
 ribosomal reference database. 

apping 
he split RNA and DNA tags (FASTQ format) are aligned

o the genome using STAR [ 25 ] (v2.7.3a). Apart from
efault parameters, we set –alignIntronMax 1 to
isable splicing, –outFilterScoreMinOverLread
 and –outFilterMatchNminOverLread 0 and
outFilterMatchNmin 0 to enhance the mapping rate.
ulti-mapping DNA reads are discarded using SAMtools

 27 ] (v1.10), whilst multimapping RNA read behavior can be
etermined by the user. 

dentification of interacting regions 
o describe interactions, the genome is split into two different
inds of units: For the DNA part of an interaction, bins of a
xed size (e.g. 5, 25, 50, 100 kb) are used. For the RNA part
f an interaction, we regard genes as the smallest unit of the
enome. BEDtools [ 28 ] intersect (v2.27.1) is used to assign
ligned DNA tags to bins and RNA tags to genes, respectively.
ince multiple genes can be annotated to the same locus, the
ead is assigned to the gene it has the maximum overlap with.

istance computation 

or intrachromosomal interactions, a linear interaction dis-
ance can be computed. Annotated gene starts and ends are
ounded to match the center of the closest bin of a given size.
he distance is then computed between either the rounded end
or rounded start of the gene (whichever lies closer) and the
center of the DNA bin it interacts with. 

Statistics 

Background model construction 

To account for experimental artifacts, we build a distance-
and expression-sensitive background to model the expected
interaction frequency of a given bin with a given RNA. The
distance-specific background is calculated for each RNA r as
the number of reads that were sequenced at a given distance,
normalized by the total number of reads for RNA r . For each
given distance, the interaction frequency is given by the mean
over all RNAs: 

BG Distance (r, dist ) = Count (r, dist ) ∑ n 
b=1 Count (r, b) 

, (1)

where n is the total number of bins on the chromosome
where RNA r resides. Count (r, dist ) denotes the number of
RNA–DNA interaction counts that RNA r has with the bin
b at distance dist to the gene locus of r . Count (r, b) denotes
the number of RNA–DNA interaction counts that RNA r has
with the bin b. 

Since there are cases in which no distance can be com-
puted (e.g. cross-chromosome interactions), a whole-genome
bin-specific background is constructed in the same manner: 

BG Bin (r, b) = Count (r, b) ∑ m 

r =1 Count (r, b) 
, (2)

where m is the number of all bins on all chromosomes. Re-
gions which are not covered by reads of an RNA r are by
definition set to Count (r, b) = 0 . 

The two background models are unified in a manner that
favors the more conservative value for later testing: 

BG (r, b) = max (BGBin (r, b) , BG Distance (r, dist (r, b))) , (3)

where dist (r, b) denotes the distance of the bin b to the gene
locus of r . 

Identification of statistically robust RNA–DNA interactions 
A particular RNA–DNA interaction count (r, b) is assessed for
statistical significance. Here an one-tailed Poisson test is used.
The mean λ is defined by incorporating the background count
and the estimated RNA abundance value: 

λ = BG (r, b) ∗ Abund (r ) , (4)

where Abund (r ) denotes the estimated RNA abundance in the
dataset by summing over all RNA–DNA interactions of r : 

Abund (r ) =
m ∑ 

r =1 

Count (r, b) . (5)

We conduct a Poisson test using significance level of α = 0 . 05 .
To account for multiple testing, we apply the method de-
scribed by Benjamini & Hochberg (1995)[ 29 ] and compute
the corresponding FDR. 

Snakemake pipeline assembly 
RADIAnT is made publicly available as a Snakemake [ 30 ]
pipeline. Input to the pipeline are split RNA and DNA FASTQ
files, and a configuration file that can be modified by the user.
The pipeline executes all necessary pre-processing steps (de-
pletion of rRNA, processing of multimapping reads, assembly

https://github.com/bbushnell/BBTools
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 the dataset. 
of complete RNA–DNA pairs, computation of RNA-bin inter-
action counts). If Red-C has been specified as the sequencing
method, RADIAnT accounts for separate processing of the 3′

and 5′ parts of the RNA read in the aforementioned steps. The
Snakemake pipeline subsequently applies the RADIAnT sta-
tistical method on the resulting RNA-bin counts. The outputs
of the pipeline are RNA–DNA interactions called by RADI-
AnT , as well as several plots detailing important metrics and
quality checks for the dataset. 

Assessing the consistency of RADIAnT interactions 

Datasets 
For the comparison of RNA–DNA interaction called by RA-
DIAnT across different RNA–DNA ligation methods and ex-
periments, RADICL-seq [ 19 ] and GRID-seq [ 21 ] data gener-
ated in mESCs were downloaded and analyzed. The NCBI
GEO accession numbers for the RADICL-seq and GRID-seq
data are GSE132192 and GSE82312, respectively, with there
being two independent RADICL-seq experiments, one with
1% formaldehyde fixation and one with 2%. 

Interaction calling with RADIAnT 

Each of the independent replicates of each experiment was
input to the RADIAnT Snakemake pipeline and analyzed
with annotation data for the mm39 (GENCODE M35)
genome assembly and 5 kb genomic bins. Interactions were
then compared against one another locally by considering
Malat1 -DNA interactions in the genomic region surround-
ing the Malat1 gene locus. Background interaction frequency,
Malat1 interaction frequency, and sites of significant (adjusted
P < .05) Malat1 -DNA interactions were plotted using ggplot2
per RNA–DNA ligation experiment. 

Correlation between RADIAnT interactions per RNA–DNA
ligation method 

To test the consistency of interactions called by RADIAnT
between RNA–DNA ligation methods, common interactions
detected with at least 1 supporting read in each experimen-
tal replicate were determined. The adjusted P values calcu-
lated for these interactions by RADIAnT in each experimental
replicate were then negative log-transformed, and the result-
ing values used as input to the R function cor.test in a pair-
wise manner. As a negative control, log-transformed adjusted
P values were sampled in triplicate from the distribution of
values calculated across the common interactions for all ex-
perimental replicates and assigned to the common interactions
as a negative control. This process was carried out for RA-
DIAnT interactions called against 5 and 25 kb bin sizes. Re-
sulting pairwise Pearson correlation coefficients were plotted
using ggplot2 (v3.5.0). 

Benchmarking of RNA–DNA interaction calling 

Analysis of one-to-all RNA–DNA interaction data 
Raw data corresponding to several one-to-all RNA–DNA in-
teraction experiments were downloaded and analyzed accord-
ingly. The datasets in question were Malat1 RAP-DNA from
mESCs [ 31 ] (GSE55914), along with MALAT1 and NEAT1
CHART data [ 32 ] from MCF-7 cells. For each dataset, reads
were aligned to the appropriate genome build (mm39 GEN-
CODE release M35 or hg38 GENCODE v47) using Bowtie2
[ 33 ] (v2.4.5) with the parameters –local and –very-
sensitive . Coverage tracks were generated using bamCov-
erage [ 34 ] (v3.5.3) with the parameter –normalizeUsing 
CPM . Peaks were called using MACS [ 35 ] (v3.0.0), with the 
RNA–DNA alignments as treatment and the respective input 
samples as control. 

RNA–DNA ligation data 
For the comparison between RNA–DNA interaction call- 
ing methods, several RADICL-seq [ 19 ] and GRID-seq [ 21 ] 
datasets generated in mESCs and MDA-MB-231 cells were 
downloaded and analyzed with each RNA–DNA interaction 

caller. The NCBI GEO accession numbers for the datasets are 
GSE132192 (RADICL-seq mESCs) and GSE82312 (GRID- 
seq mESCs and MDA-MB-231), respectively. 

Analysis with RADIAnT 

Both RADICL-seq and GRID-seq reads were used as input 
to the RADIAnT Snakemake pipeline in order to call interac- 
tions. Depending on the input data, either mm39 (GENCODE 

M35 release) or hg38 (GENCODE v47) genome assemblies 
were used in combination with 25, 50, or 100 kb genomic 
bins. RNA-bin interaction counts were pooled across repli- 
cates prior to interaction calling with RADIAnT . Statistically 
significant interactions were designated as those with an ad- 
justed P < .05. 

Implementation of Bonetti et al. statistical method 

The computational method for calling RNA–DNA interac- 
tions as proposed by Bonetti et al. [ 19 ] was reimplemented in 

R. Briefly, RNA-bin counts from the identical pre-processing 
to the RADIAnT analysis were subjected to a binomial test 
where the parameters were as follows: x was the RNA-bin 

interaction count, n was the sum of all RNA-bin interaction 

counts for the RNA in question, p is the reciprocal of the to- 
tal number of bins detected as being bound by the RNA, and 

alternative was set to “greater.” Resulting P values were ad- 
justed for multiple testing using the Benjamini–Hochberg pro- 
cedure [ 29 ]. 

Implementation of Zhou et al. statistical method 

The computational method for calling RNA–DNA interac- 
tions as proposed by Zhou et al. [ 36 ] was also reimplemented 

in R. Briefly, RNA-bin counts as detected by RADIAnT pre- 
processing were subset to trans -chromosomal interactions of 
mRNAs only. A bin-specific background is constructed from 

the number of reads at each 1 kb bin, which is normalized by 
the overall number of genes in the interaction set. The nor- 
malized read count is then smoothed in a moving window ap- 
proach (10 bins), further normalizing by total read count per 
chromosome and number of bins per chromosome, yielding 
a bin-specific background coverage. The approach by Zhou 

et al. calculates the fold enrichment as the ratio of the ob- 
served RNA-bin interaction frequency (normalized by read 

count per chromosome and number of bins per chromosome) 
to the background coverage. 

Calling of RNA–DNA interactions using BaRDIC 

BaRDIC was installed and run as per the instructions at 
https://github.com/dmitrymyl/BaRDIC/. Genomic annotation 

and chromosome sizes were supplied based on mm39 (GEN- 
CODE M35) or hg38 (GENCODE v47) as appropriate for 
the respective dataset, and the background RNAs used were 
mRNAs as classified by GENCODE, which were present in 

https://github.com/dmitrymyl/BaRDIC/


RNA–DNA interactions in phenotypic transitions 5

P
E  

m  

w  

i
 

w  

e  

t  

F  

T  

u  

r  

t  

o  

a
 

c  

m  

c  

c  

o  

f  

e

M
M  

s  

7  

a  

G  

t
 

o  

t  

w  

R  

t  

r  

o  

A  

o  

R  

t  

o  

f  

i  

t  

e  

t  

t

C

H  

4  

0  

(  

t  

(  

t  

E  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

erformance evaluation 

ach RNA–DNA interaction calling method was imple-
ented as described above. RADICL-seq and GRID-seq data
ere subjected to identical pre-processing procedures prior to

nteractions being called by each method. 
Classification performance evaluation of each of the tools

as carried out in R using the ROCR (v1.0.11) package. The
valuation dataset was composed of genomic bins which ei-
her intersected with a one-to-all RNA–DNA peak or not.
or each method, a predictor value was assigned per bin.
hese values were negative log-transformed adjusted P val-
es for RADIAnT , BaRDIC , and Bonetti et al., and fold en-
ichment for Zhou et al. The relative performance of each
ool was then computed with ROCR , comprising of receiver
perating characteristic (ROC) analysis and precision-recall
nalysis. 

Correlative performance of each RNA–DNA interaction
aller was conducted using an adapted form of gene set enrich-
ent analysis (GSEA). Briefly, genomic bins were ranked ac-

ording to the RNA–DNA interaction statistic output of each
aller. Hits were considered as bins intersecting with at least
ne one-to-all RNA–DNA interaction peak. The R package
gsea [ 37 ] was then used to conduct the GSEA, resulting in an
nrichment score per method, per dataset. 

emory and time profiling 
emory and runtime performance were evaluated on a Linux

erver running Ubuntu 22.04.5 LTS with dual AMD EPYC
45 32-core processors, providing a total of 64 physical cores
nd 128 logical threads. The system was equipped with 503
B of RAM and 99 GB of swap space. At the time of profiling,

he available memory was ∼495 GB. 
For the sake of comparability, we aimed to conduct mem-

ry and runtime performance of RADIAnT and BaRDIC on
he same input set. BaRDIC by default, discards any genes
ith < 1000 interaction counts ( mcon parameter set to 1000).
ADIAnT , by default, applies a minimum interaction count

hreshold of 2. In initial tests, reducing BaRDIC’ s mcon pa-
ameter to 2 (as well as 10, 25, and 50) led to excessive mem-
ry consumption and frequent crashes due to resource limits.
s BaRDIC executed reliably only at mcon = 100 , this thresh-
ld was used for all performance comparisons. Accordingly,
ADIAnT was provided with a matched count input set fil-

ered to include the same genes meeting the 100-count thresh-
ld. For the replicate n1 of the RADICL-seq of mESCs at 2%
ormaldehyde, this resulted in a set of 11 961 genes involved
n 829 493 interactions supported by 23 071 070 reads in to-
al. BaRDIC was run on 16 cores, while the interaction calling
lement of RADIAnT is predominantly uses a single core (al-
hough the R package data.table can take advantage of mul-
icore processing). 

ell culture 

uman umbilical vein endothelial cells (HUVEC, batches
05Z013, 408Z014, 416Z042, Lonza) were cultured on
.2% gelatin-coated dishes in endothelial growth medium
EGM, Pelo Biotech). EGM was supplemented with 8% fe-
al calf serum (FCS, Sigma–Aldrich), 50 U ml−1 penicillin
Gibco), and 50 μg ml−1 streptomycin (Gibco). The cells were
hawed freshly and passaged once on a 10 cm dish (Sarstedt).
xperiments were performed with passage 3. Cells were in-
cubated at 37◦C with 5% CO2 . If not stated otherwise, three
batches of HUVECs were used for the experiments. All media
used were pre-warmed at 37◦C. 

Endothelial-to-mesenchymal transition 

EndMT was induced according to [ 38 ]. HUVECs were seeded
in EGM (Pelo Biotech) with a density of 6900 cells cm−2 on
0.2% gelatin-coated dishes (15 cm, Sarstedt) 1 day prior to in-
duction of EndMT. To induce EndMT, differentiation medium
(DM) was used, which consisted of endothelial basal medium
(Pelo Biotech) supplemented with 8% FCS (Sigma–Aldrich),
50 U ml−1 penicillin (Gibco), 50 μg ml−1 streptomycin
(Gibco), and L-glutamine (Gibco). 10 ng ml−1 TGF- β 2 (Pe-
protech) and 1 ng ml−1 IL-1 β (Peprotech) were added freshly
to pre-warmed DM medium. Medium was changed every 24 h
for a total of 5 days. 

Nuclear RNA sequencing 

Nuclear RNA sequencing was performed on control HUVECs
and HUVECs stimulated to undergo EndMT. To isolate nu-
clear extract, medium was aspirated, and cells were washed
once with cold Hank’s solution. Harvesting was performed
by scraping cells twice in 500 μl Hank’s solution and cen-
trifuging (1 min, 13 000 rpm at 4◦C). The supernatant was
removed, and the pellet resuspended in 600 μl buffer A (10
mM HEPES, pH 7.9, 10 mM KCl, 0.1 mM ethylenediaminete-
traacetic acid (EDTA), 0.2 mM ethylene glycol tetraacetic
acid (EGTA), 1 mM dithiothreitol (DTT), 40 μg ml−1 phenyl-
methylsulfonyl fluoride (PMSF), 12 μg ml−1 protease inhibitor
mix). After incubation on ice for 15 min, 45 μl 10% Nonidet
(Sigma–Aldrich) were added to lyse the cytosolic membrane,
the cells were vortexed for 10 s, and centrifuged (1 min, 13
000 rpm at 4◦C). The supernatant, containing the cytosolic
fraction, was removed, and the pellet resuspended in 150 μl
buffer C (20 mM HEPES, pH 7.9, 0.4 M NaCl, 1 mM EDTA,
1 mM EGTA, 1 mM DTT, 40 μg ml−1 PMSF, 12 μl ml−1 pro-
tease inhibitor mix). To lyse the nuclei, the resuspended pellet
was rocked for 15 min at 1400 rpm and 4◦C. To remove in-
soluble debris, the lysate was centrifuged (5 min, 13 000 rpm
at 4◦C), and the supernatant was transferred to a new 1.5 ml
tube. 

RNA isolation was performed according to Bio&SELL
RNA isolation kit manual. If not otherwise stated, RNA was
eluted in 30 μl at 13 000 rpm for 1 min at room tempera-
ture. RNA concentration was measured with the NanoDrop
ND-1000. Library preparation was carried out using the
SMARTer® Stranded Total RNA-seq Kit v2–Pico input mam-
malian. Libraries were sequenced on an Illumina NextSeq 500
sequencer with single-end, 75 bp read length and to an average
depth of 30 million reads. 

Nuclear RNA sequencing analysis 

Nuclear RNA sequencing reads were aligned to the hg38
(GENCODE v43) genome assembly using STAR [ 25 ]
(v2.7.10) with the parameters –outSAMtype BAM Sort-
edByCoordinate –quantMode GeneCounts . Differen-
tial gene expression analysis was performed using DESeq2
(v1.40.2) [ 39 ], with the respective donor per sample included
in the experimental design. 



6 Zehr et al.

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Assay for transposase accessibility-sequencing 

Assay for transposase accessibility (ATAC) resuspension
buffer was prepared (10 mM Tris–HCl, pH 7.4, 10 mM NaCl,
3 mM MgCl2 ). Fifty thousand cells per biological replicate for
control and EndMT conditions were washed once with 50 μl
ice-cold phosphate buffered saline (PBS) and lysed in 50 μl
cold ATAC lysis buffer (97% ATAC resuspension buffer, 0.1%
NP-40, 0.1% Tween20, 0.01% Digitonin). Cells were incu-
bated for 3 min on ice before being topped up to 1 ml with
ATAC wash buffer (99% ATAC resuspension buffer, 0.1%
Tween20) and inverted three times. Nuclei were pelleted by
centrifugation (10 min, 500 × g , 4◦C). Supernatants were re-
moved, and nuclei were resuspended in 50 μl ATAC transposi-
tion reaction mix (25 μl 2 × Tagment DNA buffer (Illumina),
2.5 μl Transposase (Illumina), 22.5 μl nuclease-free water).
After incubation (37◦C, 1000 rpm, 30 min), the DNA was pu-
rified using the Qiagen MinElute kit and eluted in 10 μl elution
buffer. The library was prepared with the ATAC library am-
plification reaction mix, as described in [ 40 ]. Following am-
plification, the library was sequenced on an Illumina NextSeq
500 sequencer with paired-end, 75 bp read length, and to an
average depth of 15 million reads. 

Resulting sequencing reads were aligned to the hg38
genome assembly (GENCODE v43) using Bowtie2 [ 33 ]
(v2.4.5) with the parameters –local and –very-
sensitive . Coverage tracks were generated using bamCov-
erage [ 34 ] (v3.5.3) with the parameter –normalizeUsing
CPM . Dynamic ATAC-seq peaks between control and EndMT
conditions were detected using MACS [ 35 ] (v3.0.0) bdgdiff ,
with filtered sequencing depths per condition used to normal-
ize between samples. 

RADICL-seq 

RADICL-seq was performed as reported in [ 19 ] on control
HUVECs and HUVECs subjected to EndMT. For each con-
dition, 4 million cells were washed once with PBS, trypsi-
nated, and spun down (1200 rpm, 4 min). The cell pellet
was resuspended in 5 ml PBS, and the cells were counted us-
ing a Neubauer counting chamber and Trypan blue staining.
Two million cells were cross-linked through resuspension in 2
ml fresh 1% formaldehyde for 10 min at room temperature.
Crosslinking was stopped by adding 715 μl of freshly pre-
pared 1 mol l−1 glycine in double-distilled water. Cells were
centrifuged (100 × g , 5 min, 4◦C), and the cell pellet was
washed once with 5 ml ice-cold PBS and spun down again
(100 × g , 5 min, 4◦C). Pellets were shock-frozen in liquid
nitrogen and stored at −80◦C. Thereafter, the RADICL-seq
protocol was carried out as described by Bonetti et al. [ 19 ].
Final library concentrations were measured by Qubit fluorom-
eter, and library quality and size was determined by a Bioan-
alyzer High Sensitivity DNA Analysis according to manufac-
turer’s protocol (Agilent). Paired-end sequencing with 150 bp
read length was carried out using an Illumina NextSeq 500
sequencer with a sequencing depth of 125 million reads per
condition. 

Analysis of EndMT RADICL-seq data 

Control and EndMT RADICL-seq data were analyzed using
the RADIAnT Snakemake pipeline, using the hg38 genome
assembly and 25 kb genomic bins. Significant RNA–DNA in-
teractions were those with a RADIAnT P value < .05. RNA
biotypes were assigned to populations of interacting RNAs as
annotated in GENCODE release 43. Interaction proportions 
per RNA were calculated per condition by taking the num- 
ber of significant interactions per RNA divided by the total 
number of significant interactions in the condition. Circular 
genome plots were made using ggplot2 (v3.5.0). 

siRNA-mediated knockdown of lncRNAs 

For the knockdown of lncRNAs with small interfering RNA 

(siRNA), HUVEC were seeded at 15 000 cells/cm2 1 day be- 
fore transfection. Cells were transfected using Lipofectamine 
RNAiMAX according to the instructions provided by Thermo 

Fisher Scientific. A custom Silencer™ Select siRNA library 
(Thermo Fisher Scientific, Cat. No. 4392426) was used for in- 
dividual knockdowns of lncRNA targets ( GAS5 , NUTM2B- 
AS1 , and MIR222HG ), with transfection performed using 
25 nM siRNA. Silencer™ Select Negative Control No. 1 

siRNA (Thermo Fisher Scientific, Cat. No. 4390844) served 

as a control. Cell medium was changed to EGM after 4 h and 

again the next day. All siRNA experiments were performed 

for 48 h. 

Endothelial proliferation assay 

Proliferation of HUVECs treated with either control or 
lncRNA-targeting siRNAs was monitored for 96 h using the 
IncuCyte S3 live cell imaging system (Sartorius). To do this,
HUVECs were plated at a density of 4000 cells/well in a 96- 
well plate in endothelial growth medium (Gibco). The cells 
were then transfected with appropriate siRNA in endothelial 
basal medium (Gibco) as described earlier. The following day,
media was changed to endothelial growth medium (Gibco) 
prior to the proliferation assay. Proliferation was measured by 
the detection of Nuclight Rapid Red dye (Sartorius), which 

was added to the cells 20 min prior to the beginning of the 
IncuCyte run. The plate was scanned every 3 h for 120 h,
and the fluorescence quantified. Changes in the proliferation 

rate were calculated by calculated the time at which the cells 
reached 50% of their maximum confluency per well, and then 

comparing these values between knockdown and control con- 
ditions. 

Total RNA-sequencing 

Nine hundred nanograms of total RNA isolated from HU- 
VECs was used as input for SMARTer Stranded Total RNA 

Sample Prep Kit—HI Mammalian (Takara Bio). Sequencing 
was performed on the NextSeq 500 instrument (Illumina) us- 
ing v2 chemistry, resulting in an average of 34 million reads 
per library with 2 × 75 bp paired-end setup. The resulting raw 

reads were assessed for quality, adapter content, and duplica- 
tion rates with FastQC [ 41 ]. Trimmomatic version 0.39 was 
employed to trim reads after a quality drop below a mean of 
Q20 in a window of 10 nucleotides [ 42 ]. Only reads between 

30 and 150 nucleotides were cleared for further analyzes.
Trimmed and filtered reads were aligned versus the Ensembl 
human genome version hg38 (release 99) using STAR 2.7.3a 
with the parameter “–outFilterMismatchNoverLmax 0.1” to 

increase the maximum ratio of mismatches to mapped length 

to 10 [ 25 ]. The number of reads aligning to genes was counted 

with featureCounts 1.6.5 tool from the Subread package [ 43 ].
Only reads mapping at least partially inside exons were ad- 
mitted and aggregated per gene. Reads overlapping multiple 
genes or aligning to multiple regions were excluded. Differen- 
tially expressed genes (DEGs) were identified using DESeq2 
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ersion 1.26.0 [ 39 ]. Only genes with a minimum fold change
f ±1.5 (log2 ± 0.59), a maximum Benjamini–Hochberg cor-
ected P -value of .05, and a minimum combined mean of five
eads were deemed to be significantly differentially expressed.
he Ensembl annotation was enriched with UniProt data (re-

ease 06.06.2014) based on Ensembl gene identifiers (Activi-
ies at the Universal Protein Resource (UniProt) [ 44 ]). 

ombined analysis of RADICL-seq, RNA-seq, and 

cRNA-seq 

he combined analysis was conducted on lncRNA-regulated
enes, which were defined as genes where the gene locus over-
apped with a lncRNA-bound locus, as called by RADIAnT
n EndMT RADICL-seq data, and which were differentially
xpressed in RNA-sequencing data (adjusted P < .05) after
iRNA-mediated knockdown of the respective lncRNA. Sta-
istical enrichment of lncRNA-bound genes in the DEG popu-
ation, compared to the non-differential population, was com-
uted using a Chi-squared test. 
Term enrichment analysis on lncRNA-regulated genes was

erformed using Metascape [ 45 ] ( https://metascape.org ). A
ist of putative RNA-regulated genes per candidate RNA
 GAS5 , MIR222HG , and NUTM2B-AS1 ) was generated
s Metascape input. Metascape queried multiple ontology
ources, including Gene Ontology Biological Processes, Reac-
ome, KEGG, WikiPathways, and PANTHER. The complete
ene set served as background for the enrichment analysis. A
erm was reported as enriched at P < .01, a minimum count
f 3, and an enrichment factor > 1.5. 
A gene module was constructed per putative set of RNA

p- and downregulated genes. Relative gene module expres-
ion was queried in a single-cell RNA-sequencing experiment
here HUVECs were induced to undergo EndMT [ 46 ] (GEO

ccession number GSE143151 ) using Seurat [ 47 ]. Epigenetic
haracteristics of the lncRNA-bound gene loci were examined
n more detailed using a ChromHMM model [ 48 ] learned
rom epigenetic data obtained from HUVECs [ 14 ]. 

esults 

NA–DNA ligation data are confounded by 

istance and abundance 

ublished RADICL-seq [ 19 ], GRID-seq [ 21 ], and Red-C [ 20 ]
atasets were downloaded, split into paired RNA and DNA
equences, and aligned to appropriate genome assemblies. For
ach RNA–DNA read pair that mapped to the same chro-
osome, the linear distance between the mapped RNA and
NA was calculated in base pairs. Upon plotting the density
f RNA–DNA distances by strandedness, a clear enrichment
ould be observed in RNA–DNA distances < 1 kilobase where
trandedness was opposite (Fig. 1 b–d). This corresponds to
 high proportion of RNA associating with complementary
NA in its own transcriptional locus, which is likely a result
f nascent transcription. 
Given the potential impact of active transcription on the

ata, the relationship between RNA expression and abun-
ance in RNA–DNA ligation data was also investigated. For
ach ligation method, accompanying gene expression data
ere also downloaded and analyzed. In each case, significant
ositive correlations between RNA expression and abundance
n the ligation data could be observed (Fig. 1 e–g). 
These two observations made it clear that both the abun-
dance of the RNA and the RNA gene locus-binding site dis-
tance should be considered when analyzing these data. Addi-
tionally, to better control for variation between methods and
potential quality differences between experiments, the statisti-
cal background should be built from the given dataset, rather
than in a generalized manner. 

RADIAnT calls RNA–DNA interactions against a 

unified, dataset-specific background 

Based on the observations described earlier, we formulated
RADIAnT . RADIAnT uses the RNA–DNA ligation data pro-
vided by the user to build a unified, dataset-specific statisti-
cal background, against which RNA–DNA interactions are
called. To aggregate interaction counts and enable quantifica-
tion of the data, the genome is split into bins of a user-defined
size (e.g. 5 kb). RNA–DNA interaction counts are then sum-
marized as the total observed reads mapping to an RNA-bin
combination. By dividing the RNA-bin interaction count by
the total counts for the RNA in question, the interaction fre-
quency of the RNA at the given bin can be derived, a metric
that is robust to expression differences between RNAs. 

To account for the effect of nascent transcription, a
distance-specific background is constructed from the input
dataset. This is done by calculating the mean RNA-bin in-
teraction frequency at defined linear distances from the RNA
gene locus (Fig. 2 a, top). The mean of these frequencies per
distance across all RNAs in the dataset is then taken as the
distance-specific RADIAnT background for the experiment in
question. 

In a separate approach designed to control for the over-
representation of specific genomic bins resulting from techni-
cal artifacts or sequence biases, RADIAnT also constructs a
bin-specific background. This is done by calculating the mean
RNA interaction frequency at each genomic bin (Fig. 2 a, bot-
tom). Only interaction frequencies where the RNA in ques-
tion originates from a different chromosome—and are there-
fore not subject to linear distance bias—are considered when
building bin-specific background. 

The two backgrounds are then combined (Fig. 2 a, right).
Consequently, for every genomic bin and a given RNA, there
exists a bin-specific background RNA interaction frequency
in addition to a distance-based background interaction fre-
quency (imposed if the RNA in question originates from
the same chromosome as the bin). These two backgrounds
are unified by taking the maximum expected interaction fre-
quency per bin of the genome, ensuring maximum stringency.
The output of these steps is an expected interaction frequency
of each RNA in the dataset at each genomic bin. 

To call interactions for a given RNA (Fig. 2 b), the unified
background interaction frequency is scaled by the matching
RNA abundance in the input data, giving an expected RNA-
bin interaction count. The observed RNA-bin count is com-
pared against the expected RNA-bin count in a Poisson test,
resulting in a P value for the RNA-bin interaction. The inter-
action P value is adjusted for multiple testing according to the
total tested RNA-bin combinations. By default, this encom-
passes any RNA-bin interaction with at least two supporting
reads. Interactions with an adjusted P value < .05 are taken as
significant. 

RADIAnT is incorporated into a reads-to-interactions
Snakemake [ 30 ] pipeline (Fig. 2 c), which takes split

https://metascape.org
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Figure 1. RNA–DNA ligation data are confounded by distance and RNA abundance. ( a ) Generalized workflow for RNA–DNA ligation experiments, which 
comprise of introduction of a tagged linker oligonucleotide to disrupted nuclei, which bridges RNA and DNA in proximity, resulting in chimeric RNA–DNA 

sequencing reads. ( b–d ) RNA–DNA tag distances in base pairs from published GRID-seq [ 36 ], RADICL-seq [ 19 ], and Red-C [ 20 ] experiments, split by 
strandedness. ( e–g ) Pearson correlation between RNA abundance in RNA–DNA ligation data and RNA expression as captured by GRO-seq [ 21 ], CAGE 
[ 19 ], or RNA-seq [ 20 ]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sequencing reads generated from RNA–DNA ligation ex-
periments as input. The pipeline conducts appropriate pre-
processing and returns called RNA–DNA interactions as de-
scribed earlier. By implementing the pipeline on different
RNA–DNA ligation experiments from the same cell type, the
capability of RADIAnT to adapt to different input data while
maintaining consistent interaction calling was assessed. 

RADIAnT calls consistent RNA–DNA interactions 

regardless of input data type 

To determine the consistency of RADIAnT interaction call-
ing, independent RNA–DNA ligation experiments from the
same biological context were utilized. This entailed two trip-
licate RADICL-seq experiments (1% and 2% formaldehyde
fixation) [ 19 ] and a duplicate GRID-seq experiment [ 21 ], all
conducted in mESCs. 

For an assessment of how consistently RADIAnT calls
interactions against a predominantly distance-specific back-
ground, several megabases surrounding the gene locus of
Malat1 were considered. Malat1 is an extensively studied
nuclear-localized lncRNA; it is highly conserved, ubiquitously
expressed, and has important regulatory functions in tran-
scription and alternative splicing [ 49 ]. In spite of the differ-
ent methods, experimental conditions, and sequencing depths,
similar patterns of Malat1 -DNA interactions were called by
RADIAnT across the datasets (Fig. 2 d). Most notably, highly
significant interactions were called across a region between
8.75 and 9 Mb in all three datasets, with interactions in this 
region being called as more significant than interactions closer 
to the gene locus, indicating the functionality of the distance- 
specific RADIAnT background. 

For a genome-wide perspective, the numbers of valid paired 

RNA–DNA reads, RNA-bin interactions, and statistically sig- 
nificant RNA–DNA interactions called by RADIAnT were 
compared across the experiments. An expected relationship 

between the number of valid reads and number of significant 
interactions could be observed (Fig. 2 e). However, this was not 
due to increased numbers of interactions in general. 

To test genome-wide concordance between called interac- 
tions, negative log-transformed adjusted P values for common 

interactions detected (read count > 0) across all the experi- 
mental replicates were compared. Comparisons were made 
between RNA-bin interactions at higher (5 kb) and lower 
(25 kb) resolutions. In each case, the interactions called by RA- 
DIAnT were strongly correlated across the independent ex- 
periments and replicates, except for randomly sampled values,
which acted as a negative control (Fig. 2 f). Whilst those inter- 
actions called using 25 kb bins were more concordant, those 
called with 5 kb bins were still consistent across the experi- 
ments. Given the likely relationship between sequencing depth 

and maximal resolution, genomic bin size is a user-defined pa- 
rameter in the RADIAnT pipeline, which can be tuned based 

on the depth and quality of the data in question. 
While RADIAnT could call consistent RNA–DNA inter- 

actions across different experimental contexts, the question 

remained whether the interactions called by RADIAnT were 
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RNA-specific manner. ( c ) RADIAnT interaction calling is incorporated into a reads-to-interactions Snakemake pipeline for complete processing of diverse 
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interactions called using RADIAnT from GRID-seq [ 21 ], RADICL-seq (1% formaldehyde), and RADICL-seq (2% formaldehyde) [ 19 ] data generated from 

mESCs. ( e ) Total numbers of valid paired RNA–DNA reads, unique RNA–DNA interactions, and statistically significant (adjusted P < .05) RNA–DNA 

interactions called by RADIAnT , for each replicate of the GRID-seq and RADICL-seq experiments from mESCs (denoted N1–3). ( f ) Pearson correlation 
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iologically meaningful, and how well they reflected inter-
ctions identified by orthogonal one-to-all RNA–DNA inter-
ction methods. To address this, interactions called by RA-
IAnT were compared against those detected in one-to-all
ata for several combinations of RNAs, datasets and bin sizes.
dditionally, RADIAnT interactions were compared to those
alled by alternative methods proposed for analysis of all-to-
ll RNA–DNA ligation data. 

ADIAnT outperforms other all-to-all RNA–DNA 

nteraction callers 

o assess the ability of RADIAnT to identify specific
NA–DNA interactions, one-to-all RNA–DNA interaction
data were used to evaluate the relative performance in the
accurate detection of ground truth RNA–DNA interactions
of the method compared to other RNA–DNA interaction
callers. The callers used in this comparison were RADIAnT ,
BaRDIC [ 24 ], the method proposed by Zhou et al. for anal-
ysis of GRID-seq data [ 21 ], and the method proposed for
analysis of RADICL-seq by Bonetti et al. (Fig. 3 a). Several
datasets were used in the evaluation. Namely, one-to-all data
included were Malat1 RAP-DNA generated from mESCs [ 31 ]
were compared to Malat1 -DNA interactions called from ei-
ther RADICL-seq or GRID-seq data in the same cell type, and
one-to-all CHART data for NEAT1 and MALAT1 in MCF-7
cells was used as ground truth for testing the performance of
interaction calling in MDA-MB-231 cells (Fig. 3 b). 
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Figure 3. RADIAnT outperforms other RNA–DNA interaction callers in detection of one-to-all RNA binding sites. ( a ) RNA–DNA interaction calling 
methods whose performance was evaluated. ( b ) One-to-all and all-to-all dataset combinations used to test the relative performance of the different 
RNA–DNA interaction callers. ( c ) Workflows for evaluating the classification and correlative performance of each RNA–DNA interaction caller, using the 
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The performance of the RNA–DNA interaction callers was
tested in two ways. In the first, the relative classification per-
formance of each method was evaluated by using the one-to-
all data to label bins of the genome, which were compared to
the output statistic of each method in order to derive true pos-
itives, true negatives, false positives, and false negatives. The
rate of these at alternative thresholds permits receiver operat-
ing characteristic and precision-recall analyses (Fig. 3 c, left).
In the second way, the correlative performance of each method
was tested using an adapted form of GSEA [ 50 ] (Fig. 3 c, right).
Briefly, genomic bins were ranked by the output statistic of
each tool, with bins containing a one-to-all peak taken as hits.
GSEA was then used to determine the relative enrichment of
hits at the top of the ranked list, described by an enrichment
score. 

In each of the approaches described earlier, across each
combination of one-to-all and all-to-all datasets and differ-
ing bin sizes (25, 50, and 100 kb), RADIAnT outperformed
each of the other RNA–DNA interaction callers (Fig. 3 d,
Supplementary Fig. S1 ). BaRDIC consistently performed sec-
ond best of the tested callers, followed by the method from
Zhou et al., and finally that from Bonetti et al.. RADIAnT
interaction calling performance also increased with increas-
ing bin size, suggesting that the method scales with relative
sequencing depth. 
 

The final performance measure evaluated here was the rela- 
tive computational requirements of RADIAnT and BaRDIC ,
which were the two highest-performing methods in classifi- 
cation and correlation of RNA-binding sites with one-to-all 
data. On a test RADICL-seq sample [ 19 ], BaRDIC required 

428 min and 396 GB of memory to call RNA–DNA interac- 
tions for all RNAs with at least 1000 reads in the dataset,
compared to 3 min and 5 GB of memory required by RADI- 
AnT (Fig. 3 e-f). 

Taken together, these evaluation experiments demonstrated 

that RADIAnT was the most accurate and most efficient 
RNA–DNA interaction caller available at the time of writing.
However, the ability of RADIAnT to detect dynamic, biolog- 
ically meaningful RNA–DNA interactions in a physiological 
context remained unexplored. 

Detection of dynamic RNA–DNA interactions 

during EndMT using RADIAnT 

To test the ability of RADIAnT to identify dynamic 
RNA–DNA interactions between biological settings, EndMT 

was used as a model. In EndMT, endothelial cells transdif- 
ferentiate to a more proliferative and invasive mesenchymal- 
like phenotype, which has been linked to physiological and 

pathological processes in the cardiovascular system [ 51 , 52 ].

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag304#supplementary-data
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Figure 4. Detection of dynamic RNA–DNA interactions during EndMT using RADIAnT. ( a ) Overview of EndMT reproduced experimentally by TGF- β2 and 
IL-1 β treatment of HUVECs. ( b , c ) Unique and common interacting RNAs and interacting DNA bins in control and EndMT conditions. ( d ) RNA biotype 
proportions in control, common, and EndMT RNA populations. ( e ) Percentage of interchromosomal RNA–DNA interactions for protein-coding RNAs (PC), 
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stratified by change in expression measured by nucRNA-seq and change in DNA interactions (interactions per million) as detected by RADICL-seq 
between control and EndMT conditions. LncRNAs further analyzed in subsequent figures are labeled in bold. ( h ) Expression changes and RNA–DNA 

interaction proportion changes between control and EndMT conditions for the lncRNAs CLDN10-AS1 , NUTM2B-AS1 , KRTAP5-AS1 , and LINC00616 . ( i ) 
RNA–DNA interactions called for CLDN10-AS1 in control and EndMT conditions. ( j ) RNA–DNA interactions called for TSPOAP1-AS1 between control and 
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n an in vitro model of EndMT, HUVECs were treated with
nterleukin-1 beta (IL-1 β) and transforming growth factor
eta 2 (TGF- β2) to induce a phenotypic switch (Fig. 4 a).
uclear RNA-sequencing (nucRNA-seq), RADICL-seq, and
TAC-seq were performed on control (endothelial) and

reated (EndMT) cells. 
When comparing RNA and DNA populations involved in

ADIAnT RNA–DNA interactions detected in two biological
eplicates of control or EndMT conditions, condition-specific
nd common features could be extracted (Fig. 4 b and c).
hen examining these populations, there was a greater pro-

ortion of lncRNAs involved in interactions in EndMT com-
ared to common or control conditions (Fig. 4 d). LncRNAs
ere also involved in greater proportions of interchromoso-
al RNA–DNA interactions across control and EndMT con-
ition (Fig. 4 e), as well as interacting at a greater proportion
f regions where ATAC-seq peaks were detected compared to
random bins, protein-coding RNA-bound bins or other RNA
biotype-bound bins (Fig. 4 f). 

To identify dynamic chromatin-associated lncRNAs
in EndMT, nucRNA-seq data were integrated with the
RNA–DNA interactions called by RADIAnT , with the pro-
portion of the total interactions per condition being used as
a metric to measure RNA–DNA binding changes. A number
of lncRNAs whose expression and interaction proportion
were dynamic between the conditions were detected (Fig. 4 g),
among them CLDN10-AS1 , NUTM2B-AS1 , KRTAP5-AS1 ,
and LINC00616 (Fig. 4 h). Some lncRNAs demonstrated
highly dynamic changes in chromatin association between
control and EndMT conditions. Notably, this was the case for
lncRNAs that show an almost complete loss in DNA binding
in EndMT (e.g. CLDN10-AS1 ), as well as for lncRNAs that
display increased chromatin interaction after EndMT (e.g.
TSPOAP1-AS1 ) (Fig. 4 i and j). 
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This use case demonstrates that RADIAnT can be utilized
to examine dynamic biological processes and identify puta-
tive RNA regulators involved in physiological and patholog-
ical processes. To decompose the complex RNA–DNA bind-
ing behaviors seen here and identify putative RNA-regulated
gene modules, individual lncRNAs were further interrogated
for their potential gene regulatory functions. 

RADIAnT -called interactions underlie putative 

RNA-dependent regulatory networks 

To further investigate the functional roles of RNA–DNA
interactions called using RADIAnT during the course of
EndMT, candidate chromatin-associated lncRNAs were se-
lected for further mechanistic investigation. To do this, dy-
namically chromatin-associated lncRNAs were stratified by
their changes in RADICL-seq interactions and nucRNA-seq
expression, as well as the effects on endothelial prolifera-
tion following siRNA-mediated knockdown of the lncRNA.
Based on these metrics, GAS5 , MIR222HG , and NUTM2B-
AS1 were selected for further study, each of which displayed
downregulation of expression and chromatin association dur-
ing EndMT and had consistent effects on endothelial prolifer-
ation following their knockdown ( Supplementary Fig. S2 a). 

In order to explore the gene regulatory impact of the
RNA–DNA interactions called for these candidates in en-
dothelial cells, each lncRNA was subjected to siRNA-
mediated knockdown in HUVECs followed by RNA-
sequencing (Fig. 5 a). For each lncRNA, the siRNA-mediated
depletion was effective ( Supplementary Fig. S2 b), although
MIR222HG did display a transcript-specific depletion. Sub-
sequently, RADIAnT -called lncRNA–DNA interactions were
intersected with gene loci, permitting statistical enrichment
between RNA–DNA interactions and DEG loci to be com-
puted (Fig. 5 b). Each of GAS5 , MIR222HG , and NUTM2B-
AS1 exhibited a degree of enrichment in DNA binding at
genes differentially expressed following their knockdowns ( P
= .00032, P = .076, and P = .00033, respectively), indicating
a number of genes whose regulation may be partially depen-
dent on the DNA-binding behavior of the lncRNAs. Notably,
this enrichment was greater for RADIAnT interactions com-
pared to those called using BaRDIC ( Supplementary Fig. 2 c
and d), although BaRDIC could still detect a significant en-
richment for NUTM2B-AS1 . 

Given these lncRNA candidates were initially selected due
to being downregulated in their expression and DNA inter-
action during EndMT, the pathways and ontologies associ-
ated with their putative gene targets were investigated for
their physiological relevance to endothelial cell biology. Each
module of genes identified per lncRNA displayed significant
enrichment of several pathways relevant to endothelial cell
function, including actin organization, cytoskeleton organiza-
tion, and Notch signaling ( GAS5 ), actin filaments, cell polar-
ity and wound response ( MIR222HG ) and G2/M transition,
cell junction organization and extracellular matrix (ECM) in-
teraction ( NUTM2B-AS1 ) (Fig. 5 c). Genes implicated in these
pathways displayed robust changes in gene expression follow-
ing lncRNA knockdown (Fig. 5 d). 

To examine whether these putative RNA-gene regulatory
relationships were also present in the original experimental
context of EndMT, a single-cell RNA-sequencing experiment
where HUVEC were induced to undergo EndMT [ 46 ] was
utilized. Using these data, the expression patterns of putative
directly lncRNA-regulated gene modules were assessed be- 
tween control and EndMT conditions. For both MIR222HG 

and NUTM2B-AS1 , significant changes in relative expression 

of their respective gene modules could be observed between 

control and EndMT conditions (Fig. 5 e), matching the de- 
crease in expression of the lncRNAs across EndMT observed 

in nucRNA-seq. However, putative si GAS5 downregulated 

genes did not follow the expected pattern. 
To investigate how these lncRNAs might be regulating their 

target genes, lncRNA–DNA binding sites were intersected 

with a ChromHMM [ 48 ] model learned on epigenomic data 
from HUVECs [ 14 ]. At several genes, lncRNA binding sites 
(25 kb in size) intersected with associated gene promoter and 

enhancer regions, indicating that the presence of these lncR- 
NAs at regulatory elements could be directly responsible for 
the observed alterations in gene expression observed in iso- 
lated (siRNA-mediated) and physiological (EndMT-mediated) 
perturbation of lncRNA expression (Fig. 5 f). Interestingly, in 

MIR222HG knockdown, both genes whose regulatory el- 
ements intersected with the called RNA–DNA binding site 
( IL1RL1 and IL18R1 ) were differentially expressed following 
the depletion of the lncRNA. In contrast, AFMID , whose locus 
intersected with a NUTM2B-AS1 binding site but lacked any 
annotated gene regulatory elements in that region, was not dif- 
ferentially expressed following NUTM2B-AS1 knockdown,
whereas BIRC5 was. This demonstrates that with the current 
resolutions of RNA–DNA data, other epigenomic data is help- 
ful to enhance the precision of assignment of RNA gene regu- 
latory targets and, therefore, to understand the contribution of 
gene regulatory RNAs to dynamic transcriptional responses. 

Discussion 

This study was designed to improve the performance and 

utility of RNA–DNA interaction calling from all-to-all 
RNA–DNA ligation data, thereby enabling the identification 

of gene regulatory RNAs and their direct gene targets. While 
lncRNAs have been proposed as important regulators of gene 
expression [ 5 , 7 ], they are often studied at an individual level.
The nature of all-to-all RNA–DNA ligation data, combined 

with effective interaction calling, enables a less biased and 

more integrative approach to study actions of gene regulatory 
RNAs in a genome-wide manner. 

To enable this, we propose RADIAnT , a novel statisti- 
cal method capable of extracting biologically meaningful sig- 
nals from diverse RNA–DNA ligation data. We developed 

RADIAnT to account for the major confounding factors 
in these data while maintaining sensitivity to detect inter- 
actions of lowly expressed RNAs. By constructing dataset- 
specific backgrounds that consider both distance- and ge- 
nomic position-specific biases, RADIAnT adapts to the partic- 
ular characteristics of each experiment. This flexibility proved 

essential for detecting consistent RNA-chromatin interactions 
across different ligation methods and experimental condi- 
tions, as demonstrated by concordant Malat1 binding pat- 
terns identified in independent RADICL-seq [ 19 ] and GRID- 
seq [ 21 , 36 ] datasets. Benchmarking against orthogonal one- 
to-all datasets [ 31 ] showed that RADIAnT consistently out- 
performs existing methods in both accuracy and computa- 
tional efficiency, enabling large-scale integrative analyses that 
were previously impractical. RADIAnT is incorporated into 

a reads-to-interactions pipeline and is generalizable across 
any RNA–DNA ligation method. Tailored to utilize the input 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag304#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag304#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag304#supplementary-data
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Figure 5. Functional validation of lncRNAs identified by RADIAnT to show dynamic chromatin interactions during EndMT. ( a ) Differential gene expression 
analysis following siRNA-mediated knockdown of GAS5, MIR222HG , and NUTM2B-AS1 in HUVECs. Highlighted points indicate genes whose loci 
intersect with a respective RNA–DNA binding site as called by RADIAnT from RADICL-seq data. ( b ) Statistical enrichment of RNA-bound loci in the DEG 

population of each lncRNA knockdown RNA-seq experiment compared to the respective non-DEG population, computed by a Chi-squared test. ( c ) 
Metascape analysis illustrating enriched sets of terms computed from target genes of each lncRNA. ( d ) Z-score scaled expression of lncRNA gene 
targets in CTL and siRNA-mediated knockdown of GAS5 , MIR222HG , or NUTM2B-AS1 , grouped by enriched pathways/processes as computed by 
Metascape. ( e ) RNA target gene module expression in control or EndMT-induced cells in a scRNA-seq experiment [ 46 ], per candidate lncRNA and per 
up- or downregulation following siRNA-mediated depletion of the respective lncRNA. Module expression differences were tested with an unpaired, 
t wo-sided W ilcoxon test with Benjamini–Hochberg adjustment. ( f ) Selected target gene loci for GAS5 , MIR222HG , and NUTM2B-AS1 showing 
RADIAnT -called lncRNA binding sites, chromatin state annotations as per a ChromHMM model learned from epigenomic data generated from HUVEC, 
and gene annotations. Bar graphs beneath each track display normalized expression of the corresponding lncRNA target genes in control versus EndMT 
HUVECs. 
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dataset to build a multifaceted statistical background, RADI-
AnT is formulated to be robust to dataset depth and quality.
However, it should be recognized that there remain several
limiting factors in the generation and analysis of RNA–DNA
interaction data, which cannot be completely addressed here.

For one, the highly complex state of RNA–DNA interac-
tions coupled with the relative inefficiency of ligation meth-
ods in returning valid read pairs (Fig. 2 c) results in extremely
sparse output data. In the experiments analyzed here, we ob-
served an average efficiency (total reads in called interactions
versus total reads sequenced) of ∼10%. The largest loss of
informative reads is to rRNA, which often made up half of
the total library. Ideally, this would be selected against in the
course of the molecular method as in standard RNA-seq [ 53 ];
however, the biotinylated state of the linker oligonucleotides
used in RNA–DNA ligation methods makes this difficult be-
cause rRNA depletion also relies upon biotin-dependent steps.

The problem of data sparsity could be observed in the
benchmarking experiment carried out here. We used Malat1 -
DNA interactions called from RAP-DNA [ 31 ], which was se-
quenced to a depth of ∼30 million reads. In contrast, the total
RADICL-seq or GRID-seq reads involving Malat1 were ∼2
million and 1 million, respectively. In the cases of the BaRDIC
[ 24 ] and Bonetti et al. [ 19 ] methods, this sparsity resulted in
severe under-calling of Malat1 -DNA interactions. Conversely,
RADIAnT and the Zhou et al. [ 36 ] method tended to overcall,
although RADIAnT did return closer numbers of interactions
to the RAP-DNA experiment. Given that Malat1 is amongst
the highest expressed genes in the genome, the problem of data
sparsity is likely to be magnified when considering more lowly
expressed RNAs. For this reason, we believe that the increased
sensitivity displayed by RADIAnT is preferable to prioritizing
specificity, and subsequently overlooking potentially interest-
ing RNA–DNA interactions. 

Among the most interesting RNA–DNA interactions are
those with the potential to influence gene regulation. lncRNAs
have increasingly been recognized as important regulators of
gene expression via specific patterns of genome-wide local-
ization [ 7 ]—yet their precise gene regulatory contributions to
dynamic processes remain incompletely understood. In this
study, we report putative gene regulatory roles of chromatin-
associated lncRNAs in EndMT, a process fundamental to em-
bryonic vascular development, but also implicated in vari-
ous pathological contexts such as fibrosis, atherosclerosis, and
pulmonary hypertension [ 51 ]. The interactions called by RA-
DIAnT from RADICL-seq data across EndMT show consider-
able dynamics in lncRNA–DNA contacts between control and
EndMT conditions, including long-range interactions with re-
gions of accessible chromatin likely to be gene regulatory
regions. 

How gene regulatory RNA behavior is precisely controlled
remains an open question. However, the data presented here
demonstrate that RNA expression and chromatin association
are, as would be expected, closely linked. This was shown by
integration of RNA-sequencing data with RADICL-seq data,
permitting a comparison between nuclear RNA abundance
and chromatin association. While many lncRNAs displayed
a pattern where their expression changes across EndMT re-
flected alterations in their total DNA interactions, there were
some exceptions. For instance, TSPOAP1-AS1 (and several
other genes that map around the extreme positive section of
the y -axis in Fig. 4 g) exhibited strong changes in chromatin
association during EndMT but little to no changes in RNA
expression levels. Such cases in which chromatin binding
and RNA expression appear uncoupled point to complex 

regulatory hierarchies. Several potential mechanisms could 

be at play, including changes in the availability of target 
DNA sites due to chromatin remodeling, alterations in the 
RNA-binding proteome between conditions, or even context- 
specific changes in RNA conformation that might affect DNA- 
binding [ 54 ]. 

In a case study to demonstrate how interactions called by 
RADIAnT can be utilized to identify gene regulatory RNA 

targets, we focused on lncRNAs that showed a decrease in 

both expression and chromatin association during EndMT,
namely GAS5 , MIR222HG , and NUTM2B-AS1 . In doing 
so, we uncovered potentially RNA-regulated gene programs,
which may contribute to maintaining endothelial cell identity.
LncRNA knockdown experiments confirmed that these lncR- 
NAs bind at and regulate genes whose associated pathways 
are functionally important to endothelial cell behavior. Puta- 
tive target genes of GAS5 were involved in RHO GTPase sig- 
naling, actin organization, and Notch signaling–processes that 
are fundamental to endothelial cell morphology and function 

[ 55–57 ]. MIR222HG targets included genes controlling cell 
polarity, actin filament dynamics, and wound response, while 
genes bound and regulated by NUTM2B-AS1 regulated cell 
cycle progression, extracellular matrix interactions and ad- 
herens junctions. Importantly, these lncRNA-regulated gene 
modules showed corresponding co-expression behavior with 

the respective lncRNAs in single-cell RNA-sequencing data 
from EndMT [ 46 ], confirming their physiological relevance.
Our findings suggest that chromatin-associated lncRNAs con- 
tribute to the regulation of gene programs that define cellular 
phenotypes. 

While our analyses suggest associations between lncRNA 

binding and transcriptional changes, statements about causal- 
ity remain challenging. RNA–DNA proximity alone does not 
inform us about the underlying mechanism of action. This is 
best exemplified by the case of AFMID and BIRC5 , whose 
loci both overlap with a NUTM2B-AS1 binding site (see 
Fig. 5 f). While AFMID lacks annotated regulatory elements 
at this site, both promoter and enhancer of BIRC5 inter- 
sect the NUTM2B-AS1 binding site. Consistent with this,
BIRC5 , but not AFMID , shows significant changes in expres- 
sion after NUTM2B-AS1 depletion. On the other hand, we 
also observed cases in which gene expression changed follow- 
ing lncRNA knockdown despite the absence of direct RNA 

binding at the affected locus. These observations demonstrate 
that spatial proximity alone does not allow for statements 
about regulatory function. The mechanisms of action remain 

to be described–lncRNAs might engage in triplex formation 

with the DNA double helix [ 9 ], recruit chromatin modify- 
ing proteins [ 14 ], modulate enhancer-promoter interactions 
[ 58 ], or influence transcript processing and stability. Indirect 
effects should also be considered, i.e. a lncRNA might regulate 
transcription factors that subsequently affect downstream tar- 
gets. Integrating proximity-ligation data with high-resolution 

epigenomic maps and protein information will be essential to 

elucidate these mechanisms. 
Conducting integrative analyses, such as that shown here,

in other contexts can only become more precise as RNA–DNA 

ligation data become deeper and more efficient. However, as 
sequencing throughput grows, the user should be aware of 
potential caveats when integrating the results with other data 
types. In our comparative analyses of RNA abundance be- 
tween ligation-based and expression-based datasets (Fig. 1 e 
and f), differing library sizes resulted in a seemingly bimodal 
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orrelation pattern. Specifically, genes detected at low counts
n ligation-based datasets, which were sequenced to relatively
reater depths, often fell below detection in the more shallow
xpression-based datasets. This phenomenon reflects the tech-
ical asymmetry and underscores the need for cautious inter-
retation of such integrative analyses, especially when library
epths are mismatched. 
As RNA–DNA ligation methods increase in efficiency and

epth, we are confident that the robust and adaptable formu-
ation of RADIAnT will remain capable of effectively detect-
ng biologically relevant RNA–DNA interactions by building
ataset-specific statistical backgrounds. Additionally, as data
parsity decreases, we envisage the bin size to become a dy-
amic parameter in RADIAnT interaction calling, yielding
ore refined interaction boundaries in datasets with greater

ffective sequencing depth. However, as seen in the computa-
ional efficiency of BaRDIC —which uses more dynamic bin
izes than RADIAnT —this can come at a cost in terms of com-
utational performance. 
Increased RNA–DNA interaction resolutions will permit
ore accurate integration of RNA–DNA ligation data with
ther data types and provide greater insight into the biological
onsequences of RNA–DNA interactions. We furthermore en-
isage the optional incorporation of DNA–DNA contact maps
nto our pipeline, which will reveal how RNA–DNA interac-
ions might be constrained by higher-order chromatin topol-
gy, offering critical context for lncRNA-mediated control
f gene expression. Such integration will help us understand
hether RNAs can be constrained by topologically associat-

ng domains (TADs), mediate inter-TAD communication, or
ridge distant regulatory hubs in the nuclear landscape [ 59 ]. 
Ultimately, we view RADIAnT not only as a computational

ramework but as a biological discovery tool that can unify
iverse RNA–DNA ligation datasets, link them to comple-
entary data, and thus help uncover the spatial and temporal

ogic of RNA-mediated gene regulation. Its flexible formula-
ion, along with our commitment to its maintenance and de-
elopment, should make it applicable to developing molecular
ethods. The incorporation of RADIAnT into a Snakemake
ipeline minimizes user input and maximizes reproducibility,
acilitating its implementation across different biological con-
exts. We believe that RADIAnT has the potential to become a
ommunity-standard platform for the unified analysis of a va-
iety of RNA–DNA ligation data as both molecular methods
nd biological questions evolve. 
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