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Abstract 

RNA–chromatin interactome data are considered to be one of the noisiest types of data in biology. This is due to protein-coding RNA contacts and 
nonspecific interactions between RNA and chromatin caused by protocol specifics. Therefore, finding regulatory interactions between certain 
transcripts and genome loci requires a wide range of filtering techniques to obtain significant results. Using data on pairwise interactions between 
these molecules, we propose a concept of triad interaction in v olving RNA, protein, and a DNA locus. The constructed triads show significantly less 
noise contacts and are more significant when compared to a background model for generating pairwise interactions. RNA–chromatin contacts 
data can be used to validate the proposed triad object as positive (Red-ChIP experiment) or negative (RADICL-seq NPM) controls. Our approach 
also filters RNA–chromatin contacts in chromatin regions associated with protein functions based on ChromHMM annotation. 
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t is well recognized that eukaryotic RNAs play multiple roles
eyond their direct role in transporting transcribed genetic in-
ormation in the nucleus: major advances include understand-
ng the functions of noncoding RNAs such as XIST, NEAT1,

ALA T1, HOT AIR, FIRRE, etc. [ 1 , 2 ]. The study of new po-
ential functions of chromatin-associated RNAs is of interest
o molecular biology in the context of searching for DNA loci
nd genes whose interaction with RNA leads to gene expres-
ion regulation [ 3 ]. 

Currently, there are many experimental protocols for deter-
ining pairwise contacts between RNA, proteins, and chro-
atin DNA loci. Such protocols solve the problems of identi-

ying RNA–protein, DNA–protein, and RNA–DNA contacts.
hese methods are based on short-read sequencing technolo-
ies and therefore have different shortcomings. 

When studying the pool of RNA–chromatin contacts, there
re two main approaches to designing the interaction de-
ection experiment. “One-to-all” experiments, such as RAP
RNA antisense purification) [ 4 ], CHART-seq (capture hy-
ridization analysis of RNA targets) [ 5 ], and ChIRP-seq (chro-
atin isolation by RNA purification) [ 6 ], focus on single RNA

ontacts across the genome by pulling down RNA–chromatin
omplexes of a particular RNA. These experiments are consid-
red to be the gold standard for a further class of methods of
he “all-to-all” type. These methods address the challenge of
dentifying pairwise contacts between all RNAs and every ge-
omic locus. The key step in the experimental protocol is to fix
nteracting RNAs and DNA loci by bridge ligation of interact-
ng nucleic acids. This fixation predominantly occurs through
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proteins. Methods to search for RNA–chromatin interactions
include iMARGI (enhanced mapping of RNA–genome inter-
actions assay) [ 7 , 8 ], RADICL-seq (RNA and DNA interacting
complexes ligated and sequenced) [ 9 ], GRID-seq (global RNA
interactions with DNA by deep sequencing) [ 10–12 ], and Red-
C (RNA ends on DNA capture) [ 13 ]. This study analyses data
from GRID-seq, RADICL-seq, and Red-C. 

The all-to-all experiments show that most of the RNA–
chromatin contacts (RD-contacts) detected are those of
protein-coding RNAs ( Supplementary Table S1 ) [ 14 ]. The
presence of regulatory functions for these RNAs has not been
well established, and this observation reflects a high level of
nonspecific interactions. For most RNAs, the density of con-
tacts near the gene of that RNA peaks and then declines in
a power law fashion [ 13 , 14 ], a phenomenon we call RD-
scaling. This is caused by the contacts of incompletely tran-
scribed nascent RNA, as well as by RNA that diffuses away
from the site of transcription. Importantly, RD-scaling is a
feature of both all-to-all and one-to-all data. The RD-scaling
phenomenon together with other factors specific to interac-
tomics protocols also contributes to the bias in the ratio of
cis / trans contacts in the resulting data. Following the con-
ventions of Hi-C experiments, we refer to RNA–DNA pairs
where the DNA locus chromosome and the RNA chromo-
some of origin are different as trans -contacts. However, the
RNA–chromatin interaction data reveal several other types of
biases. First, contacts may be nonspecific, as RNA can con-
tact chromatin proteins such as histones, albeit with lower
affinity. The probability of observing contact depends on
chromatin accessibility, as heterochromatin regions are less
3, 2025. Accepted: February 5, 2025 
enomics and Bioinformatics. 

ons Attribution License (https: // creativecommons.org / licenses / by / 4.0 / ), 
provided the original work is properly cited. 

https://doi.org/10.1093/nargab/lqaf010
https://orcid.org/0009-0009-1965-1202
https://orcid.org/0009-0001-9727-3624
https://orcid.org/0000-0003-0723-0493
https://orcid.org/0000-0003-2888-8358
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data


2 Khlebnikov et al. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A B

C

Figure 1. ( A ) The concept of constructing RNA–protein–DNA triads using 
pairwise interaction data. ( B ) The observed contacts in the all-to-all data 
may be located away from the actual contacts. This creates inaccuracy in 
the data. ( C ) To obtain more accurate data on protein-mediated 
RNA–DNA interactions, peak expansion is required. 

 

 

accessible to nucleases. Normalization to background is ap-
plied to compensate for the aforementioned biases. Various
peak calling methods are used to reduce the influence of these
biases and partially suppress the noise. The most commonly
used approaches include MACS2 peak calling [ 15 ] and cus-
tom dataset-specific peak calling algorithms (GRID-seq [ 10–
12 ]). These approaches do not take into account the bias in-
troduced by RD-scaling. A recently developed BaRDIC (bino-
mial RNA–DNA interaction calling) peak-calling algorithm is
designed to account for these biases [ 16 ]. The RNA–protein
interaction data can also contain a significant amount of non-
specific interactions [ 17 , 18 ], and appropriate peak calling al-
gorithms are also used to suppress the noise. Red-ChIP [ 19 ]
detection of RNA–chromatin contacts enriched for EZH2 and
CTCF proteins by immunoprecipitation was developed to iso-
late contacts mediated by these proteins. A ChRD-PET (chro-
matin associated RNA–DNA interactions followed by paired-
end-tag sequencing) [ 20 ] protocol that includes H3K4me3 im-
munoprecipitation and ChIP-seq filtering of contacts has been
proposed for the study and analysis of RNA–chromatin in-
teractions in Oryza sativa . Despite the higher specificity of
such protocols, they are still bound to the protocol disadvan-
tages described earlier. For example, in Red-ChIP, the domi-
nant proportion of contacts are mRNA (messenger RNA) con-
tacts ( Supplementary Table S1 ). 

There are different models explaining how an RNA can reg-
ulate biological processes on a certain DNA locus. One of the
possible mechanisms is binding to a regulatory protein. The
conformational changes the protein molecule experiences af-
terward may lead to its recruitment to the genomic site, where
it’s involved in regulatory events. We therefore speculate that
studying the RNA–chromatin interactome in light of protein
immunoprecipitation data may yield functional RNA–protein
pairs interacting with certain DNA loci. These objects are
what we call triads here. 

We compared three types of data: RNA–chromatin con-
tacts (RD-contacts) captured by the aforementioned proto-
cols, protein–chromatin contacts (PD-contacts) captured by
chromatin immunoprecipitation and sequencing (ChIP-seq)
experiments, and protein–RNA contacts (PR-contacts) from
various RNA and protein immunoprecipitation experiments.
We utilized this approach to understand which proteins me-
diate the contacts of which RNAs with chromatin. The data
used in this study include RNA–chromatin interactions from
RADICL-seq [ 9 ], GRID-seq [ 10–12 ], and Red-C [ 13 ], DNA–
protein interactions from ChIP-seq [ 21 ], and RNA–protein in-
teractions from RIP-seq (RNA immunoprecipitation and se-
quencing) [ 22 ], fRIP-seq (formaldehyde RNA immunoprecip-
itation and sequencing) [ 23 ], and eCLIP (enhanced crosslink-
ing and immunoprecipitation) [ 24 , 25 ]. The intersection of
these data is referred to as interaction triads, as shown in
Fig. 1 A. Pairwise contacts within the triads are denoted as
RDt-contacts, PDt-contacts, and PRt-contacts. The proposed
concept of interaction triads involves a two-stage filtering pro-
cess of RNA–DNA interaction data using available RNA–
protein and DNA–protein interactomes. 

As was mentioned before, the RNA–DNA data are very
noisy; on the other hand, the comparison of replicates in such
experiments shows that a small fraction of contacts is actually
consistent between replicates [ 26 ], suggesting that the data
are substantially incomplete. Our proposed approach can’t
increase data completeness, but it significantly reduces noise.
Therefore, while we might lose functional contacts when con-
structing triads, we guarantee a significant reduction in noise 
levels. 

This approach enabled us to decrease the aforementioned 

noise level. We assessed the statistical significance of the triads 
obtained. When estimating the biological significance of the 
triads, we observed an association between the triads and the 
ChromHMM and SPIN putative chromatin states. Addition- 
ally, we analyzed the evolutionary stability of the identified 

triads by comparing human and mouse data. 

Materials and methods 

Initial data 

We have selected 47 eukaryotic nuclear proteins that have 
available RNA and DNA immunoprecipitation data. These 
proteins are involved in chromatin remodeling and modifi- 
cation, regulation of transcription, and regulation of RNA 

processing and splicing. The selected proteins include PRC2 

proteins (EZH2 and SUZ12), several ribonucleoproteins (hn- 
RNPC, H, K, L, U, and UL1), various splicing factors 
(SRSF and U2AF family proteins), and chromatin remodelers 
(HDAC1, DNMT1, PCAF, and LSD1). The proteins were di- 
vided into functional groups ( Supplementary Table S2 ) to sim- 
plify the analysis and draw meaningful conclusions for protein 

groups rather than individual proteins. Some proteins are mul- 
tifunctional and therefore cannot be unambiguously assigned 

to one of the groups. These are RNA processing and transcrip- 
tion regulation proteins such as FUS and hnRNP components.
Nevertheless, we decided to categorize the proteins into both 

overlapping and nonoverlapping sets. The data for the over- 
lapping sets of proteins are shown here. 

To construct triads of RNA–protein–DNA interactions me- 
diated by one of the 47 nuclear proteins, we used various types 
of data. These included processed ChIP-seq experiment data 
that defined DNA loci interacting with the target protein, raw 

data from the RIP-, fRIP-, and eCLIP-seq experiments that 
defined sites on RNA that interact with the target protein,
and our previously processed data for RNA–chromatin inter- 
actomes of the Red-C, GRID-seq, and RADICL-seq experi- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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ents for human (K562) and mouse (mESC) cell lines from
NA-Chrom database [ 14 ]. All IDs used from the databases
an be found in Supplementary Table S3 . RNA biotype an-
otation was derived from the RNA-Chrom [ 14 ] database, as
his was the source we obtained the data from. To avoid mis-
nderstandings, we refer to the RNA of “X-RNA” biotype as
ranscripts that are consistently assembled from RNA contacts
apped to unannotated genomic regions in gene deserts. 
ChIP-seq data were obtained from the public biological

atabases ENCODE, ReMap [ 27 ], and GTRD [ 28 ] as DNA
eaks derived from the MACS2 peak caller with a q -value
hreshold of 0.05. This way, we made sure ChIP-seq peaks
ata were obtained in the exact same way using a common
tandard set of parameters of the peak-calling algorithm. 

NA–protein interactions data processing 

e processed data from RNA–protein immunoprecipitation
xperiments to determine RNA interactions for target proteins
n a unified pipeline. Raw RNA reads from experimental and
ontrol replicates were mapped to the human genome version
RCh38.p13 using the hisat2 aligner (v2.2.1) [ 29 ] and then
inned across the human genome (bin size 300 bp) for more
ccurate peak searching. The reads were binned and then an-
lyzed using the Piranha [ 30 ] RNA–protein peak-calling soft-
are. The replicates were double-checked for consistency, and

onsistent replicates were merged. The input data were spec-
fied as the background distribution for normalization, and a
ltering q -value threshold of 0.05 was applied. Piranha peaks
ere called using standard software parameters. The result-

ng peaks were annotated using the gene annotation from the
NA-Chrom database. Mapped reads were annotated with

he same annotation. For each PR interaction, the fold change
f contact was calculated as the ratio of the fraction of gene
ounts in the experimental replicate to the fraction of gene
ounts in the control replicate, with an additional pseudo-
ount of 0.01. Genomic intervals were manipulated using the
edtools package (v2.27.1) [ 31 ]. Tables with statistics of peak
ounts for RNA– and DNA–protein interactions can be found
n Supplementary Table S4 . 

riads construction 

aRDIC [ 16 ] peak calling software was used to process data
rom RNA–chromatin interactions (BaRDIC parameters are
isted in Supplementary Table S5 ). Only contacts falling within
aRDIC peaks were selected, as we are interested in individual
ontacts. 

RNA–DNA interactome extraction protocols involve the
se of restrictases and proximity ligation (Fig. 1 B). It is there-
ore possible that the observed RNA–DNA contacts may not
e in direct spatial proximity to the actual contacts. In or-
er to account for these discrepancies, DNA–protein contacts
ere extended by 2 kbp to either side of the ChIP-seq peak

to try capturing the restriction site occuring approximately
nce in 256 bp), while RNA–protein contacts were extended
y 100 bp toward the 3 

′ end of the Piranha peaks (Fig. 1 C) to
ry to capture the RNA part that might actually form an RD-
ontact. Furthermore, the aforementioned parameters were
aried by the constructing sets of triads at alternative peak
roadening values. The powers of such sets are presented in
upplementary Table S6 . We left the RNA–DNA contact data
nchanged, as it was the distance between RNA– or DNA–
rotein peaks and RNA–DNA interaction tracks that was of
interest. This is why it is not important which data to augment.
Here, we show the results obtained on the widest extensions
(2 kbp for DNA- and 100 bp for RNA–protein data). The
objective was to select a subset of triads that would minimize
the impact of data incompleteness, i.e. to lose as few real func-
tional contacts of the original RNA–DNA contacts set as pos-
sible. The RD-contacts were then intersected with PD-contacts
and PR-contacts (RIP-seq / fRIP-seq / eCLIP) for each protein
separately. 

Additionally, we discarded the RD-contacts if the length of
intersection with PD- or PR-peaks was < 19 bases. Filtering
was necessary to reduce the number of false-positive triads
resulting from the intersection of close contacts with a peak.
Such a threshold was chosen by combined analysis of the inter-
section size behavior of the RNA-parts of RD-contacts with
extended RNA peaks, as well as the DNA-parts of contacts
with extended ChIP-seq peaks ( Supplementary Fig. S1 ). Due
to the inaccuracies and noise associated with RNA–chromatin
contact data, this filtering may discard some true-positive tri-
ads along with the false-positive ones. However, we assume
that for datasets with extended peaks, the proportion of true-
positive triads discarded is minimal. The triads were visualized
using the circos-v0.69.9 suite [ 32 ]. Red-ChIP data were pro-
cessed according to the protocol of the study presenting the
method [ 19 ]. 

Data analysis was performed mostly in Python3, and scripts
can be found in the GitHub repository ( github.com/dkhlebn/
triads _ article _ scripts ). 

Triads simulation 

To assess the randomness of the obtained triad data, we per-
formed a permutation test to create a background model.
Subsequently, the results obtained on real data were evalu-
ated in relation to this model. It should be noted that the
DNA–RNA data are not homogeneous and contain bias (RD
scaling). Therefore, these data cannot be shuffled adequately.
On the other hand, we analyze the mutual position of RNA–
or DNA–protein and DNA–RNA contacts. Therefore, which
data to shuffle is not important. When simulating ChIP-seq
peaks of proteins, we aimed to preserve the intrinsic structure
of PD-contacts, which consisted of two components. First, we
had to preserve the profile of interactions, i.e. the height of
ChIP-seq peaks. Second, we had to consider and preserve each
peak annotation by nuclear A / B-compartment. This is due to
a bias in the data introduced by differences in open and re-
pressed chromatin. The observed RD-contacts are depleted in
closed chromatin because it is less nuclease-accessible. There
may also be a bias in the ChIP-seq data. We retained the an-
notation of the peak by A- and B-compartments as it con-
tains crucial biological information about protein–DNA in-
teractions. To obtain the shuffled ChIP-seq tracks, each pro-
tein peak was randomly shifted up- or downstream by a num-
ber of megabases (1, 3, 5, 7, or 10) predetermined indepen-
dently for each chromosome. If the ChIP-seq peak in the
original data was in the A-compartment, its shifted version
in the generated data would also be in the A-compartment
(Fig. 3 A, upper panel). Regarding PR-interactions, we aimed
to preserve the biotype-specific content of the PR interac-
tion repertoire for each protein by considering its relation-
ships with other proteins in the dataset. This implies that
a protein’s shuffled PR-interactions should be estimated by
the set of PR-interactions of proteins that share numerous

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
http://github.com/dkhlebn/triads_article_scripts
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Figure 2. RNA–DNA interaction triads for three proteins: ( A–C ) Schematic diagrams show the interaction triads of EWSR1 (A), EZH2 (B), and U2AF2 (C) 
proteins (see Supplementary Fig. S3 for the remaining proteins). The outer histogram represents PR-peaks, while the inner histogram track represents 
PD-peaks. The arc connecting the locations of the RNA and DNA involved in the triad is colored according to the chromosome on which the RNA-part is 
located. Only triads that are not mediated by protein-coding RNAs are shown. ( D ) RDt scaling in cis -triads based on data from the Red-C experiment. ( E ) 
Jaccard’s score was used to measure the similarity of triad datasets based on shared RNAs between each pair of datasets. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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A

B C

Figure 3. Simulation scheme of the background model used to generate random data for assessing the randomness of the triads. ( A ) The upper panel 
displa y s the shift value in megabases generated for each chromosome at e v ery step (from −10 to 10 Mbp). Then, the ChIP-seq peaks on each 
c hromosome are shif ted by the corresponding number of megabases. Peak must remain in the same type of chromatin compartment. If the shift causes 
the peak to mo v e to the opposite compartment type, it is relocated to the nearest compartment of the required type. The bottom panel presents 
proteins as lists of RNAs that proteins interact with, based on real RNA peak data. For each protein, a pool of “related” and “unrelated” proteins is 
defined by the distance between their RNA lists. The pool of PR-interaction peaks for a particular protein is formed from the set of all peaks of “related”
proteins (including the protein’s original PR-peaks themselves) and the set of peaks of “unrelated” proteins in a 4:1 ratio. This preserves the number and 
RNA biotype composition of the original RNA–protein peaks. The triad assembly pipeline is fed with resulting data, and this process is repeated 10 
0 0 0 times to generate a sample of sufficient magnitude for drawing meaningful statistics. The number of simulated triads for proteins functionally 
described as transcriptional regulators in the K562 cell line is shown in the distributions in panel ( B ), with the real triad counts denoted by vertical lines. 
For information on other protein groups and all cell lines, see Supplementary Figs S4 –6 . ( C ) Barplots displaying the number of simulated triads for each 
functional group of proteins, asterisks denote statistical significance for the Wilco x on test, with * for p < 0.05, ** for p < 0.01, and *** for p < 0.001. 
For protein grouping without intersections, see Supplementary Fig. S7. 
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ualitative PR-interactions with it. As experimental data
efining PR-interactions may contain some level of noise, we
lso included PR-interactions from other proteins to account
or this (Fig. 3 A, lower panel). The dataset’s proteins were con-
idered as the set of peaks of their PR-interactions and the list
f RNAs on which their peaks are located. A distance ma-
rix was obtained based on the magnitude of intersections of
he RNA lists between each pair of proteins. Proteins whose
istance to some protein was in the top third of all distances
o that protein were labeled as “related” for that target pro-
tein. The pool of PR-contact peaks for each protein was then
formed as follows. The PR-peaks of both “related”and “unre-
lated” proteins were merged into separate pools. From these,
a pool of shuffled PR-peaks for the target protein was drawn
with replacement in a 4:1 ratio, while preserving the total
number and RNA biotype composition of the original peak
set. This is equivalent to having no > 20% of the contacts in
the final set of simulated RNA–protein data originating from
a set of unrelated proteins. This ratio allows us to conduct
more rigorous simulations, thereby increasing the reliability

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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Table 1. Test results for changes in the ratio of cis - to trans -contacts 

Experiment P -value 

Red-C (K562 cells) 7.45 × 10 −19 

GRID-seq (mESC cells) 0.537 
RADICL-seq 2FA (mESC cells) 1.07 × 10 −5 

RADICL-seq NPM (mESC cells) 7.02 × 10 −57 

 

 

 

 

of the statistical results. It is important to note that the pro-
tein “closeness” obtained from RNA lists resembles the actual
protein clustering by function ( Supplementary Fig. S2 ). The
data of DNA– and RNA–protein interactions were shuffled
and then passed to a triad constructing pipeline for analysis
(Fig. 3 A, right of both panels). This was done 10 000 times
for each protein. 

Triad annotation using ChromHMM and SPIN 

The triads obtained in the previous step were annotated with
grouped annotations of ChromHMM chromatin states and
SPIN chromatin compartments. The annotations were taken
from the corresponding articles of their origin [ 33–35 ]. To
simplify the analysis, we combined annotation states into
groups (refer to Supplementary Table S7 for ChromHMM and
Supplementary Table S8 for SPIN). 

RNA–chromatin contacts orthologs search 

The ortho2align [ 36 ] software was used to select bidirectional
best hits from the coordinates of RNAs involved in triads
formed by each protein in human and mouse cell lines. Next,
the DNA contacts of each RNA were extracted in both cell
lines, and the nearest DNA loci [ 37 ] among the contacts were
searched for orthologous RNA pairs from different organ-
isms. Finally, bedtools was used to annotate the nearest genes.
The correlation of genomic intervals was carried out using
StereoGene [ 38 ]. The parameters for the runs can be found
in Supplementary Table S9 . 

Data visualizations and analyses not previously mentioned
were performed using in-house scripts in Python, bash, and R.
Data simulations were conducted to verify the randomness of
the resulting data using Python scripts. All scripts are available
in the corresponding GitHub repository ( github.com/dkhlebn/
shift _ IP _ peaks ). 

Results 

Constructed triads demonstrate less noise than 

original data 

Figure 2 A–C displays examples of RD-triad graphic visualiza-
tions that we constructed. It is evident that trans -RDt-contacts
make up the majority of triad contacts. Supplementary Table 
S10 displays the distribution of cis - and trans -contacts num-
bers for protein triads. It is clear that, with the exception of
the triads mediated by the FUS protein, most proteins exhibit
predominantly trans -contacts in the filtered contacts. 

Any existing cis -contacts have RDt-scaling similar to that
of the original RNA–chromatin interaction data (Fig. 2 D). A
paired Wilcoxon test was performed for each RD-experiment
(Table 1 ). The statistics for select RNAs are shown in the
Supplementary Table S11 . The ratio of cis -to- trans -contacts
decreases when comparing triads to RD-experiment data for
all protocols except GRID-seq, specifically for Red-C and
RADICL-seq. The GRID-seq result may appear surprising at
first glance; however, it can be attributed to peak-calling ef-
fects. It has been demonstrated that the peaks of RNA–DNA
interactions obtained with BaRDIC are of inferior quality
compared to those obtained in other RD experiments. There-
fore, it is reasonable to assume that the distribution of cis-
to -trans -contacts in GRID-seq and its triads may differ from
that observed in other experiments ( Supplementary Table S1 ).
Nevertheless, the result suggests that the interaction triad data 
we obtained are qualitatively similar and may be worth fur- 
ther investigation. 

The intersections of the sets of RNAs forming triads with 

each of the proteins were analyzed to identify common con- 
tacts (Fig. 2 E). Proteins with similar functions were found to 

be clustered together, which can be attributed to their partic- 
ipation in a common process and a larger pool of common 

RNAs forming triads with them. 
Table 2 presents the number of triads found in total and 

by RNA and protein types. It is known [ 13 , 16 , 26 ] that con-
tacts of protein-coding RNAs can account for up to 80% of all 
contacts found in RNA–chromatin interactome experimental 
data. However, the share of mRNA contacts decreases signifi- 
cantly when filtering the data to construct triads (Table 2 and 

Supplementary Table S10 ). It is evident that the proportion 

of noncoding RNAs has increased significantly. However, the 
total number of contacts mediated by any one of the 47 pro- 
teins accounts for no > 10% of the original dataset of RNA–
chromatin interaction contacts. The unavailability of data for 
all RNA–chromatin associated proteins, incomplete and noisy 
RNA–chromatin interactome data, and other pairwise pro- 
tein to nucleic acid interaction data explain this. Our pro- 
posed method of triad construction can also filter out noisy 
PD- and PR-contacts in other pairwise data, as demonstrated 

in Supplementary Tables S12 –16 . 
We attempted to compare triads assembled on one-to-all 

and all-to-all RNA–DNA interaction data of Malat1, Hdac2,
and Meg3 RNAs for mESC cells using data from RAP and 

ChIRP-seq experiments ( Supplementary Note S1 ). While no 

definitive conclusions could be drawn regarding the Malat1 

and Hdac2 RNAs, the comparison of one-to-all triads and all- 
to-all triads of EZH2 and SUZ12 proteins for lncRNA (long 
non-codingRNA) Meg3 revealed consistency across different 
experimental protocols. 

The descriptive statistics for the content of the constructed 

triads suggest that the results obtained provide a clearer sam- 
ple of RDt contacts mediated by the proteins studied. This 
sample can be characterized by a much lower level of noisy 
cis contacts and RD-contacts formed by mRNAs. 

Constructed triads are statistically significant 

To evaluate the statistical significance of the obtained triads,
we created a background model for PR- and PD-contact data 
that maintains the biological structure of the original data.
To achieve this, we shuffled the PD-peaks and PR-interactions 
of the studied proteins and constructed triads using these 
datasets. As our focus was on studying RNA–DNA inter- 
actions, we did not alter the RD-contacts data during the 
simulation. 

The triad counts on shuffled data from the background 

model are lower than those on real data for most of the pro- 
teins, as shown in Fig. 3 B and C (with P -values for each pro- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://github.com/dkhlebn/shift_IP_peaks
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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Table 2. Triads composition by RNA biotypes for all proteins split by function. pseudo, pseudogenes; cnt , number of observed contacts; tri , number of 
triades; Z , z-score of t r i 
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ein provided in Supplementary Table S17 ). The only excep-
ions are the triads based on data for hnRNPL, YBX3, KHSRP,
BFOX2, SUZ12 (K562 cell line), and WDR5 (mESC cell

ine). For YBX3 and KHSRP proteins, this could be due to
nreliable RNA and / or DNA interaction data, which may
ontain a lot of noise. It is important to note that in some
imulations, the number of triads obtained for hnRNPL, RB-
OX2, and SUZ12 was even higher than the actual num-
er. This may indicate either significant noise in the data
r the presence / absence of some association of these pro-
eins with the RNA–chromatin interactome. The behavior of
he number of simulated triads for the WDR5 protein ap-
ears to be influenced by the quality of the original ChIP-
eq data. The analysis of strand cross-correlations reveals a
oor pattern of read shift correlation, indicating noisy data
see Supplementary Fig. S8 ). 

Taken together, the simulation results demonstrate that the
ata obtained from real triads is statistically significant. It
ould be practically unattainable to obtain such a number
f triads if the nature of pairwise interactions were different. 

ADICL-seq NPM: protein absence affects the 

onstruction of triads 

ormaldehyde crosslinking primarily fixes protein contacts.
herefore, RD-contacts in the RADICL-seq NPM (nonprotein
ediated) [ 9 ] experiment, where samples were treated with
roteinase K before RNA–DNA ligation, can serve as a neg-
tive control for triads. The resulting triads can then be com-
ared to triads obtained from RD-contacts constructed from
tandard 2% formaldehyde (2FA) crosslinking. 

In the case of NPM, the triads will only reflect noise since
here are no proteins present. We analyzed RDt-contacts of
ZH2, hnRNPK, SUZ12, and WDR5 proteins. For SUZ12,
e used triads constructed from fRIP and eCLIP data (see&

ection “Pairwise interaction data can influence the construc-
ion of triads”). We compared common triads derived from
hese data ( Supplementary Figs S9 A–C and S10 ) by selecting
hose in which the DNA parts overlap and the RNA parts
elong to identical transcripts. The metrics obtained indicate
hat the SUZ12 and EZH2 proteins have overlapping con-
acts, as they are both functional units of the PRC2 complex.
Additionally, the fRIP and eCLIP data for SUZ12 show a sig-
nificant number of shared contacts. In contrast, the WDR5
protein in both 2FA and NPM data exhibits a large number
of common contacts with other proteins. However, this ef-
fect disappears in the 2FA data with contacts common with
NPM data removed (this set of contacts is labeled as clean).
The “CLEAN”dataset for RADICL-seq triads represents only
protein-mediated contacts. The correlation of DNA parts was
also examined using StereoGene [ 38 ] and a similar pattern
was observed ( Supplementary Fig. S9 D–F). 

The NPM data show a different RD-scaling pattern, peak-
ing at distances up to 1 kb and then declining to uniformly
distributed values as the distance from the gene increases.
This effect seems to be partially present in the RADICL-
seq 2FA data as well, and is eliminated if the data are
cleaned from contacts shared between the RADICL-seq 2FA
and RADICL-seq NPM experiments ( Supplementary Fig S9 G
and H). 

The distribution of DNA-parts over ChromHMM annota-
tion states is of interest, as shown in Supplementary Fig. S9 I.
Different trends can be observed in the ratio change of DNA
parts falling into a certain ChromHMM state. A pattern
arises where this ratio changes drastically when filtering 2FA-
based contacts from those shared with NPM-based dataset
for some states and some proteins. For further information,
see section “Constructed triads are associated with genomic
annotations.”

It is important to note that RNA–DNA contacts are not
solely mediated by proteins; various chromatin structures,
such as R-loops or RNA–DNA triplexes, also play a role.
While such data are of interest, they are not the focus of this
study. Therefore, when searching for protein-mediated inter-
actions, it is possible to filter out RNA–DNA contacts that
are not protein-mediated (defined as part of RADICL NPM
contacts). 

The NPM data contains more contacts in total, which sug-
gests low specificity and potentially higher noise. This obser-
vation is supported by the number of simulated triads dis-
tribution for RADICL-seq 2FA and RADICL-seq NPM data
(see Supplementary Fig. S11 ). To increase the specificity of
the data, subtracting the NPM contacts from the 2FA data is
necessary. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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Table 3. The correlation between DNA parts of triads tracks for GRID-seq 
and RADICL-seq-based triads 

Protein Correlation P -value 

EZH2 0 .6525 2.7 × 10 −50 

hnRNPK 0 .6597 1.6 × 10 −3 

SUZ12 0 .039 1.1 × 10 −243 

WDR5 − 0 .078 0.6724 

 

Pairwise interaction data can influence the 

construction of triads 

The availability of data for various pairwise interactions of
RNA, protein, and DNA allows us to compare the triads that
can be constructed from them. As a source of RNA–protein
interactions, we used data from different experimental proto-
cols, namely fRIP-seq and eCLIP-seq. Additionally, GRID-seq
and RADICL-seq data were obtained for the same cell line,
mouse embryonic stem cells (mESCs). The sets of triads con-
structed from the different data were compared. RADICL-seq
2FA data were used for this analysis. The data from the NPM
experiment were filtered out (as described in the “RADICL-
seq NPM: protein absence affects the construction of triads”
section). 

The triads for the SUZ12 protein, constructed from differ-
ent initial RNA–protein interaction data, are consistent. There
are more RNAs forming triads in a shared set of contacts
than in either of the two separate datasets ( Supplementary 
Fig. S12 A). In addition, the volume of the shared contacts set
is greater ( Supplementary Fig. S12 B). We compared the bio-
type content of RNAs involved in the fRIP- and eCLIP-based
triads ( Supplementary Fig. S12 C). Comparison of RNA bio-
type representation in triads revealed that RNAs from eCLIP-
based triads are primarily ribosomal, whereas RNAs in fRIP-
seq-based triads exhibit greater diversity in composition. 

The RDt-contacts of fRIP- and eCLIP-based triads were di-
vided into four groups: 

• RDt-contacts of fRIP-based triads 
• RDt-contacts of eCLIP-based triads 
• RDt-contacts shared between fRIP- and eCLIP-based

triads 
• The union of RDt-contacts only present in either fRIP-

or eCLIP-based triads (essentially the symmetrical differ-
ence of the first two sets) 

The relationship between the DNA-parts of these RDt-
contacts and the ChromHMM annotation states was exam-
ined ( Supplementary Fig. S12 D). The resulting distributions
show that although the RNA forming the triads are less con-
sistent between fRIP- and eCLIP-based triads, the DNA loci
they interact with and the loci left when constructing triads
are consistent. 

The aim of this comparison is to determine whether tri-
ads constructed on eCLIP or fRIP-seq data are more biolog-
ically relevant. The choice of experimental protocol for con-
structing triads should be based on this criterion. Assuming
that many regulatory functions of noncoding or unannotated
RNAs are of great interest for further investigation, we se-
lected triads with a higher proportion of biotypes of long non-
coding RNAs and XRNAs. Although the replicates of fRIP-
seq and eCLIP experiments are consistent with one another
within the same protocol, the dissimilarities in protein–RNA
data across different experiments can also be attributed to a
batch-effect, which is not accounted for in our analysis. Based
on the stated condition, the optimal choice among all the sets
is the triads shared between those constructed using fRIP-seq
and eCLIP ( Supplementary Fig. S13 ). This is in accordance
with common sense, as using a consensus of two experiments
adds validity to the objects in that consensus, thereby increas-
ing confidence in data obtained from noisy experiments. An
additional argument in favor of the already demonstrated
consistency of the discussed triads is the high correlation be- 
tween the tracks of their DNA parts. This correlation coeffi- 
cient of 0.89 ( P -value ∼0), obtained using StereoGene, is sup- 
ported by the cross-correlation function declining within 5 kb 

( Supplementary Fig. S14 ). Since the number of peaks and its 
contents ( Supplementary Table S4 ) for these experiments are 
the same, fRIP-seq and eCLIP can be considered almost equiv- 
alent for the construction of triads. 

We compared the effects of different types of RNA–
chromatin interactome sequencing experiments on the con- 
struction of the RDt-contacts set. We used the triads of 
EZH2, hnRNPK, SUZ12, and WDR5 proteins constructed 

from GRID-seq and RADICL-seq RD-interactions data in 

cells of the mESC cell line. The RNA parts in triads of each 

protein were not consistent, as there were no common RNA 

parts between them. This was observed in both data filtered 

from NPM contacts (2FA-no-NPM) and the original 2FA data 
( Supplementary Fig. S15 ). Previous research has shown that 
all-to-all RD-data, specifically its DNA parts, begin to exhibit 
consistency over relatively large distances (starting from 100 

kb) for different experimental protocols [ 26 ]. These RNA–
chromatin interactions may not represent the complete and 

accurate sample of functional RNA contacts at DNA loci due 
to their noisy nature and significant incompleteness. To ad- 
dress this, we extended the DNA parts of the contacts by 
500 kb upstream and downstream from the 5 

′ - and 3 

′ -ends of 
the DNA part of the contact because the data are very sparse.
We then used StereoGene to verify the consistency of these 
extended intervals (Fig. 4 A–D). We observed a significant cor- 
relation of DNA part tracks for EZH2 and hnRNPK proteins 
(Table 3 ). However, the distribution of correlation coefficients 
is bimodal, with modes at 0 and 1. This indicates that there 
are consistent regions between the GRID- and RADICL-seq 

DNA parts, which are of main interest to study in light of 
triads construction. The remaining contacts, tending toward 

0 and not resulting in a non-zero correlation, appear to be 
noise. However, it is important to note that RNA–chromatin 

interactome data is incomplete, and uncorrelated loci may in- 
dicate a contact that is detected in one experiment but lost in 

another. The most reliable loci are those with a high correla- 
tion between data from both experiments. Regrettably, due to 

the limited number of WDR5 protein-mediated RDt-contacts 
and the quality of the PR- and PD-interactions data, it is not 
possible to draw any meaningful conclusions regarding the 
consistency of triads mediated by this protein. 

The distribution of DNA parts by ChromHMM states was 
characterized by RDt-contacts constructed on RD-contacts 
data from RADICL-seq and GRID-seq experiments and PR- 
/ PD-contacts for EZH2, hnRNPK, SUZ12, and WDR5 pro- 
teins (Fig. 4 E–H). The distributions showed higher consis- 
tency when comparing GRID-seq and RADICL-seq based 

triad DNA parts. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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A B C D
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I J

Figure 4. Comparison of EZH2, hnRNPK, SUZ12, and WDR5 protein triads constructed from RADICL- and GRID-seq RNA–chromatin interaction data. 
( A –D ) The correlation coefficient distribution between the extended DNA parts of triads for EZH2 (A), hnRNPK (B), SUZ12 (C), and WDR5 (D) proteins. 
( E –H ) The distribution of DNA-part proportions of triads on ChromHMM states for triads constructed on RADICL-seq and GRID-seq RDt-data for EZH2 
(E), hnRNPK (F), SUZ12 (G), and WDR5 (H) proteins. ( I ) A color legend for previous panels (E–H). ( J ) The density of consistent triads in RADICL-seq and 
GRID-seq falling into A / B compartments. 
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Table 4. Ratio of contacts falling into regions of high correlation based 
on StereoGene results; cnts, contacts 

Protein 
# consistent 
cnts 

% RADICL cnts 
(total) 

% GRID cnts 
(total) 

EZH2 910 3.79 (23 981) 21.96 (4144) 
hnRNPK 46 2.9 (1585) 27.22 (169) 
SUZ12 4348 1.84 (23 6673) 1.91 (22 7292) 

The values are given as percentages to represent the ratio of consistent con- 
tacts for each experiment. See Supplementary Fig. S16 for further explana- 
tion. 

 

 

 

 

 

 

The regions that were consistent between the two experi-
ents were characterized in terms of their A / B-compartments

nnotation. It was demonstrated that the density of triads
alling into A-compartments is approximately twice that of
riads falling into B-compartments. Density is defined as the
umber of DNA loci within A- or B-compartments normal-
zed to the total compartment length (Fig. 4 J and Table 4 ).
his suggests that when the chromatin is more open at the site
f contact ligation, the contact representation is more likely to
e consistent across different protocols. It is also possible that
RID-seq captures more consistent RD-contacts due to their
roportion of total GRID-seq contacts. A more comprehen-
ive examination of the impact of chromatin accessibility on
NA–chromatin contact data and triads requires the gener-
tion of triads for proteins that are enriched in closed chro-
atin, such as HP1. However, in the absence of RNA immuno-
recipitation data and DNA loci occupied by this protein, this
s currently not feasible. 
The consistency of results from methods used to capture
pairwise protein, RNA, and DNA interactions is a critical is-
sue. This is particularly true for the RNA–chromatin interac-
tions data generated by different protocols. Although unfil-
tered all-to-all data have been described as inconsistent [ 26 ],
our findings suggest that there is a proportion of all-to-all data

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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that is consistent between various protocols. The triad con-
struction method we propose may extract these data. 

Constructed triads are associated with genomic 

annotations 

The RNA–chromatin interactome data are filtered by triad
construction, which also selects RNA-associated PDt-contacts
(see also Supplementary Tables S12 –16). We analyzed the an-
notation of triads PDt-contacts by different chromatin states
and compared them with the annotation of ChIP-seq peaks of
the same proteins in the K562 cell line (Fig. 5 A–C and F; for
all proteins and SPIN annotation see Supplementary Figs S17
and S18 ). We used the χ2 criterion to statistically assess the dif-
ference in enrichment (see Supplementary Table S18 for test
results for all proteins, and Supplementary Table S19 for SPIN
annotation). 

For proteins that do not participate in regulating certain
RNAs and their interactomes, it is reasonable to assume that
the distribution of ChromHMM states in DNA regions will re-
main unchanged. This is because the process of constructing
triads for these proteins essentially involves randomly sam-
pling from ChIP-seq loci. However, this may not be the case
for proteins involved in RNA–interactome reactions. For cer-
tain proteins, we can observe a notable enrichment pattern
of states that correspond to the protein’s functional associa-
tion (e.g. PRC2 repressed chromatin for EZH2 and SUZ12
or transcribed chromatin for SRSF9 or U2AF2). This pat-
tern is in addition to significant statistical test results. The
distribution of the DNA parts of triads constructed on real
data was compared to the distribution of the DNA parts
of triads constructed on our simulated data (Fig. 5 E and
see Supplementary Figs S19 –S22 for all proteins and SPIN
annotation). 

The proteins were divided into two groups based on the me-
dian P -value of the χ2 goodness-of-fit test to determine if there
were any differences in the characteristics of RDt-contacts me-
diated by the two groups. To address the bias in contact den-
sity in the RNA–chromatin interactome, the weight of the con-
tact was defined as: 

W scaling ( RDt contact ) = 

N( bin i ) 
L ( bin i ) ∗

∑ 

N( bin i ) 
∗ 10 

9 , (1)

where N (bin i ) represents the number of contacts of the target
RNA falling into a bin, and L (bin i ) is the bin length. To esti-
mate the difference between two groups, we introduce a sig-
nificance metric for triads as the harmonic mean of q -values,
HMQ ( 2 ): 

HMQ (T riad) = 

3 

1 
q Piranha 

+ 

1 
q MACS 2 

+ 

1 
q BaRDIC 

, (2)

a metric defined as the aggregated significance—q -values—of
all pairwise peaks from which the interaction triad is assem-
bled. We used HMQ to estimate importance weights of the
contacts. 

The comparison of contact weights and significance re-
vealed differences in the significance distributions of the tri-
ads. Triads mediated by proteins significantly associated with
the RNA–chromatin interactome showed greater significance.
However, the distribution of contact scaling weights for the
two groups was not different (Fig. 6 A and B), indicating
that while grouping proteins into two classes helps differen-
tiate more significant contacts, the underlying nature of RDt-
contacts present in both groups is the same. The proposed di- 
vision of proteins based on their association with potential 
functions of mediating RNA–interactome regulation may be 
useful for investigating functional regulatory processes in the 
nucleus. 

To determine the specificity of PR-contacts, we identified 

RNAs that form triad interactions with at least 20 proteins 
( Supplementary Fig. S23 ). We referred to these RNAs as 
the “common” RNAs, while the remaining RNAs were re- 
ferred to as the “specific” RNAs. Next, we divided all RD- 
contacts from the original RD-dataset into four classes for 
each protein: 

• The RNA in the contact is specific and the DNA part of 
the contact overlaps with at least one ChIP-seq locus of 
the protein. 

• The RNA in the contact is common and the DNA part 
of the contact overlaps with at least one ChIP-seq locus 
of the protein. 

• The RNA in the contact is specific and the DNA part of 
the contact does not overlap with any ChIP-seq locus of 
the protein. 

• The RNA in the contact is common and the DNA part 
of the contact does not overlap with any ChIP-seq locus.

Fisher’s exact test was applied to the contingency table ob- 
tained from these categories to assess the ability of each pro- 
tein to form specific PR-contacts ( Supplementary Table S18 ). 

A group of 25 proteins associated with the RNA interac- 
tome was selected based on the consensus of two tests. RNAs 
forming triads with these proteins were also selected. Each 

RNA was represented as a vector of its interaction signals with 

these proteins, defined as the fold change of PR-contact. The 
vectors of both the RNAs and proteins were then clustered.
The results indicate (Fig. 6 C) that proteins cluster based on 

their functional roles as chromatin remodelers, transcription 

regulators, and RNA processing and splicing regulators. Sim- 
ilarly, selected RNAs are grouped by function, with snoRNA 

(small nucleolar RNAs) and lncRNA clustering separately. 
The identified proteins associated with the RNA–chromatin 

interactome may have functionally relevant RNA–chromatin 

interactions. A detailed analysis of their contacts could prove 
useful. 

RD-contacts precipitation on CTCF produces results 

similar to triads 

The Red-ChIP experiment is of interest as it validates the in- 
teraction triads constructed for the CTCF protein in K562 

cells. The experiment involves immunoprecipitation of RD- 
complexes on the protein. It is important to understand how 

the results of this experiment relate to the results obtained 

from constructing the triads on the Red-C experiment RD- 
contacts data. DNA parts from the following contact groups 
were correlated using StereoGene: RD-contacts from the Red- 
C experiment, input from the Red-ChIP (essentially another 
Red-C replicate), RD-contacts from those experiments after 
filtering the data with CTCF peaks, RD-contacts precipitated 

on CTCF (RedChIP Signal), and DNA parts of the interac- 
tion triads that were constructed. The consistency of the sets 
of interacting DNA loci is high between real and predicted 

CTCF-mediated RNA–DNA contacts (Fig. 7 A). 
It is also important to reiterate that the construction of tri- 

ads does not ensure the completeness of the data obtained for 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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A B C

D E

F G

Figure 5. Triads and ChromHMM / SPIN genome annotation. ( A –C ) The distribution of DNA parts of triads mediated by EWSR1 (A), EZH2 (B), and U2AF2 
(C) proteins across ChromHMM states is presented. ( D ) The figures are accompanied by a color legend. ( E ) The distribution of DNA parts of triads by 
ChromHMM states constructed on real and simulated DNA– and RNA–protein interaction data for RNA processing and exporting proteins. Asterisks 
denote statistical significance for the Wilco x on test, with * for p < 0.05, ** for p < 0.01, and *** for p < 0.001. ( F and G ) Heatmaps for the distribution 
of DNA parts of protein triads, a v eraged b y functional groups, o v er ChromHMM (F) and SPIN (G) annotations. −log 10 of normaliz ed densities is sho wn. 
The proportion of DNA parts in the annotation state is calculated by dividing the total length of the annotated regions in nucleotides by the total length of 
the sequence. 
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A

C

B

Figure 6. The association of proteins with RD-contacts. ( A ) Differences in HMQ significance between triads formed by proteins that were deemed 
significant by χ2 goodness-of-fit test and those that were not. ( B ) Difference in scaling weights for mentioned groups of proteins. ( C ) A heatmap 
clusterisation of RNA and proteins by PR-contact fold changes. 

 

 

 

 

 

 

 

 

 

 

CTCF. This is due to the initial data on pairwise interactions
between RNA and chromatin being incomplete. There are nu-
merous contacts lost in the Red-ChIP and Red-C data. How-
ever, by intersecting the incomplete data with each other when
constructing triads, we ensure that we obtain more significant
interactions than before. This allows us to reduce noise. It is
also possible that, when constructing triads, we may lose real
contacts, even if they were in the original data. 

It is clear that the data filtered by ChIP-seq are well-
clustered separately from the unfiltered RD-contacts of the
Red-C experiment, alongside the Red-ChIP input data. The

set of RNAs involved in triads interactions and in the Red- 
ChIP RD-contacts overlap well (Fig. 7 B). These results suggest 
that the computationally predicted RD-contacts in triads rep- 
resent a subset of real contacts, as the RD-contacts data from 

the Red-ChIP experiment also exhibit some level of noise. 

Discussion 

RNA–chromatin interactome data is known to be noisy in se- 
quence bioinformatics and requires careful processing to fil- 
ter out nonspecific and noisy contacts. We carefully studied 

and processed the data of pairwise interactions to ensure that 
only relevant and specific contacts were included. We used a 
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A B

Figure 7. Red-ChIP data supports with predicted triads. ( A ) Stereogene correlations of DNA-parts of triads. ( B ) Shared RNAs betw een R ed-C-based CTCF 
triads, Red-ChIP input data, and Red-ChIP signal data. 
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ange of statistical peak calling methods designed for pairwise
nteractions between RNA, DNA, and proteins to search for
unctional contacts of the RNA–chromatin interactome medi-
ted by one of the 47 chromatin proteins, using data of PR-
nd PD-interactions. Our approach enables us to choose a sig-
ificance level for each level of pairwise interactions used to
onstruct the object of study based on an accumulated signif-
cance metric. This significance selection also applies to triads
hat have already been constructed. 

Despite the high levels of noise and large number of cis -
ontacts and contacts formed by protein-coding RNA in the
D-contacts data, our approach appears to effectively filter
ut this flawed data. Filtering out too much data can have
rawbacks, and it is important to consider statistical assess-
ent of thresholds to work with the data accurately. 
The obtained data are meaningfully different from those

btained by chance and contain less noise than the original
NA–chromatin contacts. There are ( Supplementary Table 
20 and Supplementary Note S2 ) a significant number of con-
erved triads between mouse and human organisms, and the
unctional meaning of these interactions remains a question. 

We demonstrated that RADICL-seq NPM phase data can
erve as a negative control for the triads construction method,
hich is a protocol for nonprotein-mediated RNA–chromatin

ontacts. Although the nature of these NPM data is not fully
nderstood, they are useful when searching for RDt-contacts
ediated by a particular protein, rather than determining

he genome-wide RNA–chromatin interactome. It is demon-
trated here that the correlation between RDt-contacts medi-
ted by different proteins decreases when the contacts shared
etween RADICL 2FA and RADICL NPM sets are filtered
ut. 
We investigated whether there are differences in the con-

tructed triads when starting with data from different pair-
ise interaction detection protocols for PR-interactions (fRIP-

eq and eCLIP-seq) and for RD-interactions (namely, GRID-
eq and RADICL-seq). Triads built on different datasets ap-
ear consistent for PR-contacts and almost consistent for RD-
ontacts. A range of regions can be identified that is conserved
between experiments. To draw more data, other types of pair-
wise interactions need to be incorporated into the analysis. It
might be valuable to see if PD-contacts originating from differ-
ent experiments produce consistent triads for target proteins.

We demonstrated that constructing interaction triads for
chromatin proteins enhances RNA–chromatin contacts in re-
gions where DNA loci functional annotation inferred from
ChromHMM is associated with protein function. For in-
stance, EZH2-mediated triads DNA-parts are more abundant
in PRC2-repressed chromatin regions than the ChIP-seq loci
of this protein. In addition, we verified that the randomly
simulated triads were not related to protein function, in the
sense of ChromHMM. Triads with a DNA locus located in
chromatin states that correspond to protein functions are of
interest for studies on regulatory interactions. Additionally,
we observed that the enrichment of DNA parts in triads is
higher in open chromatin states such as Promoter , Enhancer ,
and Transcribed states from ChromHMM annotation or A-
compartment and Speckle states from SPIN annotation com-
pared to other states. The annotation of A / B-compartment of
triads is consistent between RADICL-seq and GRID-seq ex-
periments, supporting the hypothesis that open chromatin–
RNA contacts are better represented in the interactome
data. 

In addition, the interaction triads constructed are consistent
with the results of the Red-ChIP experiment, which serves as
a positive control for our approach. While the Red-ChIP ex-
perimental procedure allows for the presence of contacts of
noisy origin, the number of RNAs shared between the set of
RD-contacts of Red-ChIP and RDt-contacts is high, and the
set of DNA loci with which these RNAs interact is also shared.

It has been demonstrated that the proposed approach is ef-
fective. The main challenge in identifying RNA–chromatin in-
teractions mediated by intranuclear proteins is the lack of rel-
evant data. In this study, we analyzed various biological data
sources, including ENCODE, NCBI GEO, ReMap, 4D Nucle-
ome, and GTRD databases, and identified a dataset of triads
of 47 proteins as successful. To scale this approach, machine
learning techniques can be used for data imputation. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf010#supplementary-data
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