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Divergent transcription is a critical marker of active transcriptional regulatory
elements (TREs), including enhancers and promoters, in mammals. However,
distal elements with unidirectional transcriptional patterns are often over-
looked, leaving their identity and function poorly understood. Here, we per-
form a systematic comparison between divergent and unidirectional elements,
revealing their distinct architectural and functional features. Our analysis also
shows that unidirectional elements have younger sequence ages and are under
weaker evolutionary constraints than divergent elements, suggesting that they
may represent a unique category of genomic regulatory function with more
recent origins. Furthermore, we investigate factors involved in transcriptional

directionality at TREs, with CTCF and ZNF143 showing dual, position-
dependent roles in transcriptional modulation. Overall, the elucidation of
directionality enhances our understanding of the diverse architectural models,
functional features, evolutionary dynamics, and regulatory logic of TREs.

Promoters and enhancers are two essential classes of transcriptional
regulatory elements (TREs) that play crucial roles in modulating the
genome’s regulatory programs in normal and disease states. Both
elements can generate extensive transcriptional activity, and under-
standing their molecular architecture is crucial to uncovering their
biological roles.

Active mammalian promoters often exhibit divergent transcription,
resulting in both a stable sense transcript that represents the annotated
gene, and an upstream antisense transcript that cannot elongate effi-
ciently beyond the promoter region'”. The directionality of promoters
can differ across various human tissues and conditions. A study of 376
samples from nine different tissue types, including cancer and benign
conditions, revealed lineage-specific and cancer-specific antisense
transcription®. Moreover, well-positioned CTCF and cohesin have been
demonstrated as a barrier against antisense transcription initiation at
divergent promoters*’. An explainable machine-learning model of
transcription initiation, Puffin®, also identified a few motifs with
orientation-specific effects at promoters, including TATA-box and YY1

In contrast to promoters, enhancers produce short-lived RNAs
called enhancer RNAs (eRNAs)’. The presence of divergent transcrip-
tion has been shown to be a more robust predictor of active enhancers
than classical epigenomic signatures (e.g., high chromatin accessi-
bility, enrichment of H3K4mel and H3K27ac)®’.

A study of eRNA transcription in human lymphoblastoid cell lines
derived from the Yoruba population identified -10,000 genetic var-
iants associated with the directionality of divergent enhancers, termed
directional initiation quantitative trait loci (diQTLs)". These diQTLs
are significantly enriched in the vicinity of enhancer transcription start
sites (TSSs), potentially affecting the core promoter motifs such as
Initiator (Inr) and TATA-like elements. Moreover, the study showed
that enhancer diQTLs are significantly associated with changes in gene
expression.

While divergent transcription is a well-documented phenomenon
in bulk transcriptome data, a recent study using C1 CAGE profiling has
challenged this paradigm by suggesting that eRNA transcripts may
arise from either strand in a mutually exclusive manner within
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individual cells". However, the low sequencing coverage limited the
detection of eRNAs, as exemplified by the identification of only 32
divergent enhancer loci with at least 10 reads in a minimum of 5 cells in
pooled single-cell data. Despite these technical limitations, the
occurrence of unidirectional transcription at enhancers remains an
intriguing phenomenon, warranting deeper investigation to fully
understand its underlying mechanisms and biological significance.

Recently, a comprehensive evaluation of RNA sequencing
approaches demonstrated that nuclear run-on assay with cap-
selection?” achieves the highest sensitivity and specificity for
detecting eRNAs™. In this study, we leverage the PRO-cap® assay to
identify a substantial number of unidirectional elements with sufficient
sequencing depth. This enables a systematic comparison of divergent
and unidirectional elements in terms of their architectural features,
functional characteristics, and evolutionary dynamics. Furthermore,
we investigate genetic determinants of transcriptional directionality at
TREs and identified CTCF and ZNF143 as factors with dual, position-
dependent roles in transcriptional modulation.

Results

Unidirectional elements have distinct architectural features

To examine transcriptional directionality at human enhancers and
promoters, we performed PRO-cap, which captures RNA polymerase I
(Pol 1I) initiation sites during nascent transcription at base-pair reso-
lution, on two replicates of the chronic myelogenous leukemia cell line
K562 (Supplementary Data 1). Using our recently developed tool, Peak
Identifier for Nascent Transcript Starts (PINTS)“, we identified a
comprehensive set of active TREs genome-wide and categorized them
into divergent elements (pairs of peaks on opposite strands within
300 bp of each other; n=34,031) and unidirectional elements (peaks
on only one strand; n =19,346) (Fig. 1a, b). To ensure a fair comparison
between divergent and unidirectional categories, we applied a strin-
gent set of criteria (see Methods for details) to derive elements for the
analysis presented in this manuscript (Supplementary Fig. 1a, b).

Beyond a binary classification of transcription patterns at TREs,
we assessed the transcriptional directionality of divergent elements
using a continuous metric, the directionality index (DI). This index is
derived from the difference between PRO-cap read counts on the plus
and minus strands relative to genomic coordinates, normalized by the
total read counts for each element, revealing a spectrum of direc-
tionality. While some divergent elements exhibit similar transcription
levels on both strands, others show pronounced, unbalanced tran-
scription on one strand, skewing their transcriptional directionality
(Fig. 1c). Although the distal category has a higher fraction of uni-
directional elements than the proximal category (Fig. 1b and Supple-
mentary Fig. 1b), among divergent elements, the proximal category
tends to exhibit higher absolute DI values than the distal cate-
gory (Fig. 1c).

To explore the architectural features of these divergent ele-
ments, we positioned the TREs at the midpoint between the two
prominent TSSs on the plus and minus strands (Supplementary
Fig. 1a). Both distal and proximal divergent elements were centered
on DNase peaks and marked by the histone modification H3K27ac at
their boundaries (Fig. 1d and Supplementary Fig. 1c). In the absence
of distinct peaks detected on the opposite strand, unidirectional
elements were anchored at the center of overlapping DNase peaks as
a proxy (Supplementary Fig. 1a). We observed that transcription
initiation at divergent and unidirectional elements occurs at variable
distances from the center of open chromatin regions, with histone
modification marks predominantly enriched on the same side that
exhibits higher PRO-cap signals. Moreover, unidirectional elements
have significantly lower signals for nascent transcription (PRO-cap)
and epigenomic features (DNase-seq and H3K27ac ChIP-seq) com-
pared to their divergent counterparts (Fig. 1d and Supplemen-
tary Fig. 1c).

To investigate protein binding patterns that may distinguish uni-
directional from divergent elements, we analyzed ENCODE ChIP-seq
data from 310 target proteins and observed significant differences.
Divergent elements show greater enrichment for most proteins sur-
veyed (Fig. 1e and Supplementary Fig. 1d), including RNA Pol Il and
general transcription factor components, consistent with their ele-
vated transcription levels measured by the PRO-cap assay. In contrast,
CTCF and cohesin components (RAD21 and SMC3) exhibit stronger
binding signals in unidirectional elements, suggesting their potential
involvement in establishing transcriptional directionality. Beyond
binding strength, we examined position-specific profiles and identified
four distinct clusters at divergent proximal elements (Supplementary
Fig. 1d, e and Supplementary Fig. 2). Cluster 1 is characterized by a
single strong tract in the upstream region and is mainly composed of
sequence-specific TF families. In cluster 2, proteins are bound on both
sides of divergent elements, and the side with higher PRO-cap signals
also exhibits stronger ChIP-seq enrichment. This cluster includes
transcriptional machinery (e.g., Pol Il subunits), epigenetic regulators
(e.g., PHF8), and SMAD signaling proteins (e.g., SMADS). Clusters 3 and
4 show increased binding on the opposite strand (i.e., the side with
lower transcriptional level), likely reflecting the presence of repres-
sors. In contrast, unidirectional proximal elements occupy a smaller
functional region, and proteins in cluster 2 primarily bind to the side
aligned with PRO-cap peaks. Distal elements display similar but less
clearly defined patterns. Collectively, these results demonstrate that
unidirectional elements have architectures distinct from divergent
counterparts.

Beyond the overall architecture, we examined the sequence
content of individual transcriptional units within each category.
Examination of single-nucleotide sequence preferences reveals two
symmetric arcs of enriched AT content in divergent elements, whereas
a similar pattern was detected on one side of unidirectional elements
where PRO-cap peaks were observed (Fig. 2a). Closer inspection shows
that each arc has a fainter parallel inner arc. Position-specific 3-mer
frequencies indicated that the inner and outer arcs represent TATA-
box-like and Inr-like sequences, respectively (Fig. 2b). Direct motif
scans of TATA-box, Inr, and downstream promoter region (DPR)
relative to prominent TSSs revealed that unidirectional TSSs and
maximum TSSs (prominent TSS on the side with more read counts) of
divergent elements have a slightly higher proportion of these motifs
compared to minimum TSSs (prominent TSS on the side with less read
counts) of divergent elements (Fig. 2c). Therefore, despite differences
in their overall architectures, divergent and unidirectional elements
have similar sequence content in individual core promoter regions.

Potential confounders for binary classification
To rule out potential confounders that may impact the binary classi-
fication of TREs, we first examined whether the absence of peaks on
the opposite side of unidirectional elements resulted from poor
sequence mappability. We evaluated the mappability using k-mers of
varying lengths (24, 36, and 50 bp)® based on the range of read lengths
detected (Supplementary Fig. 3a). Both divergent and unidirectional
elements have higher mappability than the random genomic back-
ground. Importantly, no apparent bias was observed in unidirectional
elements on the side lacking PRO-cap peaks (Supplementary Fig. 3b).
Insufficient sequencing depth could also potentially account for
the missing peak at unidirectional elements. To address this possibi-
lity, we downsampled our PRO-cap dataset of ~45 million (M) uniquely
mapped PCR-free reads to lower read counts (30, 20, 10, 5, and 1 M)
and performed peak calling on each downsampled dataset. We found
that at extremely low depth (<10 M reads), a significant number of
divergent elements are misclassified as unidirectional elements. These
misclassified elements exhibit substantial transcription detected on
the opposite strand at the original, higher sequencing depth (Sup-
plementary Fig. 4a,c), indicating that a sufficient sequencing depth is
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Fig. 1| Architectural features of divergent and unidirectional distal elements.
a Genome browser tracks of PRO-cap, DNase-seq, and H3K27ac ChIP-seq for a
representative divergent (top) and unidirectional (bottom) distal element. PRO-cap
tracks from two replicates are shown, with red and blue signals indicating forward
and reverse strands, respectively. b Genome-wide distribution of divergent and
unidirectional elements identified by PRO-cap across proximal and distal intra- and
intergenic regions. ¢ Distribution of directionality index for divergent elements
located in proximal and distal intra- and intergenic regions. d Metaplots and
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heatmaps of PRO-cap, DNase-seq, and H3K27ac ChlIP-seq signals at divergent and
unidirectional distal elements. The metaplots display average signals with 95%
confidence intervals for each assay, while the heatmaps show signals across the
element set, sorted by distance from the prominent TSS to the center. e Volcano
plot displaying ChIP-seq signal enrichment of DNA-binding proteins between
divergent and unidirectional distal elements. The divergent and unidirectional
groups were compared using two-sided Welch’s ¢ tests. P values were BH-adjusted
(padj) for multiple testing. Source data are provided as Source Data files.
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critical for accurate discrimination of unidirectional from divergent
elements. Therefore, to further explore the optimal sequencing depth
required, we utilized a deep learning model, ProCapNet', to assess
transcription potential based on DNA sequences. The model was
trained using peaks called at the original sequencing depth, with the
exclusion of those overlapping with unidirectional elements identified
at downsampled levels (profile task correlation: 0.520 + 0.006; count
task correlation: 0.774 £ 0.017). The predicted PRO-cap signals from
unidirectional elements across varying read depths show that
sequencing depths of ~20 M reads improve the accuracy of binary
classification (i.e., divergent versus unidirectional elements) (Supple-
mentary Fig. 4b, d).

Building on this, we directly assessed the stability of element
classification across downsampled PRO-cap datasets by comparing
classifications between consecutive depth pairs in both directions.
First, as coverage increased (e.g., 1M ~> 5 M reads), we quantified the
fraction of distal elements classified as unidirectional at lower depth
that (i) remained unidirectional, (ii) were reclassified as divergent, or
(iii) were not detected at higher depth (Supplementary Fig. 5a). Sec-
ond, as coverage decreased (e.g., 5M ~>1M reads), we quantified the
fraction of distal elements classified as divergent at higher depth that
(i) remained divergent, (ii) were reclassified as unidirectional, or (jii)
were not detected at lower depth (Supplementary Fig. 5b). Classifica-
tion consistency between depth pairs increased with sequencing
depth, and only a subset of divergent elements at higher coverage
were reclassified as unidirectional upon downsampling. To further
investigate the sources of classification discrepancies, we focused on
elements classified as divergent at higher coverage (Supplementary

Fig. 5b) and examined features associated with changes in classifica-
tion upon downsampling. We found that elements that changed clas-
sification are, on average, more weakly transcribed (Supplementary
Fig. 5¢) and show more skewed strand signals (i.e., increased DI; Sup-
plementary Fig. 5d) at higher coverage. This suggests that while
reduced read counts can contribute to misclassification, such effects
predominantly affect elements with pre-existing directional bias,
where reduced coverage further diminishes detectable signal on the
weaker strand. Similar patterns were observed for proximal elements
(Supplementary Fig. 6).

Given that stochastic sampling can increase the likelihood of
observing reads predominantly on one strand at low counts, we
applied the beta-binomial model to the original (non-downsampled)
dataset to assess whether the observed strand imbalance exceeds that
expected from stochastic sampling. We found that most loci classified
as unidirectional at full sequencing depth exhibit strand imbalance
beyond that expected from stochastic sampling, a pattern consistent
across read-count bins and between distal and proximal elements
(Supplementary Figs. 7, 8). These results indicate that unidirectional
elements identified at full sequencing depth are unlikely to be driven
primarily by low-count stochastic effects. We also observed that the
percentage of divergent elements exhibiting strand imbalance
increases with total read count. This trend is consistent with increased
statistical power at higher coverage, enabling detection of more
modest deviations from equal strand representation, and may also
reflect greater strand asymmetry among highly expressed divergent
elements (Supplementary Fig. 7e and Supplementary Fig. 8e).
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target gene expression following CRISPR perturbations to divergent and uni-
directional distal elements. d Schematic (top) illustrating the regulatory effects of a
unidirectional distal element on three target genes (MYO1D, TMEM9S, and SPACA3)
validated by CRISPR experiments. Below are PRO-cap, DNase-seq, and H3K27ac
ChIP-seq signal tracks for this element. Source data are provided as Source

Data files.

Taken together, our findings demonstrate that unidirectional
elements are not solely a product of experimental artifacts, poor
mappability, or insufficient sequencing depth.

A potential evolving process underlying directionality

Given the differences in overall architecture (i.e., one versus two
transcription units) and the similarity in sequence content of indivi-
dual transcription units, we hypothesized an evolving process from
unidirectional to divergent distal elements. We first examined the
sequence age of TREs, which, although not necessarily reflecting when
a sequence first gained regulatory activity, provides an upper bound
on the timing of activation. Sequence ages were assigned to TREs using
a syntenic block aging strategy, based on the evolutionary histories of
overlapping syntenic blocks from the UCSC 100-way alignment across
diverse species. We found that, while both divergent and unidirec-
tional distal elements are significantly older than random genomic
background, unidirectional elements are slightly younger than diver-
gent counterparts (Fig. 3a). Within both TRE groups, the side with
more PRO-cap reads tend to be older. To further assess evolutionary
constraint, we analyzed two complementary metrics: phyloP*, which
captures cross-species conservation, and context-dependent toler-
ance scores (CDTS)”, which reflect recent and ongoing purifying
selection in the human lineage. We observed that phyloP scores
delineate open chromatin regions, with the highest conservation at the

center for both TRE categories. Unidirectional elements exhibit a
narrower phyloP peak, in line with the smaller functional regions
observed in ChIP-seq profiles (Supplementary Fig. 2). The side with
higher PRO-cap signal, which is generally older, is also less tolerant to
genetic variation in the human population, as indicated by lower CDTS.
The observed evolutionary patterns are consistent regardless of the
anchoring strategy used, whether aligned at the element center
(Fig. 3a) or at prominent TSSs (Supplementary Fig. 9). Together, these
results suggest that unidirectional elements may represent functional
genomic units with more recent evolutionary origins.

To explore potential mechanisms underlying the evolutionary
transition from unidirectional to divergent transcription, we first
analyzed motif enrichment in each TRE category using HOMER™
(Supplementary Fig. 10a, Supplementary Fig. 11a, and Supplementary
Data 2). Divergent and unidirectional distal elements display largely
similar enriched motif types relative to background sequences. Nota-
bly, individual and composite motifs of GATA and TALI, a core TF
complex orchestrating erythroid differentiation and leukemia-related
transcription programs?, are strongly enriched in both TRE categories.
In contrast, CTCF/CTCFL and ZNF143/THAPI1 motifs show stronger
enrichment in unidirectional distal and proximal elements.

To gain deeper insight into motif-level differences, we next
focused on motif types with available ChIP-seq data in K562 and
examined several properties, including motif occurrence, match score,
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evolutionary conservation, and binding evidence. For most TFs, ele-
ments containing at least one instance of a given motif type show
broadly similar numbers of motif occurrences per element across the
two TRE categories (Supplementary Fig. 12a). Motif scores based on
the best-matching instance are also comparable, although CTCF/
CTCFL have higher scores in unidirectional elements, whereas ETS
family (proximal) displays elevated scores in divergent ones (Supple-
mentary Fig. 12b). PhyloP profiles further reveal increased conserva-
tion around ETS and AP-1 (distal) motifs in divergent elements, with
CTCF/CTCFL showing slightly elevated conservation in unidirectional
ones (Supplementary Fig. 10b, and Supplementary Fig. 13, 14). When
restricting to ChlIP-seq-supported instances, most motif types are
present in a larger fraction of divergent elements (Supplementary
Fig. 10c and Supplementary Fig. 11b), suggesting coordinated gains in
motif occupancy during the shift toward divergent transcription,
whereas CTCF/CTCFL motifs appear more frequently maintained in
unidirectional elements. Overall, these results highlight the potential
association between TF motif changes and transcriptional direction-
ality over evolutionary time.

Transposable elements (TEs) are well-documented as a prolific
source of regulatory elements, playing a crucial role in shaping the
human regulatory landscape**. To further explore the evolution of
TREs, we identified TE-derived distal elements by requiring that over-
lapping TE sequences be at least half the size of the TREs, as a con-
servative estimate. Approximately 25% of unidirectional elements,
slightly more than divergent ones, overlap with TEs (Supplementary
Fig. 15a). The proportion and enrichment of TE classes are similar
between unidirectional and divergent elements (Supplementary
Fig. 15b, c). Notably, long terminal repeat (LTR) elements are sig-
nificantly enriched relative to their genomic proportion, likely because
they often retain their original cis-regulatory sequences post-insertion
in the genome®.

To explore how the local regulatory environment influences the
fate of TEs, we examined their spatial relationships with the closest
non-TE TREs. We observed that TEs overlapping with TREs (d, and ds)
are significantly closer to non-TE elements compared to TEs not
overlapping with any TREs (d;), suggesting that TEs located near
existing regulatory elements are more likely to acquire regulatory
function themselves (Supplementary Fig. 15d). TEs overlapping with
unidirectional elements (d,), particularly those from LTR and long
interspersed nuclear element (LINE) groups, are farther from non-TE
divergent elements than TEs overlapping with divergent ones (ds).
These observations highlight an association between TE location and
TRE directionality, raising the possibility that unidirectional TREs may,
in some cases, evolve into divergent TREs over evolutionary time.

Unidirectional distal elements have gene regulatory functions
Considering their potentially recent evolutionary origins, we aimed to
determine whether unidirectional elements have acquired regulatory
functions. We first examined their genomic distribution relative to
genes and observed that unidirectional distal elements have similar
genomic distributions to their divergent counterparts (Supplementary
Fig. 16), implying that they may play a role in gene regulation.

To evaluate the regulatory potential of unidirectional distal ele-
ments, we employed the activity-by-contact (ABC) model* to predict
target genes in the K562 cell line. While a significant number of uni-
directional distal elements are predicted to regulate target genes, a
higher proportion of these elements have no predicted target genes
than divergent distal elements (Fig. 3b). This result can be attributed to
the lower activity of unidirectional distal elements, as indicated by
DNase and H3K27ac ChIP-seq signals, despite having relatively com-
parable average 3D genome contact frequencies across all tested
promoter-enhancer pairs with those involving divergent distal ele-
ments (Supplementary Fig. 17a). We further compared predicted tar-
get genes unique to either group or shared between both groups

(Supplementary Fig. 17b). The unique and shared target gene sets are
under similar selection strength as measured by loss-of-function
observed/expected upper bound fraction (LOEUF) scores®, and exhi-
bit comparable gene expression levels based on RNA-seq data (Sup-
plementary Fig. 17c,d). Bergman et al.** identified two classes of
promoters where P2 promoters showed stronger intrinsic activity and
less responsiveness to enhancers. Among the target genes unique to
unidirectional distal elements, there is a higher proportion associated
with P2 promoters, followed by those unique to divergent distal ele-
ments and shared ones (Supplementary Fig. 17e). Consistent with this
finding, the promoters of these target genes unique to unidirectional
distal elements display higher DNase and H3K27ac signals compared
to the other two groups (Supplementary Fig. 17f).

In addition to in silico target gene predictions, we evaluated the
regulatory effects of unidirectional distal elements using previously
curated CRISPR perturbation experiments”. Although a larger fraction
of divergent distal elements than unidirectional elements showed a
significant ability to activate expression of cognate genes, 23 uni-
directional distal elements were found to activate the expression of
their target genes (Fig. 3c). For instance, the deletion of one uni-
directional distal element significantly reduced the expression levels of
three target genes (MYOID, TMEM98, and SPACA3) by 30-40%
(Fig. 3d). Altogether, these results demonstrate that at least a subset of
unidirectional distal elements possess gene regulatory function.

CTCF binding blocks transcription initiation at TREs

Beyond the binary classification of divergent and unidirectional ele-
ments, we further investigated contributing factors underlying tran-
scriptional directionality along a continuous spectrum. Noting our
observation that CTCF and cohesin components are enriched in uni-
directional elements in the K562 cell line (Fig. 1e and Supplementary
Fig. 1d), we first examined whether these factors influence transcrip-
tional directionality at TREs. A previous study by the Blobel lab
demonstrated that CTCF regulates the directionality of divergent
promoters by blocking antisense transcription’. To determine if CTCF
also represses transcription initiation at enhancers, we performed
PRO-cap in the human colorectal carcinoma cell line HCT116, both
before and after inducing CTCF degradation using an auxin-inducible
degron system.

In the unperturbed HCT116 cell line, we observed higher levels of
CTCF and RAD21 ChiIP-seq signals at unidirectional distal elements
compared to divergent ones, consistent with our findings in the K562
cell line (Supplementary Fig. 18a). By further classifying divergent
elements based on their absolute DI (Ql representing the most
balanced elements and Q4 the most skewed), we found that highly
skewed elements exhibit stronger CTCF and RAD21 binding compared
to more balanced ones (Supplementary Fig. 18b).

Next, we investigated the impact of acute CTCF depletion on
transcription initiation at distal divergent and unidirectional elements.
For subsequent analyses, the maximum TSS side is defined as the side
with more read counts for divergent and unidirectional elements
before CTCF degradation, while the opposite side is termed the
minimum TSS side. We observed a significant increase in transcription
levels at 223 distal elements on the minimum TSS side following CTCF
loss (Fig. 4a, c¢), whereas the maximum TSS side remains largely
unchanged (Supplementary Fig. 19a). The majority (-95%) of these
transcriptionally upregulated elements are initially bound by CTCF,
providing further evidence for CTCF’s direct role in these transcrip-
tional changes (Supplementary Fig. 18c). Furthermore, CTCF-bound
elements in the upregulated group exhibit stronger CTCF and RAD21
binding compared to those in the unchanged group (Supplementary
Fig. 18d). Notably, a higher proportion of unidirectional and tran-
scriptionally skewed divergent elements, which have higher CTCF and
RAD21 binding signals, show an increase in transcription after CTCF
loss (Supplementary Fig. 18e). Moreover, elements with upregulated
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Fig. 4 | CTCF has a dual function in modulating transcription initiation.

a, b PRO-cap and CTCF ChiIP-seq browser tracks of two representative distal ele-
ments, showing either upregulated (a) or downregulated (b) transcription before
(untreated, UT) and after (treated, T) CTCF degradation. The positions of CTCF
motifs are indicated and PRO-cap signal tracks from two replicates are shown.

¢ Volcano plot of PRO-cap signals on the minimum TSS side of distal elements
before and after CTCF degradation. Differentially expressed distal elements are
highlighted in yellow for upregulation and green for downregulation. d Metaplots
of PRO-cap signals (RPM normalized, 10-bp bins) on the minimum TSS side of distal
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elements in the upregulated (left) and downregulated (right) groups, centered on
CTCF motifs. Metaplots display mean signals with standard errors. A schematic of
the CTCF motif position relative to transcription initiation sites is shown below
each panel. Created in BioRender. Chen, Y. (https://BioRender.com/i76a199).

e Same as (c), but for the maximum TSS side of distal elements. f Same as (d), but
for the maximum TSS side of distal elements. Created in BioRender. Chen, Y.
(https://BioRender.com/i76a199). g lllustration of CTCF’s dual function in mod-
ulating transcription initiation based on its position relative to transcription
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transcription are enriched at chromatin loop anchors (Supplementary
Fig. 18f) and chromatin domain boundaries (Supplementary Fig. 18g).
Thus, beyond the previous observation at promoters’, our results
indicate that CTCF occupancy at both proximal and distal TREs blocks
transcription initiation on one side, thereby tuning their transcription
directionality.

CTCF has a dual function in modulating transcription in a
position-dependent manner

Alongside the changes in transcription levels, we noted an intriguing
shift in TSS positions following the depletion of CTCF. For subsequent
analyses, downstream denotes the direction in which transcription
proceeds after a given TSS, while upstream refers to the opposite
direction. In the upregulated group, some divergent elements exhibit
an upstream repositioning of their minimum TSSs, moving closer to
their respective maximum TSSs (Supplementary Fig. 20a). In one
representative element, transcription initiates downstream of the
CTCF motif before degradation, but shifts upstream upon CTCF loss,
suggesting that CTCF normally blocks these cryptic TSSs (Supple-
mentary Fig. 20D, c).

To further evaluate the relationship between CTCF function and
its position relative to the TSS, we analyzed changes in transcription
initiation focused on the minimum TSS side of TREs centered on the
CTCF motif. We found that in the transcriptionally upregulated group,
the CTCF motif'is predominantly located downstream of the minimum
TSS (Fig. 4d). Conversely, in the transcriptionally downregulated
group, the CTCF motif resides in the upstream region, suggesting that
CTCF has a dual function in tuning transcription initiation depending
on its position relative to the original TSS. Similar trends were noted
when analyzing changes in PRO-cap signals at the maximum TSS side
(Fig. 4b, e, f). Moreover, our analysis of changes in the minimum and
maximum TSS sides revealed more elements in the upregulated and
downregulated groups, respectively (Fig. 4c, e). This pattern reflects a
biological bias towards identifying CTCF as a blocker on the minimum
TSS side, characterized by lower transcription levels, and as an acti-
vator on the maximum TSS side, characterized by higher transcription
levels. Collectively, these findings indicate that CTCF functions as a
transcriptional blocker when located downstream of the TSS and as an
activator when positioned upstream (Fig. 4g).

Furthermore, we observed that elements with upregulated tran-
scription at the minimum TSS side or downregulated transcription at
the maximum TSS side show limited changes in transcription levels at
their respective opposite sides (Supplementary Fig. 19a-d). Addition-
ally, transcriptionally skewed elements become more balanced either
by increasing transcription levels at the minimum TSS side or
decreasing them at the maximum TSS side following CTCF depletion
(Supplementary Fig. 19¢, f). Similar patterns were observed in proximal
elements (Supplementary Fig. 21), supporting a dual role for CTCF in
regulating the transcription levels and directionality of both distal and
proximal elements in a position-dependent manner.

Additional motifs critical for transcriptional directionality
of TREs
Since CTCF can only account for a limited proportion of elements with
skewed transcription patterns, we expanded our search for additional
contributors to directionality in a more systematic manner. We trained
a ProCapNet model using all elements found in the HCT116 cell line
before CTCF degradation (profile task correlation: 0.600 + 0.004;
count task correlation: 0.768 + 0.014) to identify motifs critical for
transcription level (Fig. 5a and Supplementary Fig. 22a). We reasoned
that motifs with orientation- and/or position-dependent effects on
total PRO-cap read counts could be a source of unbalanced tran-
scription between the two strands.

We first assessed whether the model has learned CTCF’s dual
function in transcription initiation. We predicted PRO-cap signals

before and after in silico deletion of CTCF motifs in elements with up-
or down-regulated transcription levels in the CTCF degron experi-
ments (using the same elements and motif positions as shown in
Fig. 4d-left, f-right). The model demonstrated the ability to predict
motif position-dependent changes consistent with our observations
from the CTCF perturbation experiments, even though it was trained
using only PRO-cap data obtained before CTCF degradation (Supple-
mentary Fig. 23).

Next, we examined which motifs exhibited orientation-dependent
effects on transcription levels. While most motifs do not show a clear
orientation bias, some (TATA box, CTCF, and ZNF143) are pre-
ferentially located on the same strand as the prominent TSSs of uni-
directional elements (Supplementary Fig. 22b). The lack of bias
observed for certain motifs, such as CREB and NRF1, can be attributed
to their palindromic sequences. On the other hand, orientation pre-
ference may arise from structural constraints. For instance, the
oriented interaction of TATA box binding protein to the TATA box
aligns with the assembly of a pre-initiation complex possessing a
unique polarity®. Additionally, CTCF acts as a structural regulator of
chromatin looping, where the orientation is crucial for loop topology
and gene expression®.

We then tested whether other TFs might also exhibit a dual
function in a position-dependent manner, similar to what was
observed with CTCF. Since the ProCapNet model learned CTCF’s dual
function solely from PRO-cap data before CTCF degradation, we rea-
soned that it might have also detected the dual function of other
motifs, if any, without requiring PRO-cap data obtained after knocking
down the corresponding TFs. We performed in silico deletion of motif
instances and compared the fold change in transcription levels on
either the minimum or maximum TSS side. In addition to CTCF, we
found that ZNF143, AP1, SP, and NFY also exhibit dual roles in mod-
ulating transcription at TREs (Fig. 5b). Specifically, these TFs are more
likely to activate transcription when located upstream of TSSs
(decreased transcription after deletion) while repressing transcription
when located downstream (increased transcription after deletion).

To experimentally validate the top candidate, we performed PRO-
cap assays in HEK293T dTAG lines before and after ZNF143 degrada-
tion. We observed differential PRO-cap signals at TREs, particularly
pronounced in proximal regions (Supplementary Fig. 24a,b). Regions
showing PRO-cap changes exhibited strong ZNF143 ChIP-seq binding
before treatment, which decreased following degradation (Supple-
mentary Fig. 24¢). In contrast, regions with unchanged PRO-cap signals
showed weaker baseline binding. These results demonstrate that the
observed PRO-cap changes are a direct consequence of ZNF143
degradation. Position-specific transcription profiles centered on
ZNF143 motifs confirmed the dual effects predicted by the ProCapNet
model trained in HCT116 cells (Fig. 5¢). Importantly, this experimental
validation in HEK293T cells demonstrated that these predicted effects
generalize across cell types. A ProCapNet model trained directly on
HEK293T PRO-cap data prior to ZNF143 degradation further recapi-
tulated motif position-dependent changes (Supplementary Fig. 25).
Taken together, motifs with orientation- and/or position-dependent
effects on transcription are potential contributors to transcription
directionality.

Discussion

Our high-quality PRO-cap data, combined with our peak calling tool
PINTS, enabled us to identify a comprehensive list of divergent and
unidirectional elements. Our systematic comparison of epigenetic
features, protein binding profiles, and sequence content revealed that
unidirectional elements have architectures that are distinct from those
of divergent elements. Furthermore, our data demonstrate that a
subset of unidirectional elements has acquired regulatory activity,
supported by in silico target gene predictions and CRISPR perturba-
tion experiments. Unidirectional elements typically have lower
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Fig. 5 | TFs with position-dependent dual functions in tuning transcription
initiation. a Schematic of deep learning model training and prediction, followed by
experimental validation of the top candidate identified by the model. Created in
BioRender. Yu, H. (https://BioRender.com/d9yuty2). b (Top) Schematic of in silico
motif deletion: motifs downstream of the minimum TSS were deleted to measure
fold changes in transcription at the minimum TSS side, and motifs upstream of the
maximum TSS were deleted to measure fold changes at the maximum TSS side.
Created in BioRender. Yu, H. (https://BioRender.com/u01b410). (Bottom) Boxplots
showing the resulting fold changes in predicted transcription levels at the
respective TSS sides following these deletions. The center line indicates the med-
ian; box limits represent the upper and lower quartiles; whiskers extend to 1.5x the
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interquartile range. Comparisons were performed using two-sided Mann-Whitney
U tests. BH-adjusted p values (padj) are displayed as follows: **, 0.001 <padj <0.01;
*+* padj <0.0001. ¢ PRO-cap and ZNF143 ChIP-seq browser tracks of two repre-
sentative proximal elements, showing either upregulated (left) or downregulated
(right) transcription before (untreated, UT) and after (treated, T) ZNF143 degra-
dation. The positions of ZNF143 motifs are indicated and PRO-cap signal tracks
from two replicates are shown. d Metaplots of PRO-cap signals (RPM normalized,
10-bp bins) for proximal elements with increased transcription at the minimum side
(left) or decreased transcription at the maximum side (right) upon ZNF143 per-
turbation, centered on the motif. Metaplots display mean signals with standard
errors. Source data are provided as Source Data files.

transcription levels, which may partly account for their weaker
enhancer potential relative to their divergent counterparts. This pat-
tern aligns with another study from our group®®, where nascent tran-
scription level was positively associated with enhancer activity across
LentiMPRA, ATAC-STARR-seq, and WHG-STARR-seq assays. Our ana-
lyses also suggest a potential evolutionary process underlying the
directionality of TREs. Future PRO-cap data from a diverse array of
species may provide more conclusive evidence for this progression.
Moreover, such data will enable the examination of how changes in
directionality at TREs can affect the transcription levels of target
genes, particularly those under positive selection that drive pheno-
typic adaptations over longer evolutionary timescales. In addition to
potential evolutionary mechanisms, TF blocking may also contribute,
at a more immediate regulatory level, to the establishment of uni-
directional elements. Consistent with this model, we observed that 3-
5% of unidirectional elements showed upregulation on the opposite
strand upon CTCF degradation, suggesting that TF-mediated blocking
contributes to restricting bidirectional activity at a subset of uni-
directional elements.

To assess the robustness of the main findings, we compared the
effects of directionality classification (divergent versus unidirectional)
in simple regression models (Y -~ classification) and fully adjusted ones

that additionally included log(PRO-cap total counts), GC content, and
mappability (Supplementary Table 1). In the simple models, direc-
tionality classification showed significant associations in the expected
direction (i.e., divergent elements exhibited higher DNase-seq and
H3K27ac signals, more target genes, higher phyloP, and lower CDTS).
In the fully adjusted models, directionality classification remained
significant for DNase-seq total counts, H3K27ac total counts, and
number of target genes, with attenuated but directionally consistent
effect sizes, indicating that classification captures regulatory differ-
ences beyond the included covariates. In contrast, phyloP and CDTS
showed weaker unadjusted associations that were not robust to cov-
ariate adjustment. Interpretation of the adjusted associations is com-
plicated by the role of log(PRO-cap total counts), which may function
as a partial mediator if divergent architecture drives greater tran-
scriptional output. In this case, adjustment may distort the estimated
effect of directionality classification, so a non-significant coefficient
after adjustment does not necessarily indicate the absence of a
directionality effect, but may reflect shared biological signals among
correlated features.

In addition, we explored other contributors to directionality using
the CTCF and ZNF143 degron system coupled with PRO-cap, as well as
ProCapNet deep learning models. We identified several TFs with dual
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functions in modulating nascent transcription based on their relative
positions to the TSS. Interestingly, another group recently reported
this spatial grammar through independent lines of functional
evidence”, including TF perturbation (NRF1 and YY1 knockdown
csRNA-seq data in human U20S cells; NFY knockdown Start-seq data in
mouse embryonic fibroblasts), natural genetic variation (csSRNA-seq
data in bone-marrow-derived macrophages from two mouse strains;
PRO-cap dataset of 67 human lymphoblastoid cell lines), and TSS-
MPRA. Our study adds to this growing body of evidence by char-
acterizing high-quality CTCF and ZNF143 perturbation datasets with
the following advantages'*: 1) PRO-cap offers better sensitivity and
specificity in eRNA detection compared to csRNA-seq and Start-seq; 2)
PRO-cap can identify precise TSS positions of TREs; and 3) our study
utilized PINTS, which outperforms HOMER, the peak-calling tool used
in their study, in identifying active TREs genome-wide. Additionally, we
employed deep learning models to decode the spatial grammar of
other TFs, providing complementary evidence for position-dependent
functional profiles.

We also acknowledge the potential limitations in our study. To
systematically delineate the features of unidirectional TREs, we per-
formed stringent filtering of the elements to ensure the quality and
fairness of the comparative analyses. While this approach enhanced
the clarity of our findings, it also led to the exclusion of certain ele-
ments that may warrant further investigation in the future. For exam-
ple, unidirectional elements that do not overlap with DNase peaks
were excluded from our analyses. However, this exclusion does not
necessarily indicate that these elements are merely noise. Instead, it is
plausible that their presence could reflect the higher sensitivity of the
PRO-cap assay or differences in cell populations assayed by PRO-cap
and DNase-seq experiments. Additionally, elements with other TREs
within a 500 bp region were excluded from this study because we were
unable to confidently dissect the contribution of individual TREs,
which could have confounded our analyses. Future studies on these
elements could yield new insights into the interaction and coordina-
tion among TREs, potentially uncovering complex regulatory
networks.

Overall, our dissection of the mechanistic underpinnings of
transcriptional directionality augments our understanding of the rules
and logic governing gene regulation.

Methods

Preparation of PRO-cap libraries

Library preparations for two replicates, each with 10 million K562 cells,
were conducted as previously described*>*, Likewise, we generated
PRO-cap libraries from two replicates of 10 million HCT116 cells,
genetically modified using CRISPR to target H. sapiens CTCF and O.
sativa LOC4335696*, before and after 6-h treatment with 1puM 5-
phenyl-1H-indole-3-acetic acid. In addition, we performed PRO-cap on
two replicates of 10 million HEK293T cells in which ZNF143 had been
endogenously C-terminally tagged with a dTAG using CRISPR*™,
before and after 6-h treatment with 500 nM dTAGV-1. Briefly, the cells
were permeabilized, followed by run-on reactions. After isolating RNA,
two adaptor ligations and reverse transcription were performed using
custom adaptors. 5’ cap selection reactions were conducted between
adaptor ligations through a series of enzymatic steps. RNA washes,
phenol:chloroform extractions, and ethanol precipitations were per-
formed between reactions, all under RNase-free conditions. Libraries
were sequenced on lllumina’s NovaSeq platform after PCR amplifica-
tion and library clean-up. Details of library information can be found in
Supplementary Data 1.

Data preprocessing

This dataset was managed and analyzed using the Resource Manage-
ment System (https://github.com/aldenleung/rmsp/). Raw reads were
preprocessed with fastp36 (v0.23.4) for adapter trimming and unique

molecular index (UMI) processing, retaining only reads >18 bp for
downstream analyses. The processed reads were aligned to the human
reference genome hg38 (GCA_000001405.15) and ribosomal DNA
(U13369.1) using STAR37 (v2.7.11a). For the HCT116 PRO-cap library
with Drosophila spike-in, the alignment also included the Drosophila
reference genome (dmé). Uniquely mapped reads were filtered with
samtools38 (v1.18) and deduplicated using umi_tools39 (v1.1.5). The
PCR-free, uniquely mapped reads obtained from replicates of each
sample were converted to bigwig format and merged with biodata-
tools (v0.0.7) for peak calling.

Identification and post-processing of TREs

We performed peak calling with PINTS (v1.1.10), using the parameter
--min-lengths-opposite-peaks set to 5. The identified peaks were then
classified into two categories: (1) divergent peak pairs that consist of
peaks located on opposite strands and within 300 bp of each other,
and (2) unidirectional peaks that originated from only one strand.
These elements were further divided into proximal (within £500 bp)
and distal (outside +500 bp) categories based on their distances to
TSSs of all genes annotated by GENCODE v37*°,

All elements were resized to a+250 bp window centered on the
anchor point to minimize size-related bias in subsequent analyses. For
divergent elements, the anchor point was defined as the midpoint
between prominent TSSs on the plus and minus strands. For uni-
directional elements, the center of overlapping DNase peaks was used
as a proxy. To do so, the following inclusion criteria were specifically
applied for unidirectional elements: (1) overlapping with DNase peaks;
and (2) the center of the DNase peak must be appropriately positioned
(i.e., on the left of the prominent TSS if the unidirectional element is on
the forward strand, or on the right if on the minus strand). The resized
divergent and unidirectional elements were further filtered using the
following exclusion criteria: (1) elements extending beyond chromo-
some ends; (2) overlapping with ENCODE blacklist regions*; (3) ori-
ginal peak region not fully contained within the resized region; and (4)
overlapping with any other elements.

Metaplots and heatmaps

To make the comparison and visualization more straightforward in the
metaplots, the sides with more PRO-cap read counts were flipped to
the right regardless of their relative orientation to genomic positions.
The random genomic regions depicted in the metaplots were gener-
ated as controls with the following criteria: (1) matched on chromo-
some number and element size, and (2) not overlapping GENCODE v37
exon regions and ENCODE blacklist regions. For metaplots in 10-bp
bins, signals are summed within consecutive 10-bp windows tiled from
the anchor point outward. The anchor bin (position 0) spans -5 to
+4 bp relative to the anchor point, and each flanking position +n
represents a 10-bp window whose center is 10n bp from the anchor.
Signals are summed within each bin for each element before averaging
across elements. In the heatmaps, elements were sorted based on the
distance between their prominent TSSs and the anchor points. Any
deviations from this sorting method were carefully noted.

Annotating elements with protein binding features

We downloaded human TF ChIP-seq narrowPeak bed files in K562 cells
under unperturbed conditions from the ENCODE database*?, com-
prising 430 datasets targeting 310 proteins. For datasets processed by
the ENCODE4 pipeline, we used “IDR thresholded peaks,” and for
datasets only available from the ENCODE3 pipeline, we used “optimal
IDR thresholded peaks.” When both replicate-level and pooled files
were available, we consistently analyzed the pooled files. To annotate
elements with protein binding features, we overlapped them with all
narrowPeak files. For a given dataset, each element was assigned the
maximum signalValue of any overlapping peak, or O if no peak over-
lapped. We then computed the fold-change (FC) of average signals
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between divergent and unidirectional categories. This analysis was
restricted to datasets where both groups had non-zero means and at
least one group contained a minimum of 30 elements with non-zero
values. P values were calculated using two-sided Welch’s ¢ tests, fol-
lowed by Benjamini-Hochberg (BH) correction. Enrichment was
defined as |[FC | > 1.5 and adjusted p values (padj) <0.05.

Clustering of protein binding profiles

We downloaded the corresponding “fold change over control” bigWig
files for all datasets used in the “Annotating elements with protein
binding features” section. For each dataset, we focused on a 1kb
window centered on each element and computed the average ChlIP-
seq signal at each position across all elements. To enable fair com-
parison across datasets with different sequencing depths, position-
specific signals were converted to Z-scores within each dataset.
K-means clustering (k =4, selected using the elbow method) was per-
formed for the divergent proximal category, which showed the clear-
est patterns. For proteins with multiple datasets, we evaluated
consistency across datasets: if more than half of the datasets assigned
the protein to the same cluster, inconsistent datasets were removed;
otherwise, all datasets for that protein were excluded.

Detection of core promoter elements

The presence of an initiator (Inr) was annotated for each prominent
TSS when the sequence of -3 to +3 matched the consensus sequence
BBCABW. The TATA box (32 to —21 relative to the prominent TSS) and
the downstream promoter region (DPR) elements (+17 to +35 relative
to the prominent TSS) were identified using a previously published
support vector regression model*’,

TF motif features

We performed known motif enrichment analysis for each TRE category
using HOMER’s default motif database, with background sequences
matched for GC content and length. Significant motifs (HOMER p
value <1e-10) in any TRE category were retained as the union set. The
complete enrichment results are provided in Supplementary Data 2.
To provide a concise overview of motif enrichment (Supplementary
Fig. 10a, and Supplementary Fig. 11a), we grouped motifs by sequence
similarity. Similarity was assessed using Tomtom, and motifs were
hierarchically clustered based on -logio(g value). For each sequence-
similarity group within a given TRE category, we displayed one
representative motif showing the strongest enrichment, limited to
motifs whose corresponding TF has TPM >1 in K562.

For subsequent analyses, we shifted from TF families to individual
motif types, restricting to those with available ChIP-seq data in K562 to
ensure a consistent set across analyses and examine multiple aspects
of these motifs. Because different analyses address distinct biological
questions, we applied tailored strategies for selecting motif instances.
For motif occurrence per element, motif scores and phyloP analyses,
ChlIP-seq support was not required, allowing assessment of intrinsic
sequence features and evolutionary constraint across TREs, while
providing a complementary perspective to the ChIP-seq-supported
motif enrichment analysis.

Motif occurrence per element

To quantify how often each motif appears in divergent versus uni-
directional elements, we considered elements with at least one
instance of a given motif type. Overlapping instances of the same motif
type were merged, and the number of non-overlapping occurrences
per element was counted to provide a more conservative estimate of
motif frequency.

Motif scores and phyloP
To examine the strength of motif matches and local evolutionary
constraint, we selected the single best-matching instance of each motif

type per element. HOMER motif scores reflect the similarity between a
sequence and the position-weight matrix (higher scores indicate
stronger matches). Motif scores were compared between categories
using Mann-Whitney U tests, followed by BH correction. For phyloP
analysis, we plotted position-specific scores in a 30-bp window cen-
tered on each motif (Supplementary Fig. 13, 14), accounting for their
orientation. In Supplementary Fig. 10b, phyloP profiles were aligned
with sequence logos.

Motif enrichment

To compare divergent and unidirectional TREs directly, we performed
enrichment analyses using best-matching motif instances that also
overlapped a ChIP-seq peak (Supplementary Fig. 10c, and Supple-
mentary Fig. 11b). This yields a high-confidence set supported by both
sequence and binding data. We used Fisher’s exact test followed by BH
correction.

ProCapNet model training

We trained the ProCapNet models (https://github.com/kundajelab/
ProCapNet) for each biosample (K562, HCT116 prior to CTCF degra-
dation, and HEK293T prior to ZNF143 degradation) using default
parameters except that we set in_window as 1000, out_ window as 500,
and source_fracs as [1,0]. To ensure sufficient training dataset, we
included all bidirectional and unidirectional elements (direct output
from PINTS without additional filtering). For the model discussed in
the “Potential confounders for binary classification” section, we addi-
tionally excluded elements that overlapped with unidirectional ele-
ments we aimed to predict at various downsampled levels. In the
“Additional motifs critical for transcriptional directionality of TREs”
section, we computed base-level contribution scores using
DeepSHAP** and applied TF-MoDISco® to identify de novo motifs from
these scores. The resulting sequence patterns were matched to known
TF motifs using TOMTOM. Motif instances from the filtered set of TREs
(see the “Identification and post-processing of TRES” section) were
called with Fi-NeMo (https://github.com/kundajelab/Fi-NeMo), which
leverages contribution scores for improved sensitivity and specificity.

Statistical testing of strand imbalance

We applied an empirical Bayes beta-binomial model to the original
K562 PRO-cap dataset (the processed elements in the section “Identi-
fication and post-processing of TREs”) to test whether observed strand
imbalance exceeds stochastic sampling expectations at a given read
count. This framework explicitly accounts for sampling variability
while allowing overdispersion across elements. We defined p as the
proportion of forward reads and modeled its distribution across ele-
ments using a beta distribution with a = 3, such that the distribution is
symmetric around p = 0.5. We started with empirical Bayes, where the
parameter a was estimated separately for distal and proximal elements
using maximum likelihood. Simulations from the fitted beta-binomial
model accurately recapitulated the observed distribution of forward-
read proportions (Supplementary Fig. 7a, and Supplementary Fig. 8a),
indicating that the model captures the underlying variability in the
data. Furthermore, consistent with empirical Bayes shrinkage, pos-
terior mean estimates for low-count elements were pulled toward 0.5,
whereas estimates for high-count elements remained close to their
observed values (Supplementary Fig. 7b, and Supplementary Fig. 8b),
demonstrating that the model appropriately accounts for sampling
uncertainty in a count-dependent manner. The percentage of elements
with posterior probability > 0.99 of being biased toward either strand
(i.e., Pr(p>0.5) > 0.99 or Pr(p < 0.5) > 0.99) was calculated across read-
count bins. We also tested other prior distributions with Jeffreys prior
(a=p=0.5, a non-informative, U-shaped prior), uniform prior
(a=p=1, a flat prior that assigns equal density to all values of p), and
a==2 (a bell-shaped prior that strongly favors values around
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p=0.5), to test whether the pattern of strand imbalance beyond
sampling noise is robust across these choices.

Target gene prediction

We employed the ABC model to predict enhancer-gene interactions in
the K562 cell line, following the protocol described in (https://abc-
enhancer-gene-prediction.readthedocs.io/en/latest/). A threshold of
0.025 was chosen as it achieved 70% recall in the CRISPR benchmark
following the pipeline described in (https://github.com/EngreitzLab/
CRISPR_comparison). We assigned our PRO-cap distal elements to ABC
regions that have an overlapping length of at least half the
element size.

Enhancer-gene interactions validated by CRISPR screens

To validate the regulatory effects of our distal elements, we intersected
them with regions screened by CRISPR experiments curated at
(https://github.com/EngreitzLab/CRISPR_comparison), requiring an
overlapping length of at least half the element size.

Sequence age and evolutionary metrics

To estimate the sequence age of TREs, we employed a syntenic block
aging strategy as described by Fong et al.”. We obtained the hg38 100-
way vertebrate Multiz alignment data from the UCSC database*® and
assigned an age to each syntenic block based on the most recent
common ancestor (MRCA) of the species in the alignment block. To
simplify the analysis, we grouped MRCA nodes into 10 age categories
and reported the age as the oldest ancestral branch. phyloP scores
(100-way) were downloaded from the UCSC database to measure the
conservation across species, while CDTS computed on 7794 unrelated
individuals was obtained from the literature” to assess recent and
ongoing purifying selection in the human lineage.

Annotation of TE-derived TREs

Genomic TE annotations were obtained from RepeatMasker*’. TE-
derived distal elements were defined by requiring overlapping TE
sequences to be at least half the size of the TREs, which serves as a

conservative estimate. The enrichment of TE families for TREs was
No.TREs derived from TEs in a given family/No.total TREs
calculated as IOg 2 Total length of TEs in a given family/Genome size

CTCF-related analysis

We only included elements present in the HCT116 cell line before CTCF
degradation. All elements were resized to a + 250 bp window centered
on the anchor point, as described in the “Identification and post-
processing of TREs” section to quantify transcriptional changes in the
maximum and minimum TSS sides. Differential expression analysis
was performed using DESeq2 with thresholds set as [FC | > 1.5 and padj
<0.05. We used FIMO*® with default parameters to identify matches
for the CTCF motifs (MA0139.2, MA1929.2, and MA1930.2) in the JAS-
PAR database*. For motif-centered plots, instances from different
motif variants were aligned based on a shared core motif sequence.
Only elements with high-confidence CTCF motifs and confirmed ChIP-
seq binding in unperturbed HCTI116 cells (ENCSROOODTO) were
included to ensure precise positioning. For visualization of repre-
sentative loci, we used CTCF ChIP-seq data from Auxin-treated and
untreated HCT116 CTCF degron cells (GSE179540).

We evaluated the proportion of CTCF motifs located at chromatin
loop anchors using the CTCF chromatin interaction analysis by paired-
end tag sequencing (ChIA-PET) data in HCT116 (ENCFF431BUN)
obtained from the ENCODE database. The insulation scores were cal-
culated using Hi-C data in HCT116 (ENCFF5730P)) with window size of
30 kb via cooltools*’. Locations with lower scores, indicating reduced
contact frequencies between upstream and downstream loci, are often
referred to as boundaries.

ZNF143-related analysis

We only included elements present in the HEK293T cell line before
ZNF143 degradation. All elements were resized to a =250 bp window
centered on the anchor point, as described in the “Identification and
post-processing of TREs” section to quantify transcriptional changes in
the maximum and minimum TSS sides. Differential expression analysis
was performed using DESeq2 with thresholds set as [FC | > 1.5 and padj
<0.05. We used FIMO to identify ZNF143 motif instances using
position-weight matrices from JASPAR (MA0088.2) and a motif
derived from TF-MoDISco. For motif-centered plots, instances from
different motif variants were aligned based on a shared core motif
sequence. Only elements with high-confidence motifs and confirmed
ChIP-seq binding in unperturbed HEK293T cells (GSE266489) were
included to ensure precise positioning,.

Regression analysis

We fitted regression models separately for distal and proximal ele-
ments. Directionality classification (coded as O = unidirectional, 1 =
divergent) served as the primary predictor, with adjustment for log(-
PRO-cap total counts), GC content, and mean mappability. Variance
inflation factors (VIFs) were computed for all predictors, and no sub-
stantial multicollinearity was observed (all VIFs <5). We modeled
multiple element-level features as outcomes, including DNase-seq
total counts, H3K27ac ChIP-seq total counts, the number of target
genes (for distal elements only), maximum phyloP (higher values
indicate stronger conservation), and minimum CDTS (lower values
indicate greater intolerance to variation). Negative binomial regression
was used for count outcomes (DNase-seq total counts, H3K27ac total
counts, and number of target genes) to account for overdispersion.
Ordinary least squares regression with heteroskedasticity-robust
standard errors was used for continuous outcomes (phyloP and
CDTS). We evaluated the effect of directionality classification in both
unadjusted models (Y ~ classification) and fully adjusted models
including covariates. P values for the directionality classification pre-
dictor were adjusted using BH correction.

Statistics and reproducibility

No statistical method was used to predetermine sample size. The
experiments were not randomized. The Investigators were not blinded
to allocation during experiments and outcome assessment. PRO-cap
replicates were highly reproducible, with Pearson correlation coeffi-
cient of 0.90-0.94 for read counts in 50-bp genomic bins.

Schematics

All schematics in Figs. 4, 5, and Supplementary Figs. 1, 15, 20, 21, and 23
were created using BioRender, with the appropriate publication
licenses.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The raw and processed PRO-cap datasets have been deposited in the
ENCODE portal and publicly available under the following accession
numbers: K562 (ENCSR220XSM); HCT116 CTCF_U (ENCSR165QKR);
HCT116 CTCF_T (ENCSR2610WE); HEK293T ZNF143 U
(ENCSR473KVF); HEK293T ZNF143_T (ENCSR733DAS). The raw PRO-
cap sequencing data are also available in the NCBI SRA under the
following accession numbers: K562 (SRX27358268 and SRX27358269);
HCT116 CTCF_U (SRX18485643 and SRX18485644); HCT116 CTCF_T
(SRX18485830 and SRX18485831); HEK293T ZNF143 U (SRX33762549
and SRX33762550); HEK293T ZNF143T (SRX33762551 and
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SRX33762552). Source data are provided with this paper (https://doi.
org/10.5281/zenod0.20672301 [https://zenodo.org/records/
20672301])°". A detailed summary of the public datasets is listed at
https://github.com/haiyuan-yu-lab/TRE_directionality/blob/main/
data_preprocessing/2.0ther_resources.ipynb.

Code availability

All code is available at the GitHub repository https://github.com/
haiyuan-yu-lab/TRE_directionality under the MIT License and archived
on Zenodo (DOI: 10.5281/zenodo.20672574 [https://zenodo.org/
records/20672574])%
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