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SEgene identifies links between super
enhancers and gene expression across
cell types
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Enhancers are non-coding DNA regions that facilitate gene transcription, with a specialized subset,
super-enhancers, known to exert exceptionally strong transcriptional activation effects. Super-
enhancers have been implicated in oncogenesis, and their identification is achievable through histone
mark chromatin immunoprecipitation followed by sequencing data using existing analytical tools.
However, conventional super-enhancer detection methodologies often do not accurately reflect
actual gene expression levels, and the large volume of identified super-enhancers complicates
comprehensive analysis. To address these limitations,wedeveloped the super-enhancer to gene links
(SE-to-gene Links) analysis, a platform named “SEgene” which incorporates the peak-to-gene links
approach—a statistical method designed to reveal correlations between genes and peak regions
(https://github.com/hamamoto-lab/SEgene). This platform enables a targeted evaluation of super-
enhancer regions in relation to gene expression, facilitating the identification of super-enhancers that
are functionally linked to transcriptional activity. Here, we demonstrate the application of SE-to-gene
Links analysis to public datasets, confirming its efficacy in accurately detecting super-enhancers and
identifying functionally associated genes. Additionally, SE-to-gene Links analysis identifiedERBB2 as
a significant gene of interest in the lung adenocarcinoma dataset from the National Cancer Center
Japan cohort, suggesting a potential impact across multiple patient samples. Thus, the SE-to-gene
Links analysis provides an analytical tool for evaluating super-enhancers as potential therapeutic
targets, supporting the identification of clinically significant super-enhancer regions and their
functionally associated genes.

Enhancers are non-coding DNA elements that function as cis-regulatory
sequences, facilitating gene transcription through interaction with tran-
scriptional activators, thereby enhancing target gene expression1–4. While
enhancers are generally categorized into active and poised/inactive states,
active enhancers are frequently—but not exclusively—marked byH3K27ac
histone modifications, which are associated with enhancer functionality5–7.
A distinct subset of enhancers, termed super-enhancers (SEs), has been
identified and is noted for exerting markedly stronger transcriptional acti-
vation than typical enhancers8–10. SEs are characterized by dense signal
aggregation of transcription factors and H3K27ac in chromatin immuno-
precipitation sequencing (ChIP-seq) data, often forming clusters within
specific genomic loci. Studies have demonstrated that SEs are closely linked

to cellular pluripotency and tissue specificity8–12, and are structurally sup-
ported by three-dimensional assemblies comprising DNA, mediators,
transcription factors, and RNA polymerase II13.

Interest in SEs has grown in the oncology field, where aberrant SE
formation or depletion has been implicated in tumorigenesis, metastasis,
and therapeutic responses14,15. Thus, the accurate identification and analysis
of SEs are considered promising strategies for drug discovery and the
identification of therapeutic targets11. A commonly employed tool, rank
ordering of super-enhancers (ROSE), identifies SEs based on ChIP-seq
signal strength. This detection involves (1) defining enhancer regions based
on significantChIP-seq peak accumulation, (2)merging adjacent enhancers
to formcomposite SEs, and (3) ranking SEs by signal intensity to distinguish
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those surpassing a threshold as SEs8,10. However, the ROSE-generated SE list
merely represents enhancer clusters with enhanced marker signal intensity
and does not guarantee that all identified SEs exhibit transcriptional
superiority over typical enhancers12. Furthermore, the reliance onH3K27ac
signal strength as an SE marker remains contentious, with studies both
supporting and questioning its validity compared to other surrogate
markers8,9,16. ROSE also frequently yields an extensive list of SE candidates,
complicating detailed examination and prioritization based solely on signal
intensity.

Critically, the SE identification approach by ROSE depends exclu-
sively on enhancer-mark accumulation and does not incorporate RNA
expression data for activation validation. A possible solution is to align SE
regions with RNA expression data from the same sample to verify tran-
scriptional activity. However, standardized methods for cross-validating
ChIP-seq and RNA-seq data are currently lacking17,18, and the associa-
tions between enhancers and genes, as well as enhancers and promoters,
remain subjects of ongoing debate19–21. Although ensemble approaches
have been proposed to integrate multiple data sources22, such data may
not always be available, requiring users to collect, analyze, and interpret
information independently.

To overcome these challenges and provide an enhanced SE analysis
framework, we introduce the “super-enhancer to gene” (SE-to-gene) Links,
which integrates the peak-to-gene links methodology23, to examine the
correlation of SEs with gene expression. SE-to-gene Links accepts RNA-seq
and ChIP-seq data as inputs, and provides users with:
(1) Comprehensive correlation analysis of enhancer groups within

each SE.
(2) Network-based evaluations among SEs to elucidate inter-SE

relationships.
(3) Gene-targeted SE analysis for specific user-defined genes of interest.

In contrast to existing SEdatabases that compile public SEdata24–29, SE-
to-gene Links is tailored to analyze SEswithin user-specified sample groups.
Additionally, SE-to-gene Links is not designed for SE prediction8,10,30–34;
rather, it assesses ROSE-identified SEs by their correlation with gene
expressionwithin the user’s dataset. Significantly, SE-to-gene Links requires
onlyChIP-seq andRNA-seq inputs, eliminating the dependencyonHi-Cor
other spatial chromatin interaction data35,36. This feature ensures broad
applicability across diverse research contexts, thereby enhancing its utility as
a more precise tool for SE analysis.

Results
Design of the SE-to-gene Links analysis
This platform is designed to facilitate the analysis of sample groups with
ChIP-seq andRNA-seqdata, such as patient cohorts for a particular disease.
The workflow is structured as follows (Fig. 1):
1. Input data integration: The platform accepts ChIP-seq and RNA-seq

data as input for each sample in the dataset. Both data types undergo
preprocessing to ensure quality and consistency, preparing them for
cross-correlation analysis.

2. Super-enhancer (SE) detection: Using the ROSE algorithm8,10, can-
didate SE regions are identified within each sample’s ChIP-seq data.
This step provides a comprehensive list of SEs that are potential
regulatory hotspots based on histone modifications or transcription
factor binding sites.

3. Correlation analysis: The platform applies a peak-to-gene linking
method to assess correlations between SEs (identified from ChIP-seq
peaks) and gene expression levels (from RNA-seq data) within a
defined genomic range, typically ± 1Mbp from transcription start
sites23.Correlations are calculated and statistically evaluated togenerate
high-confidence peak-to-gene associations.

4. Filtered SE prioritization: By applying statistical thresholds to
the correlation results (e.g., false discovery rate and correlation
coefficient), SE regions with significant gene associations are
extracted from the broader SE list. This filtering process enables

targeted selection of SEs that are more likely to contribute to gene
regulatory networks.

5. SE-to-gene Links network mapping: For advanced analyses, the
platform can construct a network of SE-gene interactions, providing
insights into SE clusters and their functional implications within the
genomic landscape. This network visualization facilitates the identi-
fication of central SEs with potentially critical regulatory roles across
multiple samples or patient cohorts (Fig. 2).
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Fig. 1 | Overview of the SE-to-gene Links analysis. This pipeline integrates RNA-
seq andChIP-seq datasets to derive insights into super-enhancer (SE) networks. The
process begins with the extraction of gene expression profiles from RNA-seq data
and the generation of peak regions and BAM files from ChIP-seq data using the nf-
core packages58. Subsequently, the peak-to-gene links (P2GL) analysis calculates
correlation datasets between gene expression and ChIP-seq peak data. Simulta-
neously, the ChIP-seq peak and BAM data are processed using ROSE to identify
super-enhancer regions, referred to as “ROSE SE.” The super-enhancer dataset is
then refined by filtering it with the P2GL correlation data, resulting in a set of super-
enhancers designated as “Filtered SE”. These filtered SEs, along with the P2GL
correlation datasets, are utilized to construct an SE network graph, which provides
deeper insights into SE-gene associations. Note that tools are denoted by circles.
Aggregated individual datasets are depicted as overlapping squares, and cohesive
data collections are represented by double-outlined squares.
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Applicationof theSE-to-geneLinksplatformtocolorectal cancer
dataset
We utilized the public dataset GSE156614, comprising tumor tissue
samples from colorectal cancer patients (n = 72)37. This analysis allowed
us to examine correlations between candidate enhancer regions and
genes located within ±1M of transcription start sites. By applying a filter
with a false discovery rate (FDR) threshold of 0.05 and r > 0.5, we
identified significantly correlated peak-gene pairs, including an example
of correlation between the peak region at chr4: 68,573,594–68,573,929
and the UGT2B17 gene (Supplementary Fig. 1, a full list is provided in
Supplementary Data 1). Gene ontology (GO) analysis of the 1554 genes
identified through this filtering, conducted with g:Profiler38, revealed
multiple terms related to cellular development in GO:BP (Supplemen-
tary Table 1). Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway analysis further indicated significant enrichment in the Wnt
and Hippo signaling pathways, both extensively linked to colorectal
cancer (Supplementary Table 2)39–46.

Integrating peak-to-gene links data with ROSE output allows for a
refined evaluation of SE regions. In tumor sample T01 from theGSE156614
dataset, 221 of the 1371 SEs identified by ROSE (16.1%) demonstrated
significant overlap with peak-to-gene links data (Fig. 3a, b). Extending this
SE-to-geneLinks correlationanalysis across all tumor samples facilitated the
identification of overlapping SE regions. Merging these SE regions across
samples produced a distribution graph, highlighting SE presence across
genomic loci (Fig. 3c, a full list is provided in Supplementary Data 2), with
chr7:748,439–998,341 standing out as a region with substantial SE

concentration (Fig. 3d). Subsequent integrative genomics viewer (IGV)
analysis of this locus identified several genes with ADAP1 and CYP2W1
showing confirmed peak-to-gene correlations (Fig. 3e). Notably, CYP2W1
has documented links to colorectal cancer47, while ADAP1 have reported
associations with oncogenic processes48,49. To further validate the biological
relevance of this locus, we performed an independent annotation using
SEdb 2.0 and eRNAbase28,50, both of which provided comprehensive cata-
logs of SE regions annotated with tissue- and cell-type metadata. Notably,
the SE region at chr7:748,439–998,341, along with several other merged SE
regions, was recurrently annotated in the samples derived from colon or
colorectal tissues, which is consistent with the origin of the GSE156614
dataset (Supplementary Table 3). These findings underscore the tissue-
specific enrichment of the identified SE regions and further support the
robustness and biological relevance of themerged SE identification strategy.

In the most enriched region, chr1:1,109,435–1,174,178, our analysis
revealed a super-enhancer region enriched with genes such as LOC148413,
ATAD3A, NOC2L, and TMEM52. Among these, ATAD3A encodes a
mitochondrialmembrane protein implicated inmaintainingmitochondrial
function and structure51, while NOC2L is involved in transcriptional
repression and nucleolar organization52. However, the functions of
LOC148413 and TMEM52 are largely unknown. The identification of these
genes indicates that SEgenemay uncover previously unrecognized genomic
regions associatedwith colorectal cancer. Finally, we assessed the robustness
of themerged SE identification by performing ROSE analyses using a range
of stitching distances (5, 10, 12.5 kb [default], 15, 20, 25, and 30 kb; Sup-
plementary Table 4). Several high-ranking merged SE regions, such as
chr1:1,109,435–1,174,178 and chr7:748,439–998,341, consistently appeared
across the different parameters, though with slight boundary variations.
These findings suggest that the SEgene platform provides stable and
reproducible merged SE detection, with limited sensitivity to parameter
variations.

Representation of network hubs in theSE-to-geneLinksanalysis
Understanding the broad influence of SEs on genomic regulation is essen-
tial, as SEs play a pivotal role in orchestrating the expression of genes that
define cell identity and function. To investigate the extensive regulatory
impact of SE regions on their target genes, we first identified SE regions for
each cohort.When an SE is classified as “common” because it overlaps in at
least two samples, it captures shared regulatory elements that may exert
influence over large genomic domains across the entire cohort. This
approach highlights the extensive reach of SEs, which can coordinate the
expression ofmultiple genes across wide genomic regions, providing critical
insights into their role as master regulators of gene expression and their
potential contributions to genome-wide regulatory networks. Subsequently,
we constructed a three-layer network hub connecting common SE regions,
overlapping enhancer peaks, and target genes identified through SE-to-gene
Links analysis in the GSE156614 dataset. The resulting subgraphs, cate-
gorized bynode count, revealed anetwork structure characterized by several
large, densely connected subgraphs alongside numerous smaller subgraphs
comprising only a few nodes (full visualizations are available in Supple-
mentary Data 3). Notably, the merged SE network for the
chr7:748,439–998,341 genomic region confirmed the network architecture
involving ADAP1 and CYP2W1 gene expression and their enhancer peaks
associated with gene regulation (Fig. 4). This network hub visualization
highlights the potential regulatory role of super-enhancer regions in mod-
ulating gene expression within the cohort.

Application of the SE-to-gene Links platform to glioblastoma
dataset
Building on the previous analysis, we further investigated the publicly
available dataset GSE145646, which comprises tumor tissue samples from
patients with glioblastoma (GBM), including H3K27ac ChIP-seq data
(n = 34) and RNA-seq data (n = 32)53. Utilizing P2GL analysis, we explored
the correlation between candidate enhancer regions and genes located
within ±1Mbp of transcription start sites (FDR > 0.1 and r > 0.5). GO
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Fig. 2 | Conceptual framework of the SE-to-gene Links analysis and network
mapping. a Identifying SE-associated peaks: Peaks within a predefined search
window that show significant correlations with specific genes are identified using
P2GL analysis. SEs containing these correlated peaks are then selected for further
analysis. bMerging SE regions across samples: SE regions identified in multiple
samples are consolidated to form a unified region, referred to as a “Merged SE”. This
consensus SE region represents data integrated across all samples. cBuilding amulti-
layer network: In the same chromosomal region, the genes identified through P2GL
analysis, their associated peaks, and the corresponding merged SE are mapped as
shown in the upper section. These components are represented as nodes in a three-
layer network as illustrated in the bottom section.
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analysis of the 345 genes identified through this filtering revealed multiple
terms related to neural processes, including “axon guidance,” “neural crest
cell migration,” “visceral motor neuron differentiation,” and “regulation of
neuron apoptotic process” in the GO:BP (Supplementary Table 5). Subse-
quently, SE regions were evaluated by integrating the P2GL link data with
the ROSE output. In the tumor sample GBM01 from the GSE145646
dataset, ROSE identified 1,267 SEs, of which eight (0.8%) significantly
overlappedwith theP2GLdata (SupplementaryFig. 2a, b).By extending this
SE and gene correlation analysis across all samples, wemerged the data and
generated a distribution graph (Supplementary Fig. 2c). Notably,
chr12:57,818,379-57,907,246 emerged as a prominent SE-enriched domain
(Supplementary Fig. 2d), included GLI1, METTL1, XRCC6BP1, DTX3,
TSFM, DCTN2, and MARCH9. Notably, GLI1 is a member of the GLI
family of zinc finger proteins and serves as a nuclear mediator of the Sonic
Hedgehog signaling pathway, which regulates various aspects of early
central nervous systemdevelopment54.Aberrant activation ofGLI1has been
implicated in tumorigenesis, cancer growth, and self-renewal of cancer stem
cells. Similarly, METTL1 encodes a methyltransferase involved in RNA
modification, and its high expression has been significantly associated with
poor prognosis in patients with glioma, suggesting that it may serve as an
independent risk factor55. These findings underscore the significance of the
SE region identified on chromosome 12 and its potential regulatory influ-
ence on genes associated with GBM pathogenesis.

Application of the SE-to-gene Links analysis to lung adeno-
carcinoma without clinically actionable genetic alterations
As demonstrated in the analysis of the GSE156614 dataset, our platform
successfully generated interpretable results. Building on this, we subse-
quently applied the platform to lung adenocarcinoma (LUAD) cases from
the National Cancer Center Japan cohort56. This dataset focuses on LUAD
cases lacking clinically actionable genomic alterations (non-CAGA) but
exhibiting aberrant gene expression driven by structural abnormalities
around super-enhancer regions56. We evaluated the overlap of SE regions
extracted from the dataset and assessed the distribution of SE-associated
genes (n = 118). Following the SE-to-gene Links analysis, SEs identified in
individual samples were filtered and merged to evaluate the overall dis-
tribution of SE regions across the cohort (Fig. 5a, a full list is provided in
Supplementary Data 4). Notably, the chr17:39,508,684–39,870,304 region
exhibited the highest density of overlapping SEs, forming clusters indicative
of super-enhancer activity (Fig. 5b). This region contains ERBB2, a gene
previously implicated as a driver in non-CAGA LUAD cases (Table 1)56.
Our analysis identified a strong correlation between H3K27ac CPM values
within the merged SE region and the expression of ERBB2 and its

neighboring genes (Fig. 6)56. In contrast, when SEswere ranked solely based
on the ROSE algorithm across our LUAD cohort, the rankings of the SEs
associated with ERBB2 were distributed across a broad range from low to
high positions (Supplementary Fig. 3). This result corroborates prior find-
ings that ERBB2-associated super-enhancer formation is prevalent in non-
CAGALUADcases andhighlights its potential role in driving aberrant gene
expression across the cohort. The results underline the platform’s utility in
identifying super-enhancer-gene associations at both individual56 and
cohort-wide levels (this study). In particular, our platform identified
ERBB2-associated SEs, supporting the hypothesis that super-enhancer-
driven ERBB2 activation may be a shared mechanism across the cohort.
While its viability as a drug target requires further validation, this finding
demonstrates the platform’s capability to prioritize SEs with potential
therapeutic relevance.

Discussion
The ROSE algorithm is widely used for SE identification. However, it has
certain limitations. Primarily, ROSE relies on H3K27ac ChIP-seq data to
define enhancers, which may not capture the full spectrum of enhancer
activity, because some enhancers may not exhibit strong H3K27ac signals.
Additionally, the process of stitching adjacent enhancers within a pre-
defineddistance canbe arbitrary, potentially leading to inconsistencies in SE
identification57. To address these limitations,wedevelopedandvalidated the
SE-to-gene Links analysis, a novel platform designed to integrate P2GL
analysis with SE regions identified through ROSE. This approach facilitates
the functional association of SEs with gene expression, enabling the prior-
itization of biologically relevant SEs from the large number of candidates
identified by ROSE. By combining these methods, the platform provides a
robust framework for understanding the regulatory role of SEs in gene
expression. To demonstrate the utility of this approach, we first applied SE-
to-gene Links analysis to the publicly available GSE156614 dataset, which
includes colorectal cancer tissue samples37. This analysis successfully iden-
tified several SEs linked to genes with known roles in cancer, validating the
platform’s capability to uncover biologically meaningful SE-gene associa-
tions (Fig. 3e). The identification of these cancer-related genes highlights the
platform’s potential to uncover regulatory elements critical for tumor
biology. To further evaluate its applicability, we tested the platform on
LUADsamples from theNationalCancerCenter Japan cohort. The analysis
captured enhancer-gene associations within the ERBB2 genomic region,
consistent with previous studies demonstrating the role of the ERBB2 gene
in cancer56. Notably, these associations were observed across multiple
patients, reinforcing the platform’s ability to identify shared SE trends
within patient cohorts (Fig. 5). This result emphasizes the platform’s

Fig. 4 | Network hub representation in SE-to-gene
Links analysis using GSE156614. The merged SE
network was constructed using enhancer peaks
identified within the chr7:748,439–998,341 genomic
region, as highlighted in Fig. 3c. This visualization
demonstrates the connections between the merged
SE, enhancer peaks associated with gene regulation,
and target genes, providing insights regarding the
regulatory architecture underlying gene expression.
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Table 1 | The list of merged SE regions in LUAD cases from the National Cancer Center Japan cohort

Merged SE region SE count Sample count Gene list

chr17: 39,508,684-39,870,304 144 90 AC087491.1, STARD3, ERBB2, MIEN1, GRB7, PGAP3, MIR4728

chr17: 50,840,427-50,988,719 104 99 TOB1

chr12: 57,789,943-57,914,845 99 97 EEF1AKMT3, LINC02403, TSPAN31, METTL1, CDK4, TSFM, MARCH9, OS9, AC083805.1

chr20: 53,461,500-53,949,772 97 97 AL354993.2, AC005808.1

chr2: 20,411,108-20,648,763 93 83 AC023137.1, RHOB

chr1: 3,060,061-3,439,695 89 44 AL008733.1, PRDM16, AL354743.2, AL590438.1, PRDM16-DT

chr7: 54,397,595-55,219,019 77 48 EGFR-AS1, EGFR, SEC61G, ELDR, LANCL2, MRPS17, AC073324.1, CCT6A, AC074351.1,
NIPSNAP2, PSPH, CHCHD2

chr3: 45,921,160-46,017,087 75 75 CXCR6

chr2: 87,395,809-87,604,532 72 72 CD8A

chr17: 36,179,756-36,237,793 70 64 AC243829.1, CCL3L1

chr14: 103,044,456-103,177,781 70 70 EXOC3L4

chr9: 137,262,240-137,339,439 68 68 NRARP

chr20: 57,646,787-57,857,156 67 67 PMEPA1

chr20: 23,060,817-23,310,753 67 67 CST8

chr2: 231,101,775-231,433,680 66 49 B3GNT7, ARMC9

chr21: 32,402,725-32,537,702 66 63 EVA1C

chr17: 74,370,812-74,530,389 63 63 GPRC5C

chr9: 98,034,579-98,194,184 63 63 NANS

chr5: 1,376,034-1,597,379 62 60 LPCAT1, AC091849.2, SLC6A3

chr22: 37,448,927-37,596,280 61 50 CARD10, LGALS2, TST, BAIAP2L2

The top 20 regions are sorted bySE count. The table includes the number of cases (sample count) containing eachmergedSE region and the functionally associated genes presentwithin theseSE regions.
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sensitivity to clinically relevant enhancer-gene interactions, even in complex
cancer contexts such as LUAD.

Although the SE-to-gene Links analysis offers significant advantages, it
has several limitations. First, the reliance of the platform on enhancer-gene

associations inferred through P2GL, which primarily considers proximal
genomic regions,maynot fully capture the complexityof three-dimensional
chromatin interactions. SEs often regulate genes over long genomic dis-
tances through looping interactions. Without any direct chromatin

a b

dc

e f

Fig. 6 | Correlation analysis of the merged SE region at
chr17:39,508,684–39,870,304 and ERBB2 neighboring genes in LUAD from the
National Cancer Center Japan cohort. Genes identified by P2GL as having sig-
nificant Pearson correlation coefficients with SE peaks are displayed. The X-axis
represents log10-transformed TPM values, while the Y-axis represents log10-

transformed CPM values. The figure shows gene-specific Pearson correlation
coefficients for SEs within themerged SE region: (a)MIEN1, (b) STARD3, (c)GRB7,
(d) MIR4728, (e) AC087491.1, and (f) PGAP3. This visualization underscores the
strength of the associations between the merged SE region and the expression levels
of each gene.

https://doi.org/10.1038/s41540-025-00533-x Article

npj Systems Biology and Applications |           (2025) 11:49 7

www.nature.com/npjsba


conformation data, such as Hi-C or ChIA-PET, this analysis may miss
critical long-range regulatory links. Integrating these data types could
provide a more comprehensive understanding of SE-mediated gene reg-
ulation. For instance, Hi-C data can reveal topologically associating
domains (TADs), which are regions of the genome that interact more fre-
quently with themselves than with other regions, thereby influencing gene
regulation. Incorporating Hi-C data into SEgene could help identify such
domains and their interactions with SEs, leading to a more accurate
understanding of gene regulation mechanisms. Second, the platform’s
current dependency on ROSE for SE identification may introduce varia-
bility, as SE definitions can differ based on the specific algorithm or para-
meters used. Standardization of SE definitions across studies will be
necessary to ensure the reproducibility and comparability of results11. Third,
the analysis does not currently account for epigenetic or transcriptional
dynamics over time. SE activity can be highly context-dependent and
influenced by external stimuli or temporal changes, which are not captured
in static datasets. Expanding the platform to include temporal or stimulus-
dependent data could reveal dynamic regulatory relationships and enhance
its utility in studying transient or context-specific SE functions.

Despite these limitations, SE-to-gene Links analysis provides a prac-
tical means for researchers to systematically prioritize SE regions for further
functional studies. By leveraging enhancer-gene correlations identified
within a cohort, researchers can narrow their focus to SEs that are not only
active but also potentially critical in driving disease-specific gene expression.
This ability is particularly valuable in clinical oncology, where under-
standing the regulatory differences between tumor and normal samples is
key to identifying cancer-driving mechanisms56. A significant strength of
this approach lies in its capacity to pinpoint SE regions associated with
oncogenic transcription factor interactions. These interactions often
represent key regulatory nodes in cancer biology, offering insights into the
transcriptional programs driving tumorigenesis. By facilitating the identi-
fication of SEs with strong enhancer-gene links, the platform can prioritize
SEs that are not only active in oncogenesis but may also serve as actionable
therapeutic targets. In addition to its applicability in individual cohorts, this
platform can also be used to analyze large public datasets systematically. For
example, researchers could apply SE-to-gene Links analysis to select SEs
associated with specific pathways or phenotypes across multiple datasets,
enabling broader insights into SE function across diverse conditions. Such
systematic analyses may lead to the discovery of conserved SEs that act as
master regulators across cancers or otherdiseases, providing valuable targets
for drug development.

Future studies could expand the utility of this platform by integrating
additional data layers, such as chromatin accessibility, histonemodification
profiles, or proteomics. This integration would further enhance its ability to
identify SEs with critical roles in gene regulation and disease. Moreover,
extending this approach to non-coding RNA targets or long-range chro-
matin interactions could provide an even deeper understanding of the
regulatory landscape shaped by SEs. SE-to-gene Links analysis is a versatile
andpowerful tool for unraveling the complex regulatory networksmediated
by SEs. While limitations remain, its ability to prioritize functionally sig-
nificant SEs makes it a valuable resource in both basic and translational
research, particularly in the context of diseases such as cancer. As the field of
regulatory genomics continues to evolve, this platform has the potential to
play a central role in advancing our understanding of SE-mediated gene
regulation and its implications for precision medicine.

Methods
Preprocessing of the ChIP-seq and RNA-seq datasets
For eachChIP-seq andRNA-seq sample, alignment andquantificationwere
performed, resulting in peak data (CPM: counts per million) for ChIP-seq
and expression data (TPM: transcripts per million) for RNA-seq. The nf-
core pipelines (nf-core/chipseq and nf-core/rnaseq) were used for these
processes under standard conditions58. Briefly, rawChIP-seq fastqfiles were
aligned using BWA59, with peaks identified through MACS260. For RNA-
seq, TPM values were derived using Salmon61.

Acquisition of super-enhancer regions from individual ChIP-
seq data
Super-enhancer (SE) lists are generated using the ROSE algorithm on
processedChIP-seqdata, specifically utilizingbamandpeakbedfiles8,10. The
ROSE process designates input peak regions as enhancers, merges adjacent
peaks within a specified distance, ranks the resultant enhancer clusters by
signal intensity, and selects those surpassing a predefined threshold as SEs.
Initially, ChIP-seq bam and peak bed files are converted to gff format using
the awk command62. Following this conversion, SEs are identified with
ROSE using the following command:

python ROSE_main.py -g HG38 -i PEAK_GFF_FILE -r $INPUT_-
BAM -c $IP_BAM -o $OUTPUT_DIR -s 12500 -t 2500.

In this command, “-g HG38”, “-I”, “-r”, “-c”, “-o”, “-s” and “-t” des-
ignate the genome, input peak file in gff format, input bam file, control bam
file, output directory, stitching, and threshold parameters, respectively. This
approach allows for the systematic identificationof SE regions in thedataset.

Peak-to-gene links analysis for the ChIP-seq and RNA-seq
dataset
The peak-to-gene links (P2GL) approach, initially described by Corces
et al.23, evaluates Pearson correlation coefficients between ATAC-seq peaks
andgene expression.Here, it is adapted toassess correlations betweenChIP-
seq peaks and gene expression. The platform calculates Pearson correlation
coefficients between expression values (log2(TPM+ 1)) and peak values
(log2(CPM)) for peaks within a user-defined search window around the
transcriptional regulatory region. Given that enhancer-gene interactions
typically fall within ±1 Mbp63–65, this distance is set as the default, though
other values, such as 0.5Mbp, are also implemented. Correlation sig-
nificance is determined using randomly selected peaks from other chro-
mosomes, followed by FDR adjustments, to extract significant gene-peak
correlations. To obtain quantitative peak counts across samples, we utilize
the SCREEN-cCRE dataset66 as a reference for enhancer locations. The
specific steps are as follows:
1. Preparation of ChIP-seq CPM table: Using human cCRE-peak data

from GRCh38 as enhancer reference regions, we count ChIP-seq bam
files using featureCounts (v2.0.0)67 to create a table of CPM values for
each peak.

2. Preparation of RNA-seq TPM table: RNA-seq TPM data per gene is
compiled into a table. Using BioMart68, we append gene symbols with
genomic positions and transcription orientations.

3. Exclusion of lower 25% variance data: The bottom 25% by peak var-
iance in both ChIP-seq and RNA-seq tables is excluded from the
analysis.

4. Identification of candidate gene-peak sets: Gene-peak pairs within the
specified distance (default: ± 1Mbp) are designated as candidates.

5. Calculation of correlation coefficients: For all candidate pairs, Pearson
correlation coefficients (r) are calculated, with ChIP-seq CPM on the
x-axis and RNA-seq TPM on the y-axis.

6. Generation of random null distribution: For each gene, 10,000 peaks
from other chromosomes are randomly sampled to compute correla-
tion coefficients, establishing a null distribution and allowing for the
calculation of mean and standard deviation.

7. P-value and FDRcorrection:Using these statistics, p-values are derived
for each gene-peak pair, and FDR correction is applied via the
Benjamini-Hochberg method69 to identify significant gene-peak
correlations.

Evaluation of super-enhancer regions using P2GL data
The ROSE algorithm merges adjacent enhancer peaks within a specified
distance (default: 12.5 kb), ranks these merged regions by signal intensity,
and designates SEs based on an inflection point threshold8,10. We evaluated
SE regions fromROSE by intersecting themwith P2GL-identified enhancer
regions (FDR < 0.05, r > 0.5) to identify SEs that show positive correlations
with gene expression. Specifically, SE regions from ROSE and P2GL-
identified peaks with gene expression correlations are cross-referenced
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using bedtools70 through pybedtools71 in Python, thereby extracting SEs
functionally associated with transcription.

Visualization of network hubs in SE-to-gene Links analysis
Toexplore the interactions betweenmultiple SE regions and their associated
target genes, we classified SE regions as “common SEs” if they were shared
across at least two samples within a cohort. Leveraging the SE-gene analysis
framework, we devised a network-based approach to represent these asso-
ciations, integrating the concept of constructing networks informedby gene
correlation data72,73. For network analysis and visualization, we employed
the Python library NetworkX, ensuring a systematic and scalable approach
to graph generation74. A search range of ± 1Mbp, FDR threshold of <0.05,
and a Pearson correlation coefficient (r) cutoff of >0.4were applied to define
robust SE-gene correlations. Furthermore, only SEs duplicated inmore than
10 samples within the region defined as common SE were adopted as
common SE nodes in this analysis. These parameters accounted for the
complexity of multi-SE-to-gene relationships inherent to this model. In the
constructed network, each common SE served as a root node connected to
correlated enhancer peaks as intermediate nodes, whichwere further linked
to their associated target genes. Thenetwork structure inherently reflects the
multi-enhancer-to-gene relationships modeled by the P2GL analysis,
resulting in somegenes being associatedwithmultiple SEnodes. This design
facilitates a comprehensive and detailed representation of SE-gene inter-
actions, offering valuable insights into the regulatory architecture within the
cohort.

Data availability
All data analyzed in this study are included in the manuscript and its
supplementary materials. This study did not generate any data types
requiring mandatory deposition in public databases. The processed dataset
used for SEgene analysis is publicly available via Figshare at the following
https://doi.org/10.6084/m9.figshare.28171127. This dataset includes: (1)
GSE156614_tumor_RNA.csv and GSE156614_tumor_ChIP.tsv, contain-
ing transcriptomic and epigenomic data used for P2GL analysis; (2)
GSE156614_tumor_2000000.tsv, presenting integrated P2GL results; and
(3) GSE156614_SE_table.txt, summarizing ROSE analysis of super-
enhancer regions.

Code availability
The code for reproducing the SE-to-gene Links analysis is available in the
GitHub repository (https://github.com/hamamoto-lab/SEgene). A com-
prehensive Jupyter notebook is included in the repository in order to pro-
vide users with step-by-step instructions for data preprocessing, analysis,
and visualization.
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