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Abstract 

Gene transcription is controlled and modulated by regulatory regions, including enhancers and promoters. These 
regions are abundant in non-coding bidirectional transcription that results in generally unstable RNA. Using nascent 
RNA transcription data across hundreds of human samples, we identified over 800,000 regions containing bidirec-
tional transcription. We then identify tissue specific, highly correlated transcription between bidirectional and gene 
regions. The identified correlated pairs, a bidirectional region and a gene, are enriched for disease associated SNPs 
and often supported by independent 3D data. We present these resources as a database called DBNascent (https://​
nasce​nt.​color​ado.​edu/) which serves as a resource for future studies into gene regulation, enhancer associated RNAs, 
and transcription factors.
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Introduction
Transcription is a regulated process that is critical for cel-
lular identity, differentiation, and response to the envi-
ronment. Nascent transcription assays provide insight 
into transcription by measuring RNAs prior to their mat-
uration into messenger RNA [1]. In particular, run-on 
assays such as global run-on sequencing (GRO-seq) and 
precision run-on sequencing (PRO-seq) measure RNA as 
it is being produced by incorporating a marked nucleo-
tide and selectively precipitating the labeled RNA [2, 3]. 
In this manner, the activity of cellular polymerases can be 
precisely measured.

Mammalian transcription initiation is predominantly 
bidirectional, with two oppositely oriented distinct 
transcription start sites in close proximity [2, 4]. These 
bidirectional signatures are observed at not only protein-
coding genes but also transcribed regulatory regions 
(TREs) [2, 5, 6]. At genes, the upstream antisense RNA 
(uaRNA) is also referred to as a promoter upstream tran-
script (PROMPTs) [7, 8]. At regulatory regions, the two 
transcripts are often referred to as enhancer-associated 
RNAs (eRNAs) [8–10]. In every case, these non-gene 
transcripts are lowly transcribed and unstable. Hence 
numerous methods have been developed to identify 
sites of bidirectional transcription directly from run-on 
data [6, 11–13]. Despite the availability of these meth-
ods, bidirectional transcription regions largely remain 
unannotated.

Regardless the function of the transcripts produced in 
these regions, they have been shown to serve as excellent 
markers of regulation within the local genomic context 
[14]. While transcription factor binding is measured by 
assays such as chromatin immunoprecipitation, not all 
instances of transcription factor binding result in altered 
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gene regulation nearby. However signatures of RNA pol-
ymerase activity near transcription factor binding sites 
effectively reflect the active subset of binding events [15–
17]. In support of this notion, changes in bidirectional 
transcription activity (locations and levels) can be used 
to infer changes in transcription factor activity between 
two conditions [9, 17–21]. Consequently, nascent run-on 
data also provides unique insights into transcription fac-
tor activity [22].

We sought to collect a repository of published run-on 
sequencing data from which we could catalog and char-
acterize sites of bidirectional transcription. In total, we 
collected thousands of samples from the sequencing 
archives, from which we annotated hundreds of thou-
sands of sites of bidirectional transcription. The major-
ity of these sites did not reside at promoters and were 
either cell type or tissue specific. Additionally, we used 
correlation analysis [23, 24] to link enhancers to their 
target genes, finding that most genes are regulated by 

enhancers in a tissue-specific manner. Our resulting atlas 
of nascent sequencing datasets, identified sites of bidirec-
tional transcription and gene-bidirectional links serves as 
valuable resources for future studies into transcriptional 
regulation.

Results
A repository of run‑on nascent RNA data
We began by assembling a large repository of previously 
published nascent transcription datasets (Fig. 1). To this 
end, nascent run-on RNA sequencing experiments were 
manually curated from Gene Expression Omnibus (GEO) 
[25, 26] and the NIH Sequence Read Archive (SRA) [27]. 
We excluded metabolic labeling techniques because 
recovery of transcribed regulatory elements is highly 
sensitive to the length of incubation with the marked 
nucleotide. Metadata details such as organism, cell type, 
protocol used, library preparation, treatment type/con-
ditions, and replicate information were collected for 

Fig. 1  Overview of DBNascent. A Data were derived from Sequence Read Archive fastq files and manually curated metadata. Technical replicate 
fastq files were combined, then data were processed to obtain metrics on quality, bidirectional regions, and read counts. Metadata, quality control 
metrics, and software version information from the pipeline were accumulated into a MySQL database. The DBNascent website (nascent.colorado.
edu) draws from the MySQL database as well as processed analysis files for visualization and region-specific read counts. B Samples in DBNascent 
were derived from twenty different organisms and multiple different protocols. All species with genomes less than 25 Mb were not described well 
by the calculated QC score and thus are represented as black (NA). C Thresholds for calculation of the QC score, tuned for mammalian samples. 
D Complexity (y-axis) versus read depth (x-axis) of human and mouse samples. Two very low read depth samples have been omitted for the sake 
of visualization
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all samples from their associated database information 
and/or publication (see Supplementary Table  1). This 
metadata was collected in a MySQL database (hereafter 
DBNascent) where all treatment condition times were 
annotated in reference to the time of cell harvest. The raw 
fastq files were processed through standardized Nextflow 
pipelines (Fig. 1A) that include steps to map, quality con-
trol, and identify regions of bidirectional transcription. In 
all cases, technical replicate fastq files were combined for 
downstream analysis.

In total, 3,638 raw samples from the NIH Sequence 
Read Archive (SRA) were combined into 2,880 biologi-
cal samples in 20 organisms, collected from 287 projects, 
which consisted of journal articles or Gene Expression 
Omnibus (GEO) datasets (Fig.  1B). The samples were 
subjected to extensive quality control (QC), from which 
we developed a QC classification metric based on both 
read depth and complexity (Fig.  1C-D). We used this 
metric extensively as a filtering mechanism, and most 
downstream analyses using high-quality samples with a 
QC score of 1–3, unless otherwise specified. As run-on 
assays necessarily depend on a pull-down step involving 
antibodies, we also sought to assess the extent of nascent 
RNA enrichment. To this end, we developed an addi-
tional score to identify samples that exhibited patterns of 
nuclear run-on (NRO) sequencing, which could then be 
used as another potential filtering metric (Supplementary 
Fig. S1).

Of the 2,880 samples in DBNascent, the vast major-
ity (2,387) were derived from human or mouse cells 
(Fig.  1B), and these were exclusively used for down-
stream analysis, e.g. identifying bidirectional regions. 
The samples were distributed across 19 and 10 tissues 
from human and mouse, respectively. In both organ-
isms, samples were collected mainly from cell lines or 
cultured primary cells (Supplementary Fig. S2). Fur-
thermore, a principal component analysis on high-
quality human samples indicates that samples cluster 
predominantly by tissue of origin rather than quality 
score, indicating that differences in the data reflect the 
underlying biological signal more than technical varia-
tion (Supplementary Fig. S3).

Bidirectional regions in DBNascent overlap cis‑regulatory 
elements
Nuclear run-on assays, such as GRO-seq and PRO-seq, 
give a readout of transcription from all cellular RNA 
polymerases. Consequently, they recover signal at both 
coding and noncoding regions, much of which is not 
annotated. Two methods for identifying transcribed 
regulatory regions are Tfit and dREG [6, 11, 12]. Tfit uses 
a mathematical model of RNA polymerase II  (PolII) to 
identify sites of polymerase loading and initiation, the 

majority of which are bidirectional. In contrast, dREG 
uses an unsupervised support vector machine approach 
to identify transcribed regulatory elements (TREs), 
most of which show bidirectional transcription. The two 
approaches are thus quite distinct and complementary, 
but both seek to identify sites of bidirectional transcrip-
tion directly from the data.

As the two methods have distinct strengths and weak-
nesses, we combined the results of both methods to 
identify sites of bidirectional transcription (see Supple-
mentary Methods for complete details). For each of the 
1,638 human and 750 mouse samples analyzed, on aver-
age ∼ 25,000 bidirectional regions were identified by 
Tfit and ∼ 18,500 by dREG (Supplementary Fig. S4A). 
Bidirectional calls were then combined using a modi-
fied version of muMerge (version 1.1.0) (see Materials 
and Methods Section) [18]. The merging strategy was 
performed hierarchically, merging between experiments 
first, then cell types, and finally the bidirectional call-
ing methods (Fig.  2A). Since the resolution of Tfit calls 
at the initiation of RNA polymerase (typically the center 
region of bidirectional transcription) is better than dREG 
[13], the coordinates of Tfit calls were used when the two 
callers overlap (Supplementary Fig. S4B-C). The selected 
regions were then filtered to retain high quality regions, 
based on the data’s QC score (Supplementary Fig. S5).

Throughout the genome, 847,521 unique bidirec-
tional calls were obtained across all human data sets and 
680,735 in mouse. Bidirectional regions, as expected, are 
generally much shorter than genes (Supplementary Fig. 
S6) and are similarly distributed throughout the genome 
(Supplementary Figs. S7 and S8). Most bidirectional 
regions overlap noncoding regions, while a smaller per-
centage overlap exons (Fig.  2B, Supplementary Figs. S9 
A and S10). In exonic regions, most bidirectional regions 
overlap with the 3 ′UTR and beginning of the CDS region 
(Supplementary Fig. S10). Identifying the number of 
human genes with TSS bidirectional signals, we find that 
about 80% have a bidirectional call in their promoter 
region, and genes without a bidirectional call at their 
TSS were not transcribed (Supplementary Tables  2 and 
3). Outside the promoter region, bidirectional regions 
are uniformly found across annotated transcripts in both 
mouse and human (Supplementary Fig. S11). Bidirec-
tional regions within the gene are mostly intronic, with 
some overlapping the boundaries with an annotated exon 
(Fig. 2C and Supplementary Figs. S9B and S12). Similarly, 
while most genes and their isoforms did not have bidi-
rectional regions overlapping any annotated exon, about 
30% of isoforms had bidirectional regions overlapping 
their CDS and/or 3 ′UTR (Supplementary Fig. S13). Few 
isoforms had bidirectional regions within the 5 ′UTR, 
even when considering the gene TSS bidirectionals.
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Fig. 2  Identification and characterization of bidirectional regions. A Schematic showing how bidirectional regions were identified and merged 
to give a consensus annotation set. Briefly, (1) bidirectional regions were inferred from nuclear run-on coverage data in each sample. (2) In 
a given experiment, regions were combined using muMerge [18] based on treatment conditions for both Tfit [11] and dREG [6, 12] called 
bidirectional regions. (3) Tfit and dREG calls were combined by muMerge based on cell/tissue type. (4) Master call lists were then obtained 
by muMerge and (5) finally combined and filtered. B Overlap between bidirectional regions and RefSeq hg38 gene features (exons, introns, 
promoters and intergenic regions). C Fraction of RefSeq annotated genes with bidirectional regions overlapping their introns and/or exons. D 
Overlap between bidirectional regions (DBNascent) and cis-regulatory elements from other databases (ENCODE [28–31], FANTOM5 [5, 32–34] 
and EnhancerAtlas [35]). E An example region (chr22:37,533,600 - 37,548,188) showing mapped read coverage for two replicates each of four cell 
lines (ESCs, HCT116, HEK293, and SJSAs) along with bidirectional region calls (purple) and regulatory regions identified by FANTOM5, ENCODE 
and EnhancerAtlas. Importantly, each inferred bidirectional region has a distinct cell type and tissue specific transcription profile. b1: HCT116 only, 
b3, b4: HCT116 and SJSA, b7: ESC, HCT116 and SJSA, b2, b5, b6 and b8: not in these four cell lines; blue: positive strand, red: negative strand
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To assess the quality of our called regions, we next 
compared our bidirectional calls to annotated candi-
date cis-regulatory elements (cCRE) from ENCODE, 
EnhancerAtlas and FANTOM5, as these resources anno-
tate regulatory regions using a variety of techniques [5, 
28–35] (Fig. 2D and Supplementary Fig. S14). ENCODE 
offers a characterization of candidate cis-regulatory ele-
ments based on histone marks, DNase and CTCF signal 
[28, 29]. While the FANTOM5 project identifies sites 
of transcription initiation primarily using CAGE (Cap 
Analysis of Gene Expression) data [34]. Lastly, Enhancer-
Atlas aims to combine assorted genomic data, includ-
ing ENCODE and FANTOM5 as well as nascent RNA 
sequencing data [32, 33, 35]. Overall, about 40% to 60% 
of the cis-regulatory elements in these data resources 
are found in DBNascent (Supplementary Fig. S14A and 
B). Interestingly, 29,106 human and 21,999 mouse bidi-
rectional regions are contained in all four databases 
(Fig.  2D and Supplementary Fig. S14C). In general, we 
found a greater overlap between bidirectional regions 
and EnhancerAtlas regions. However, upon closer exami-
nation, we noticed that EnhancerAtlas regions tend to 
be much wider compared to the other database regions, 
therefore yielding greater overlaps (Fig.  2E and Supple-
mentary Fig. S15). Notably, EnhancerAtlas includes nas-
cent RNA data and RNA polymerase II ChIP-sequencing 
data  in its construction, which may contribute to both 
the observed long region length and the overlap with 
our called bidirectional regions. The overlap of bidirec-
tional regions and regulatory categories as defined by 
ENCODE histone marks showed a significant overlap 
for most cCRE (p-value < 0.01, by both Fisher’s Exact 
Test and empirical shuffling test) (Supplementary Figs. 
S16 and S17). However, human CTCF and DNase-H3 K4 
me3 cCRE overlaps with bidirectional regions were not 
significant. In conclusion, we recover a large fraction of 
the previously annotated cis-regulatory elements, despite 
having data from far fewer tissues than was used in these 
databases.

Regulatory regions have also been identified on the 
basis of large scale genome-wide association studies. In 
particular, the GTEx consortium examined genome vari-
ation for its ability to influence expression levels [36]. 
As sites of bidirectional transcription are often genetic 
enhancers, we next considered to what extent our bidi-
rectional calls overlap with GTEx identified variation. 
Although only a small number of GTEx variation resides 
within our bidirectional regions (Supplementary Fig. 
S14A), we found that bidirectional regions showed a 
higher odds for containing significant expression quan-
titative trait loci (eQTL) variants compared to non-
significant variants (Supplementary Fig. S18) [36]. This 

further supports previous work showing an enrichment 
of eQTLs in enhancer regions [6].

Next, we used the 447-way alignment from Zoonomia 
[37–39] to ask if human and mouse bidirectional regions 
were conserved. We first asked what fraction of bidi-
rectional regions can be lifted over between mouse and 
human using these alignments, finding that only 53.6% 
of human bidirectional regions lifted over to the mouse 
genome. We next used these lift over regions to ask 
whether bidirectional regions were transcribed across 
the species. To this end, we first examined bidirectional 
regions identified across matched cell types, identify-
ing three cell types, embryonic stem cells (ESC), hemat-
opoietic progenitor cells (HPC) and CD4+ T cells [12, 
20, 40–42]. Within these matched tissues we compared 
the reciprocal lift over bidirectional regions and found 
that over 64% of regions were both identifiable and tran-
scribed (> 1 TPM) across the species (Supplementary 
Fig. S19A). We next expanded this analysis to the entire 
database, considering all bidirectional regions we find 
only 38.4% of mouse regions could be lifted over and 
were transcribed (sum > 1 TPM across all samples) in any 
human and mouse sample (30.8% of human regions in 
mouse). We then asked how these corresponding regions 
compared in transcription levels, finding the average 
transcription levels were more similar than the maxi-
mum level (Supplementary Fig. S19B and C). Consistent 
with prior work [12, 38, 43], we find that the majority of 
conserved regions were promoter associated with the 
intergenic bidirectional regions being the lowest con-
served (Supplementary Fig. S19D).

Tissue specificity of transcription
The drop in conservation observed across the larger 
database, where many cell types exist uniquely in only 
one species, led to speculation that the pattern could be 
driven by tissues specific bidirectional regions. There-
fore, we next sought to determine how transcription lev-
els varied across cell types and tissues in different types 
of transcribed regions. To this end, we first examined a 
single representative high-quality dataset [44]. In this 
sample, promoter bidirectional regions were, in general, 
the most highly transcribed, followed by both coding 
and annotated noncoding genes (Fig.  3A). Collectively, 
the exonic, intronic, and intergenic bidirectional regions 
(non-promoter bidirectional regions), which tend to be 
enhancers, are more lowly transcribed. This pattern held 
across all 741 human samples, where coding genes and 
promoter bidirectional regions were more highly tran-
scribed with less variability across samples than non-pro-
moter bidirectional regions or noncoding genes (Fig. 3B).

We next investigated the tissue specificity for these 
classes. We limited this investigation to samples with a 
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QC score of 1–3 that were derived from unique tissues 
with at least 5 samples in the database. As the num-
ber of samples in each tissue varied widely, we chose to 
assess tissue specificity with the SPECS score [45], which 
can accommodate uneven sample sizes across groups. 
The SPECS score ranges from 0 (indicating depletion) 
to 1 (indicating enrichment), with a ubiquitously tran-
scribed gene scoring around 0.5. Taking into account 
all genes and bidirectional regions, the distribution of 
SPECS scores showed a larger proportion of bidirectional 
regions having lower SPECS scores, indicating that they 
are more likely to show higher transcription in a limited 
set of tissues and low (or no) transcription across all oth-
ers (Supplementary Fig. S20). For a given tissue, both 
genes and bidirectional regions had similar trends of high 
SPEC scores, with umbilical cord, prostate, and uterine 
samples containing the highest number of tissue-specific 
genes and bidirectional regions (Supplementary Fig. S21).

Subsequently, we evaluated the transcription change 
between the most specific tissue (highest SPECS score) 
and next highest scoring tissue (Fig.  3C and Supple-
mentary Fig. S22). The resulting fold change should be 
large for each transcript that is transcribed primarily in 
a single tissue. We observed a skew towards higher fold 
changes for non-promoter bidirectional regions as com-
pared to genes. Bidirectional calls at promoters showed 
a pattern indistinguishable from coding genes, whereas 
annotated noncoding genes seemed to show more tis-
sue specificity than coding genes, in line with previous 
work [46]. Within non-promoter bidirectional regions, 
those overlapping with exons were less tissue specific 
than intergenic or intronic bidirectional calls, likely due 
to some exonic bidirectional regions toward the 5 ′  end 
of genes having spillover transcription signal from pro-
moter regions. These findings were also reproduced with 
the expression specificity (ESS) scores approach [47] 
where we evaluated the median transcription levels in 
each tissue across the samples (Supplementary Fig. S23).

The SPECS score and ESS analyses suggest that non-
promoter bidirectional calls, primarily those associated 
with enhancers, are the most tissue specific transcripts. 
To further evaluate this claim, for each region type, 
we quantified 1) the number of tissues in which it was 

transcribed and 2) the variation of that transcription 
level. (Supplementary Fig. S24, Supplementary Video 
S25). In all region classes, ubiquitously transcribed 
regions (transcribed in all 13 tissues) showed much less 
variation in transcription levels than tissue-specific 
regions (only present in one tissue). We further investi-
gated the proportion of regions transcribed across the 
tissues analyzed (Fig.  3D). By this measure, the coding 
regions and the bidirectional regions of the promoter are 
most likely to be ubiquitously transcribed, while the bidi-
rectional intronic and intergenic regions are more likely 
to show tissue-specific transcription, consistent with 
previous reports [23]. Thus, bidirectional regions, both 
intronic and intergenic, are transcribed and active in a 
small range of tissues compared to both the coding and 
noncoding genes they regulate.

Tissue specific correlation analysis identifies putative 
bidirectional and gene pairs
To better understand how tissue-specific transcribed 
regulatory elements could lead to ubiquitous transcrip-
tion patterns at the genes they target, we next sought to 
link enhancers to their target genes [32, 48–50]. Prior 
work indicates that nascent transcription levels between 
enhancers and their known target genes – as determined 
by 3D data – have correlated transcription levels [8, 23, 
24, 51], providing strong functional activity informa-
tion for candidate linkages. Thus, we wondered whether 
strong correlations between genes and regions of bidi-
rectional transcription within our run-on database could 
identify candidate tissue-specific enhancer to target gene 
linkages.

To this end, we calculated pairwise correlations 
between genes and bidirectional regions within each 
chromosome and identified significantly correlated pairs 
in a tissue-specific manner for human samples (Fig. 4A) 
(see Supplementary Methods). Importantly, for regions 
of bidirectional transcription that reside within introns, 
we only utilized counts from the antisense strand to avoid 
confounding signals with the gene. We then selected the 
eleven tissues with more than ten samples for the sub-
sequent correlation analysis (Supplementary Fig. S26). 
Across this collection, we found 6,700,460 unique pairs 

Fig. 3  Variation in transcription levels and tissue specificity across annotation types. A Distribution of average TPMs (x-axis) for different classes 
of regions across replicate high-quality MCF7 datasets (SRR5227979 and SRR5227980). Number of regions (n) with average TPM > 0.1. B Across high 
quality human samples, the coefficient of variation (y-axis) of each region class compared to transcription (x-axis, log(TPM)). Black points and gray 
density contours display all regions in all plots, overlaid by region-specific colored points and density contours. ‘Non-promoter bidirectionals’ 
includes intronic, exonic, and intergenic regions. C Cumulative distribution of fold changes between the tissue with the highest SPECS score 
and the tissue with the second highest SPECS score for each region class. This strategy is adapted from Everaert et al. 2020 [45]. The full plot can 
be viewed in S22. D Number of tissues (x-axis) in which a region is transcribed, by class of region. ‘Lowly transcribed’ refers to regions that failed 
to reach the TPM threshold of 0.1 in any tissue

(See figure on next page.)
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Fig. 3  (See legend on previous page.)
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where the levels of nascent transcription at the gene cor-
related with levels at a bidirectional region within 1 Mbp 
(Benjamini Hochberg false discovery rate (FDR), p-adj < 
0.01 and supported by 3 or more samples). In total, 96.3% 
of genes are linked to a bidirectional region, while 69.5% 

of the bidirectional regions have links. While not a con-
straint of the approach, we found that most bidirectional 
regions within the correlated pair were physically close to 
the gene TSS (Supplementary Fig. S27).

Fig. 4  DBNascent gene and bidirectional region pairs across tissues. A Schematic of methods used to identify gene and bidirectional DBNascent 
pairs. Briefly, (1) regions of bidirectional transcription are identified and (2) quantified. Normalized counts are then (3) correlated (within 1MB 
of the gene TSS) and pairs are (4) filtered based on FDR. Finally, pairs are evaluated based on recovery of (5) GTEx eQTLs and (6) RNA polII ChIA-PET 
loops. B Percent of GTEx eQTLs recovered by DBNascent pairs (red), closest gene assignment (orange), shuffled transcript pairs (blue) and random 
pairs (gray violin plots). The overlaps were performed on matched tissues (i.e. DBNascent Pair tissues and GTEx eQTL tissues). C DBNascent pairs 
supported by RNA PolII ChIA-PET loops across tissues. D Distribution of median SPECS Scores for genes (orange) and bidirectional regions (purple) 
split based on the number of tissues a pair is identified. The left panel zooms in to the lower median SPECS scores (0 - 0.3), showing lower median 
SPECS Score for bidirectional regions for pairs found in one tissue. E Example scatter plots of the raw data for interacting pairs: (i) an uncorrelated 
pair ARFGAP3 and chr22:42867917–42868245 in intestine tissues, (ii) ubiquitously correlated pair ABCB8 and chr7:151039089–151039715 
(iii) cell-type specific interaction between MGMT and chr10:129465084–129465490, and (iv) a tissue specific interaction in prostate samples 
between ZSCAN31 and chr6:28411040–28413404. Samples in each tissue/cell-type are highlighted in color (Intestine, Uterus, Intestine cell-types, 
and Prostate respectively)
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Next, we sought to evaluate our recovered correlated 
pairs by comparison to collections of known enhancer 
to gene linkages. Given that GTEx eQTLs are collected 
across several tissues, this offers a resource to evaluate 
correlated pairs in a tissue-specific manner. We found 
that a total of 104,388 DBNascent pairs overlapped with 
GTEx pairs, using matched tissues between the two 
methods. Depending on the tissue, the range of over-
lapping eQTL pairs was 6% to 29.5%, while randomized 
pairs were never more than 2% (Fig. 4B and Supplemen-
tary Fig. S28). In most cases, the matched bidirectional 
region was near the gene TSS (Supplementary Fig. S29). 
Additionally, our DBNascent pairs recover more known 
pairs than the closest gene strategy (Fig.  4B), similar to 
other gene to enhancer studies [52–55]. Interestingly, we 
found better recovery of eQTLs in matched tissues, sug-
gesting we are indeed capturing tissue-specific interac-
tions with DBNascent pairs (Wilcoxon rank sum test W 
= 1058, p-value = 2.513e- 06) (Supplementary Fig. S30A). 
However, we also noted that the tissues with fewer sam-
ples had lower recovery of GTEx pairs (Supplementary 
Fig. S28), suggesting that the method may be sensitive to 
the quantity of data utilized in constructing the correla-
tions. Additionally, we examined the overlap of nascent 
derived pairs to experimentally validated enhancer and 
gene linkages obtained in K562 cells [56]. We observed 
a significant recovery of known interactions (Supplemen-
tary Fig. S31). In total, we recovered 79% of crisprQTL 
pairs with DBNascent pairs compared to 2.5% with ran-
domized pairs. In general, comparisons with known 
enhancer and gene links suggest that most of our identi-
fied pairs are supported by orthogonal methods.

In all tissues, we recover both previously identified 
linked pairs and new regions of high correlation (Supple-
mentary Figs. S32 and S33). A total of 38.8% of annotated 
genes have links that overlap GTEx eQTLs (Supple-
mentary Fig. S33). For example, HCP5B is a long non-
coding RNA that shows a high number of interactions 
(184 HCP5B and bidirectional pairs within 1 Mbp of the 
TSS), and 45.65% of these pairs also overlap eQTLs from 
GTEx (Supplementary Fig. S34) [36]. The extent to which 
newly identified high-correlating pairs arise from bio-
logical signals or spurious correlations is unclear. There-
fore, we next sought to estimate the extent of spurious 
correlations.

To this end, we used a randomization strategy, reason-
ing that most biologically meaningful correlation would 
break down if the data were randomly selected from all 
bidirectional regions not on the current chromosome. 
Thus, we shuffled the data associated with each bidirec-
tional position, sampling the vector of transcription pro-
files from all other chromosomes. Overall, 82.5% of genes 
have more bidirectional regions assigned in DBNascent 

pairs compared to the shuffled chromosome pairs (Sup-
plementary Fig. S35). We then compared links between 
the shuffled chromosome pairs and DBNascent pair, find-
ing that DBNascent pairs had far more assigned pairs 
supported by eQTLs (1.5% to 13.3 % of eQTls recovered 
compared to 6% to 29.5% with DBNascent pairs) (Fig. 4B 
and Supplementary Fig. S28), further supporting that our 
assigned pairs contain signal. Notably, this randomiza-
tion is imperfect, as we would retain some real correla-
tion signal when the randomly selected bidirectional 
and current bidirectional shared an upstream regulator. 
Hence our randomization likely underestimates the pro-
portion of real biological induced correlation relative to 
spurious correlations.

To reduce false positive pairs and spurious correlations, 
we next took advantage of GTEx eQTLs and compared 
the recovery of eQTLs at varying adjusted p-value cut-
offs on the significance of correlations. We found that 
the most optimal adjusted p-value cut-off across all the 
tissues assessed was < 0.001, according to the recovery 
rate (Supplementary Fig. S36). Using this stringent false 
discovery rate reduced the number of unique pairs to 
4,853,276 across the eleven tissues. Within this set, the 
number of gene transcripts and bidirectional regions 
in at least one pair were 27,564 (95.4% of all genes) and 
469,317 (55.4% of annotated bidirectional regions), 
respectively. Consequently, even at the stringent false 
discovery rate, we recover correlated interactions for the 
majority of gene transcripts and bidirectional regions.

Importantly, the current state of the art methods for 
linking enhancers to their target genes incorporate both 
functional activity information and three-dimensional 
contact data [53–55]. Consequently, we next combined 
the stringent pairs list with available pairs from PolII 
ChIA-PET data across all tissues. Most of the DBN-
ascent pairs (55.7% of all pairs) are supported by PolII 
ChIA-PET (Fig.  4C). Notably, overlaps with ChIA-PET 
loops were better within the same tissue than between 
tissues, highlighting tissue-specific interactions within 
DBNascent pairs (Wilcoxon rank sum test W = 11029, 
p-value = 0.0056) (Supplementary Fig. S30B). As noted 
previously, tissues with low sample numbers exhibited 
the poorest overlap with ChIA-PET data (Fig. 4B, C and 
Supplementary Fig. S37), further suggesting that sample 
size (number of nascent samples) limits the quality of the 
correlation-based analysis.

Consequently, we summarize the 3D supported DBN-
ascent pairs using only the six tissues with the highest 
sample counts, where all data suggest the highest quality 
signal. Across these pairs, the median number of bidirec-
tional regions assigned to a gene was 83 (Supplementary 
Fig. S38A). However, within the context of a single tissue, 
many fewer bidirectional regions are linked to any given 
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gene (median = 4–40; Supplementary Fig. S39). The tis-
sue specific estimate is on par with other estimates of 
the number of enhancers linked to a gene [57–62]. In the 
other direction, the median number of genes assigned 
to a bidirectional transcript across all tissues was three, 
implying that a single bidirectional has only a few poten-
tial, often tissue-specific gene targets (Supplementary 
Fig. S38B; Supplementary Fig. S40).

Collectively, these results indicate that a gene’s tran-
scription is tuned by a small number of bidirectional 
regions, many of which are tissue-specific (Fig.  4D and 
Supplementary Fig. S41). A more detailed examination of 
individual pairs identifies numerous interesting patterns 
(Fig. 4E and Supplementary Fig. S32). In some cases, the 
bidirectional region and gene are correlated across all 
tissues (see Fig. 4E, ii), whereas in others the correlation 
appears either cell-type or tissue specific (Fig. 4E, iii-iv). 
When assessing the number of tissues that support a pair, 
only approximately 40% of pairs were supported by two 
or more tissues (Supplementary Fig. S42). This suggests 
that a gene is controlled by distinct TREs in different cell 
types. Consistent with this finding, when p53 was stim-
ulated across a variety of tissues, a previous paper [63] 
found that the genes responding to p53 across the tissues 
were largely consistent but that the transcribed regula-
tory elements (in our case, bidirectional signals) were 
much more cell-type specific.

Discussion
Here we present DBNascent, an atlas that catalogs previ-
ously published nascent sequencing data, with an empha-
sis on run-on data. Additionally, within each dataset we 
identify sites of bidirectional transcription, which occur 
at both the 5 ′  end of protein coding genes (the TSS) and 
at transcribed regulatory elements. Our collection of uni-
formly processed nascent sequencing data allowed the 
identification of a large collection of sites of bidirectional 
transcription. Sites of bidirectional transcription were 
randomly distributed across the genome, lowly tran-
scribed, variably conserved and often cell type specific. 
Many of the bidirectional regions were intronic, where 
quantification of transcription levels was estimated using 
only the antisense strand transcript to avoid confound-
ing signal from the overlapping gene. The resulting set of 
identified bidirectional regions represents a large collec-
tion of transcribed regulatory elements that have utility 
in various subsequent studies. In fact, they have already 
proven useful in both studies of transcription regulation 
[22, 64] and technical studies such as comparisons of 
run-on protocols [65] and spike-in controls [66].

We leverage our large collection of non-promoter 
bidirectional regions to confirm and expand on the tis-
sue specificity of enhancers. Long noncoding RNAs 

have long been known to be more cell type specific than 
protein coding genes [67]. More recently, it has been 
reported that enhancer associated RNAs [55] are also 
more cell-type specific than protein coding genes. Here 
we compare all three types of transcripts and find that 
enhancer-associated transcripts are more tissue specific 
than annotated lncRNAs. Given that many bidirectional 
regions are enhancers that regulate genes (both protein 
coding and lncRNAs), these results suggest that a gene 
is likely regulated by distinct sets of enhancers in each 
tissue.

We sought to utilize correlation between enhancer and 
target gene transcription levels [17, 23, 24, 32] to assign 
cis-regulatory regions to likely target genes. However, the 
high tissue specificity of many bidirectional regions com-
plicated the correlation calculation. Since bidirectional 
regions are generally lowly transcribed and tissue-spe-
cific, they are less likely to be captured in low coverage 
datasets. To avoid being overly influenced by a lack of 
data, correlations were calculated only on samples with 
transcription for both the gene and bidirectional region. 
The result is fewer data points, particularly in tissues with 
fewer samples. We further found that fewer samples led 
to more spurious correlation, as seen in the lower recov-
ery rate observed in comparisons between DBNascent 
pairs and GTEx eQTLs. Despite these issues, the gene-
bidirectional links identified in well-represented tissues 
were often confirmed by orthogonal data, supporting 
the use of these data to investigate regulatory region 
assignment.

The gene-bidirectional links identified have several 
uses. The number of gene-bidirectional links identified 
further supports the idea that a gene can be ubiquitously 
transcribed and yet regulated by distinct enhancers in 
each tissue. Correlation-based strategies have long been 
important in the development and identification of gene 
regulatory networks [68]. Our links are an excellent 
starting point for building regulatory networks. More 
recently, correlation information has also been shown 
to improve curation of bona fide 3D interactions [55]. 
Finally, it is well known that many disease-associated 
variants occur in noncoding regions of the genome, often 
in regions associated with bidirectional transcription [6, 
69, 70]. For example, bidirectional regions have recently 
been used to pinpoint functional genetic variants linked 
to asthma [71]. Hence the gene-bidirectional links pro-
vide one mechanism for identifying candidate gene tar-
gets for regulatory noncoding variation.

Materials and methods
Detailed methods can be found in the Supplementary 
Methods, which includes technical details, full citations 
for all data utilized, and version numbers for all software 
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utilized. Mouse samples were mapped to the mm10 ref-
erence genome and human samples to the hg38 genome.

Nascent RNA sequencing experiments metadata collection
Nascent RNA sequencing experiments were manually 
curated from the Gene Expression Omnibus (GEO) 
[25, 26] and the Sequence Read Archive (SRA) [27]. All 
treatment conditions were annotated with reference to 
the cell harvest time. Full details on the data curated, 
papers utilized, and accession numbers are provided in 
Supplementary Methods.

Data processing summary
After downloading 3,638 original SRR entries from the 
SRA, technical replicates were combined to result in 
2,880 samples. All samples were subsequently trimmed, 
mapped to the corresponding reference genome, and 
assessed for sample quality using standardized Next-
Flow pipelines.

Three specific metrics were used to classify samples 
into quality ‘tiers’ for filtering purposes: read depth after 
trimming, proportion of duplicates, and complexity. 
Thresholds were determined to classify samples into one 
of five tiers (see Fig. 1C-D), and analysis was performed 
on samples within tiers 1–3, unless specified other-
wise. Additionally, a minimum expected GC content for 
called bidirectionals was required, as prior work estab-
lished that regions of bidirectional transcription have a 
GC bias centered at sites of transcription initiation [17, 
22]. Details on each step of the data pre-processing are 
provided in the Supplementary Methods.

Identifying bidirectional transcripts summary
Regions of nascent transcription were identified using 
Tfit [11] and dREG [6, 19]. Identification of regions of 
transcription with dREG followed the recommended 
pipeline (per dREG GitHub) where uniquely mapped 
reads were used to generate BigWig input files. Since 
dREG is compute-intensive, only high-quality data sets 
(QC < 4) were processed using dREG. Identification of 
bidirectional transcription with Tfit followed a pipe-
line where multimapped reads and reads with low map 
quality score were removed.

Regions (from replicates, conditions, and bidirec-
tional calling methods) were merged using a modified 
version of muMerge (now v1.1.0) (see Supplementary 
Methods for full details) [18, 72]. A few called regions 
were subsequently removed because of unusual size, 
often in regions of convergent transcription of nearby 
genes. The full identification, merging and filter-
ing pipeline can be found on GitHub [73]. Additional 
details on every step are provided in the Supplementary 
Methods.

Summary of transcription
All summary statistics were performed using R, the R 
package data.table, and bedtools [74, 75].

Annotated bidirectional transcripts were overlapped 
with RefSeq genome features (e.g. exons, introns, UTRs, 
CDS) using bedtools intersect. Across all fea-
tures, the minimum fraction of overlap required per 
region was 0.5. The percent of overlap in each feature 
category was calculated as a fraction of the total bidi-
rectional transcripts (847,521 in human and 680,735 in 
mouse).

Gene summary statistics methods
Gene transcription start sites (TSS) bidirectional regions 
were identified by overlapping bidirectional calls with a 
1kb window around the TSS (± 500bp) using bedtools 
intersect. To further assess how many genes had 
bidirectionals within specific gene features (e.g. exons, 
introns, UTRs, CDS), we performed the same overlap-
ping with RefSeq genome feature components. The per-
centage of transcripts (either noted as genes or isoforms) 
with bidirectionals overlapping only their introns, exons, 
neither, or both were subsequently calculated. Metagene 
plots of bidirectional location were determined based on 
normalized gene transcript lengths. More stringent filters 
were applied when assigning intronic and exonic labels, 
see the Supplementary Methods for full details.

Bidirectional transcript regions overlapping cCREs
Regions of bidirectional transcription were overlapped 
with candidate cis-regulatory elements (cCREs) data-
bases (ENCODE, EnhancerAtlas, FANTOM5 and eQTL 
data) using bedtools intersect [5, 28, 34, 35]. 
Regions of overlap were calculated using the minimum 
overlap of 1bp. The percent overlap was calculated with 
respect to the database size. See Supplementary Meth-
ods for further details. Evaluation of the overlap with 
ENCODE was performed with bedtools using the Fisher’s 
Exact Test and a permutation approach [75–77].

Conservation of regions of bidirectional transcription
Human bidirectional regions from DBNascent were lifted 
over to the mouse genome using the alignment from 
Zoonomia with halLiftover [37–39]. Lifted over 
regions that were within 1kb were merged to a contigu-
ous region. We then identified the closest called bidirec-
tional region in mouse.

The mouse and human reciprocal halLiftover 
was performed on embryonic stem cell (SRZ7741177, 
SRR10669536), Hematopoietic progenitor cells (SRR930717, 
SRR5508393) and CD4+ T cells (SRR4012429, SRR4012393) 
[12, 20, 40–42]. Conservation of regions of bidirectional 
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transcription required > 1 TPM in the other species. Lifted 
regions that were within 1kb were merged and regions 
greater than 100bp were kept. The fraction of con-
served regions was calculated relative to the regions with 
transcription.

Odds ratio with GTEx eQTLs
Bidirectional transcription regions were overlapped with 
disease associated variants from GTEx (version 8) and 
odds ratio calculated [36]. The odds ratio calculation was 
performed using the library epitools in R [78].

Counting reads
Reads were counted using featureCounts from 
RSubread [79]. Gene reads were counted over gene bod-
ies (elongation region), excluding the initiation region. 
Bidirectional regions were counted on both strands over 
the region defined by muMerge [18]. Multimapping 
reads were ignored in all cases. Multi-feature overlap was 
allowed for counting across genes but not bidirectional 
regions. More details are provided in the Supplementary 
Methods.

Normalization of counts was done using transcripts per 
million (TPM) normalization [80, 81]. To avoid double 
counting reads, for bidirectional transcripts that overlap 
genes, only the opposite sense read counts were used in 
the normalization step. In summary, the total number of 
transcripts included: 5 ′  end truncated genes, intergenic 
bidirectional transcripts, and intragenic bidirectional 
regions where counts on the opposite strand of the gene 
were used for intragenic bidirectional transcripts.

Calculating summary statistics
The summary statistics were calculated using R. For all 
samples, the average and median transcription values 
were calculated based on the normalized counts. Across-
sample coefficient of variation (CV) for human samples 
were calculated for all transcripts.

The principle component analysis (PCA) was per-
formed using human GRO-seq and PRO-seq samples 
with QC 1 and 2 and with a GC content greater than 
0.49. Normalized counts were log transformed, euclidean 
distances calculated using the R package distances, and 
PCA performed with the prcomp function in the stats 
package in R [82].

Tissue specificity
For analysis of variation and tissue specificity, genes were 
classified into ‘coding’ and ‘noncoding’ genes accord-
ing to ‘NM_’ vs ‘NR_’ accession number prefixes. Bidi-
rectional regions were classified into ‘promoter’, ‘exonic’, 
‘intronic’, and ‘intergenic’ bidirectional regions according 
to bedtools overlaps with those annotations as described 

above, with exonic, intronic, and intergenic bidirectional 
regions also being lumped together as ‘nonpromoter’ 
bidirectional regions for some comparisons.

SPECS scores were calculated using a custom python-
based implementation of the method described previ-
ously [45]. The Expression specificity scores (ESSs) [47] 
were calculated from median TPM values per gene per 
tissue.

Correlation and co‑transcription analysis summary
Building the co-transcription bidirectional and gene pairs 
from nuclear run-on data was split into three steps: (1) 
defining bidirectional and gene regions, (2) finding pairs 
of highly correlated genes and bidirectional transcripts, 
and (3) filtering high-confidence pairs (See Fig.  4A and 
Supplementary Methods for more details).

Evaluation of relative false positive rate
Here we reasoned that genes and bidirectionals corre-
lated across distinct chromosomes would be primarily 
false positives, e.g. unlikely to be real pairs. Therefore, we 
assessed the relative false positive rate using a randomi-
zation strategy. Specifically, when considering a gene on 
a given chromosome, we keep the distance to same chro-
mosome bidirectionals unaltered but sample a transcrip-
tion levels vector from the complete set of bidirectionals 
not on the same chromosome. For each chromosome, 
the shuffling of bidirectional regions from the remaining 
chromosomes was done without replacement. See Sup-
plementary Methods for complete details.

Overlap of pairs with eQTLs and crisprQTLs
Correlated pairs of gene and bidirectional were over-
lapped with pairs from crisprQTLs validated enhancer 
– gene pairs from Gasperini [56] and eQTLs from GTEx 
[36]. The gene and bidirectional pairs were randomly 
shuffled 1000 times within each chromosome, and the 
overlaps with the crisprQTLs/eQTLs assessed.

RNA PolII ChIA‑PET supported pairs
Overlaps between the RNA PolII ChIA-PET loops and 
DBNascent pairs were performed using bedtools 
pairtopair. DBNascent pairs were defined as bidirec-
tional regions and gene promoters (± 1000bp around the 
TSS). The PolII ChIA-PET data was collected from the 
4D Nucleome program and ENCODE project [83–86]. 
See Supplementary Methods for a complete list of acces-
sion numbers utilized.

Evaluation of bidirectional region and gene pairs
The evaluation of bidirectional transcript and gene pairs 
was performed based on the recovery of GTEx eQTLs 
and ChIA-PET loops. Evaluation was performed on four 
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pair assignment methods: pairs assigned using (1) cor-
relations of transcripts (DBNascent Pairs), (2) assign-
ment of the closest bidirectional region to a gene (Closest 
Pairs), (3) correlations of bidirectional transcripts and 
genes from other chromosomes (Shuffled Chromosome 
Pairs), and (4) randomized gene and bidirectional pairs 
(Random DBNascent Pairs) (Supplementary Fig. S45). 
Additionally, the recovery of eQTLs from GTEx and PolII 
ChIA-PET loops was compared for matching tissue over-
laps to unmatched tissues (Supplementary Figs. S46 and 
S47). The medians between the recovery rates were com-
pared using a Wilcoxon rank sum test in R.

Nascent database structure : back‑end
The MySQL database backend for DBNascent was built 
using Python and SQLAlchemy. A front-end website for 
DBNascent [87] was built in Python using the packages 
Django and uWSGI and is served using nginx. The website 
is maintained by the IT group at the BioFrontiers Institute.
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