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SUMMARY:
This protocol provides a streamlined computational pipeline for quantifying nascent enhancer transcripts. By integrating chromatin accessibility, chromatin feature, and transcriptional data, it enables accurate detection and strand-specific analysis of enhancer activity in complex intragenic regions, while remaining accessible to researchers without extensive bioinformatics training.

ABSTRACT:
Core cis-regulatory elements known as enhancers play a central role in enabling precise transcriptional regulation of target genes that control diverse cellular functions and developmental processes. These enhancers are often transcribed in both directions, producing long non-coding transcripts referred to as enhancer RNAs (eRNAs). The expression of eRNAs is closely linked to active chromatin features, such as H3K27ac and co-activator recruitment, and functionally contributes to the transcriptional activation of target genes. The detection and quantification of eRNAs remain challenging, especially when they overlap with host-gene transcription. To address this, we present a standardized, user-friendly computational workflow for analyzing enhancer transcription from nascent RNA sequencing data. The protocol guides users through data preprocessing, read mapping, and quality control, followed by strand-specific quantification of enhancer-associated transcription, with dedicated procedures for intragenic enhancers where signal assignment is complex. Visualization modules enable clear inspection of enhancer activity across genomic contexts, and built-in options support analyses of both intergenic and intragenic enhancers. Designed for researchers with limited bioinformatics expertise, this workflow provides a practical framework for consistent, reproducible, and scalable studies of enhancer transcription, facilitating broader application of enhancer biology across diverse systems.

INTRODUCTION:
Enhancers are cis-regulatory DNA elements that control target gene transcription by organizing chromatin looping and recruiting the transcriptional machinery1-3. Their tissue-specific activity enables precise regulation during development and lineage commitment4-8. Active enhancers show characteristic chromatin features such as H3K4me1 (histone H3 Lysine 4 mono-methylation) and H3K27ac (histone H3 Lysine 27 acetylation) and are usually found in DNase I hypersensitive regions that mark open chromatin9-12. These features enable transcription factors and RNA polymerase II to access the DNA, initiating nascent transcription at enhancer loci13-16.

This sequential biological process produces enhancer-derived transcripts, called eRNAs, which are bidirectional, noncoding, and typically non-polyadenylated RNAs13-16. eRNAs serve as markers of enhancer activity and function as effectors in their own right16-24. They promote productive elongation by releasing Negative Elongation Factor (NELF) from paused RNA polymerase II16,19, and help stabilize enhancer–promoter loops17,18,20. They also support the formation of transcriptional condensates, potentially via m⁶A (N6-Methyladenosine) modification21-23.

Still, the function of intragenic enhancer transcription, initiated from regulatory elements within gene bodies, remains controversial. Some studies report that eRNAs from intragenic enhancers augment host gene expression25, potentially by promoting NELF release and stimulus-dependent productive elongation26,27. In contrast, other work suggests that this transcription can impede host genes via RNA polymerase II collisions or transcriptional interference, leading to attenuation or premature termination28,29. These conflicting observations, together with the dual role of eRNAs as markers and regulators, highlight the need for careful quantification and functional dissection. Yet, measuring intragenic eRNAs is difficult because they often overlap sense-strand host transcripts13,25,26,30. The challenge is amplified when enhancers reside in regions with nested genes or overlapping transcription on both strands, which obscures enhancer-specific signals.

To overcome these challenges, we developed a bioinformatics pipeline to detect, quantify, and visualize enhancer-associated transcripts, with a particular focus on intragenic regions. The pipeline integrates the Assay for Transposase-Accessible Chromatin using sequencing (ATAC-seq), Chromatin Immunoprecipitation Sequencing (ChIP-seq), Global Run-on Sequencing (GRO-seq), and genomic annotations to achieve enhancer-level resolution even in complex genomic contexts.

The pipeline comprises four major steps: (i) preprocessing, alignment, peak calling, and signal generation31; (ii) enhancer identification using chromatin features; (iii) strand orientation assignment, particularly within gene bodies; and (iv) quantification and visualization of nascent enhancer transcripts. This framework is particularly useful for systems with high-resolution sequencing data, such as the mouse embryonic stem cells analyzed in this study, and it can be extended to other organisms when suitable datasets are available. By enabling enhancer-specific quantification where existing pipelines fall short, this workflow offers a practical tool for benchmarking and studying intragenic eRNA transcription across diverse genomic contexts.

PROTOCOL:

NOTE: All raw datasets used in workflow are listed in Table 1. Details of bioinformatics tools are provided in the Table of Materials. The number of threads used in this pipeline can be adjusted by modifying the THREADS variable defined at the top of each script. Users may increase the number to accelerate analysis depending on the user’s CPU resources.
After each step, a log file is generated. For quick failure checks, use commands like cat StepXX_log.txt; grep -qF "ERROR" StepXX_log.txt && echo "ERROR found. Fix before next step." || echo "OK: no ERROR markers". If any ERROR appears, treat the step as failed and resolve it first.

1. Downloading of full analysis pipeline from GitHub repository
(https://github.com/myunggeunO/Enhancer-transcript-identification-from-read-to-visualization/)

1.1. Launch the Command-Line Interface (CLI) appropriate for the operating system used.

[bookmark: _Hlk208676913]1.1.1. Windows: Set up a Linux environment using Windows Subsystem for Linux (WSL). Follow the official instructions to install and configure WSL before proceeding32.

1.1.2. macOS: Continue without additional setup, as macOS is Unix-based. Refer to the official guide to open the terminal33.

1.1.3. Linux users, particularly those using Ubuntu: Open a terminal as described in the referenced instructions34.

1.2. Run wget https://github.com/myunggeunO/Enhancer-transcript-identification-from-read-to-visualization/archive/refs/heads/main.zip -O ~/pipeline.zip in terminal to download pipeline for enhancer identification and enhancer RNA quantification.

1.3. Type unzip ~/pipeline.zip -d ~/ in terminal. This will extract all necessary files into the home directory.

1.4. Run rm ~/pipeline.zip and type mv ~/Enhancer-transcript-identification-from-read-to-visualization-main ~/Enhancer-transcript-identification-from-read-to-visualization to remove archive and rename extracted folder.

1.5. Type cd ~/Enhancer-transcript-identification-from-read-to-visualization/, and run chmod +x scripts/* to make all scripts in “scripts/” directory executable.

2. Setting up mamba/conda environment for analysis pipeline

2.1. Type bash scripts/Step1_conda_environment_formation.sh to create and run a mamba virtual environment. If prompted during execution, type Y and press Enter to confirm package installations. If the user uses macOS or already has mamba/conda installed, follow step 2.1.1 or 2.1.2, respectively.

2.1.1. MacOS: Open the script and replace miniconda download link with macOS version:
https://repo.anaconda.com/miniconda/Miniconda3-latest-MacOSX-x86_64.sh
Then, follow step 2.1.

2.2. Once (enhancer-env) appears in the prompt, type bash scripts/Step2_package_installation.sh to install required packages for downstream analyses. Type Y and press Enter if prompted during installation.

2.3. After running Step 2.2, check the terminal output for any error messages. Resolve any issues; then re-run Step 2.2.

2.4. (OPTIONAL) Run mamba list to confirm all mamba-managed packages in the Table of Materials are installed. HOMER is installed manually and will not appear in the mamba list. Verify HOMER by checking that  “~/homer/” directory exists.

3. Download publicly available ChIP-seq, ATAC-seq, and GRO-seq datasets from SRA (Sequence Read Archive).

3.1. Run cp scripts/Step{3..12}_*.sh ./ to copy necessary shell scripts for raw read processing.

3.2. Type bash Step3_download_file_list.sh > Step3_log.txt 2>&1 and press the Enter key to download and process raw sequencing data from SRA.

NOTE: This script automates download and preparation of public sequencing data for analysis. It creates a standardized folder structure under “MATERIAL/”, organized by assay type and replicate (biological: rep1/rep2; technical: trep1/trep2). A built-in list of SRA accession numbers drives retrieval with prefetch (v3.2.0), conversion to FASTQ with fasterq-dump (v3.2.0) (paired-end: --split-files), and compression with pigz (v2.8) to reduce storage. Processing follows prefetch, fasterq-dump, pigz, with outputs written to corresponding “00.Rawdata/” directories.

4. Perform quality control and trimming of raw reads.

4.1. Type bash Step4_read_trimming_and_QC.sh > Step4_log.txt 2>&1 to perform read trimming and quality control of raw FASTQ files.

NOTE: This script processes raw FASTQ files from GRO-seq, ATAC-seq, ChIP-seq (H3K27ac, H3K4me1), and corresponding inputs. It runs FastQC (v0.12.1)35 on raw reads, then trims adapters with Trim Galore (v0.6.10)36 using assay-specific parameters. For GRO-seq, it first removes NextSeq G tails and very short reads (--nextseq 20, --length 20), then uses Cutadapt (v5.1)37 to strip long poly-A tracts while retaining reads longer than 20 nucleotides (-a A{15}, -m 20). For ATAC-seq, it processes paired-end libraries and targets Tn5/Nextera adapters (--paired, --nextera). For H3K27ac and corresponding input, it handles paired-end ChIP-seq libraries (--paired). For H3K4me1 and its input, it performs standard single-end trimming (default). FastQC is run again on trimmed reads. Outputs are written to each assay’s “01.Clean/” directory, and intermediate GRO-seq adapter-trimmed files are removed.

5. Prepare Bowtie2 reference index.

5.1. Choose one of the two options below to prepare Bowtie2 (v2.5.4)38 genome index for mm10 (Mus musculus) reference genome.

5.1.1. Run bash Step5_1_download_reference_index.sh > Step5_1_log.txt 2>&1 to use pre-built Bowtie2 index provided by developers.

5.1.2. Run bash Step5_2_download_reference_make_index_with_bowtie2.sh > Step5_2_log.txt 2>&1 to download raw mm10 genome sequence and build index manually.

[bookmark: _Hlk208822871]NOTE: Both approaches generate an index file to “reference_index/” directory and are functionally equivalent for standard alignment.

6. Align trimmed reads to mm10 reference genome.

6.1. Type bash Step6_alignment_to_make_bam.sh > Step6_log.txt 2>&1 to align each assay’s reads to reference and generate BAM files.

NOTE: This step maps each assay’s reads to previously indexed mm10 reference. H3K27ac ChIP-seq and corresponding input use paired-end mapping for balanced accuracy (-1, -2) with default sensitivity. H3K4me1 ChIP-seq and corresponding input use single-end mapping under default settings (-U). ATAC-seq uses high-sensitivity mapping to accommodate variable, long Tn5-derived fragments (--very-sensitive, -X 2000) with paired-end input (-1, -2). GRO-seq uses high-sensitivity mapping to better place short, trimmed reads (--very-sensitive) with single-end input (-U). SAM files are converted to BAM and filtered with samtools (v1.22.1)39 view, using moderate MAPQ for ChIP/input (-b, -q 10) and stricter thresholds for ATAC-seq and GRO-seq (-b, -q 30); final BAM files are written to each dataset’s “02.Align/” directory.

[bookmark: _Hlk208826244]7. Merge technical replicates of H3K27ac ChIP-seq data.

7.1. Run bash Step7_merge_trep.sh > Step7_log.txt 2>&1 to merge technical replicates of H3K27ac ChIP-seq and corresponding input BAM files.

NOTE: This script sorts BAM files for technical replicates with sambamba (v1.0.1)40 sort and then merges H3K27ac ChIP-seq and corresponding input replicates into consolidated BAMs with sambamba merge. If the user’s dataset does not contain any technical replicates, skip this step and proceed with individual BAM files.

8. Remove duplicates and non-essential chromosomes.

8.1. Remove duplicates and sort mapped reads for ChIP-seq and GRO-seq.

8.1.1. Type bash Step8_1_duplicate_removal_sorting-ChIP_GRO.sh > Step8_1_log.txt 2>&1 to remove duplicates from histone ChIP-seq datasets and sort both ChIP-seq and GRO-seq output BAMs.

[bookmark: _Hlk208826582]NOTE: This script removes PCR duplicates with sambamba markdup (-r) and coordinate-sorts with sambamba sort. For H3K27ac, processing targets BAMs from merged technical replicates, handling ChIP and input separately. For H3K4me1, each replicate and matched input are processed individually. For GRO-seq, duplicate removal is skipped and only coordinate sorting is applied. Outputs are saved in each dataset’s “02.Align/” directory.

8.2. Remove duplicates and filter mitochondrial chromosome-mapped reads from ATAC-seq.

8.2.1. Type bash Step8_2_duplicate_chrM_removal_sorting_ATAC.sh > Step8_2_log.txt 2>&1 to remove PCR duplicates, filter mitochondrial reads (chrM), and sort ATAC-seq BAMs.

[bookmark: _Hlk208827334]NOTE: This script follows ENCODE pipeline recommendations for ATAC-seq data processing. It begins by performing name sorting with sambamba sort (-n), and fixing mate-pair information using samtools fixmate (-m). This step ensures that mate information is properly assigned prior to marking duplicates. Afterwards, PCR duplicates are removed using sambamba markdup (-r). Mitochondrial reads are removed by generating a keep-list from samtools idxstats (exclude chrM and *) and retaining only listed references with samtools view (-b). Final coordinate sorting is performed with sambamba sort. Cleaned BAMs are written to each replicate’s “02.Align/” directory.

9. Perform peak calling for each dataset.

9.1. Run step 9 script by typing bash Step9_peak_calling.sh > Step9_log.txt 2>&1 to perform peak calling for ChIP-seq and ATAC-seq data.

[bookmark: _Hlk209437526]NOTE: This script performs peak calling with MACS3 (v3.0.3)41 for ATAC-seq and ChIP-seq (H3K27ac, H3K4me1). ATAC-seq generates peaks by supplying all replicate BAMs as signal in no-model mode with shift/extension (-f BAMPE, --nomodel, --shift -100, --extsize 200, -q 0.01). H3K27ac calls broad peaks from merged technical replicates with matched input (-f BAMPE, --broad). H3K4me1 processes each replicate individually with its matched input in single-end broad mode (-f BAM, --broad), and overlapping peaks are obtained with bedtools (v2.31.1)42 intersect. Outputs are written to each dataset’s “peak_calling/” directory, with high-confidence H3K4me1 peaks under “peak_calling/overlapped_peak/”.

10. Merge biological replicates of ChIP-seq and ATAC-seq BAM files for downstream signal analysis.

10.1. Run bash Step10_merge_rep_forMakingSignal.sh > Step10_log.txt 2>&1 to merge BAM files from biological replicates of ATAC-seq and H3K4me1 ChIP-seq.

NOTE: This script combines replicate BAMs with sambamba merge for ATAC-seq, H3K4me1 ChIP-seq, and corresponding H3K4me1 input. Merged BAMs support downstream analyses (e.g., bigWig signal generation, normalization). Output BAMs are saved in “merge/02.Align/” directories under each sample path.

11. Generate tag directories and signal bigWig files from mapped reads.

11.1. Run bash Step11_make_tag_to_signal.sh > Step11_log.txt 2>&1 to create tag directories and generate bigWig signal files for mapped reads of each dataset.

NOTE: This script builds HOMER tag directories with makeTagDirectory and then generates bigWig signal tracks with makeUCSCfile command using HOMER (v5.1)43 and ucsc-bedgraphtobigwig (v482)44 packages. All signal tracks are created using chromosome size files from UCSC Genome Browser (https://hgdownload.soe.ucsc.edu/goldenPath/mm10/). GRO-seq produces strand-specific signal tracks (-style rnaseq, -strand + / -, -bigWig). ATAC-seq produces unnormalized tracks from merged BAMs (-bigWig). ChIP-seq (H3K27ac, H3K4me1) produces input-normalized tracks with a pseudo-count of 1 (-bigWig, -i, -pseudo 1). Outputs are organized under “03.TagDir/” and “04.bigwig/”.

12. Prepare files for enhancer identification.

[bookmark: _Hlk210769765]12.1. Type bash Step12_E_identification_material.sh > Step12_log.txt 2>&1 in the terminal to prepare necessary files and reference for enhancer identification.

NOTE: This step collects all necessary files for enhancer identification into “01.E_identification/material/”, organized into “ATAC/”, “Histone/”, and “Annotation/” folders. It copies peak files (ATAC-seq, H3K27ac, H3K4me1) into appropriate directories. GENCODE M23 annotation file (mm10) is downloaded automatically, and reference files, including ENCODE blacklist45 (mm10-blacklist.v2.bed) and chromosome size file (mm10.chrom.sizes) are copied from a predefined path.

13. Identify promoter candidates and gene bodies from annotation.

[bookmark: _Hlk210769771]13.1. Type cd 01.E_identification/ to enter working directory, then Run cp ../scripts/Step{13..20}_*.sh ./ to copy enhancer-identification scripts.

13.2. Run bash Step13_promoter_candidates_genebody_identification.sh > Step13_log.txt 2>&1 to generate BED files for promoter regions, gene bodies, and Protein-Coding Genes (PCGs) using GENCODE annotation.

NOTE: This script processes downloaded GENCODE M23 Gene Transfer Format (GTF) to create BED files for promoter candidates, all gene bodies, and PCG bodies, saving outputs to “material/Annotation/”. Promoters are defined as a 2 kb window around each transcript’s TSS (Transcription Start Site) with bedtools slop (-b 2000, -g mm10.chrom.sizes). Gene and protein-coding bodies are derived from GTF entries annotated as gene, with protein-coding entries further filtered by “gene_type = protein_coding”.

14. Process peaks for enhancer identification.

14.1. Run bash Step14_ATAC_ChIP-seq_processing.sh > Step14_log.txt 2>&1 to preprocess ATAC-seq and histone ChIP-seq peak files for enhancer identification.

NOTE: This script preprocesses peak sets for enhancer calling. For ATAC-seq, it removes regions overlapping blacklist regions with bedtools subtract (-A) and then excludes peaks overlapping promoter candidates with bedtools subtract (-A); for histone marks (H3K27ac, H3K4me1), it symmetrically expands each peak by 1 kb on each side with bedtools slop (-b 1000 -g mm10.chrom.sizes) and then removes promoter overlaps with bedtools subtract.

15. Identify and classify enhancers.

15.1. Run bash Step15_inter_intragenic_E_sets_identification.sh > Step15_log.txt 2>&1 to define and classify enhancers using chromatin peak data.

NOTE: This step defines and annotates enhancers using bedtools. Overlaps between ATAC-seq peaks and slop-expanded H3K4me1 peaks are obtained with intersect (-wa, -u), and regions that also overlap flanked H3K27ac peaks are classified as active enhancers with intersect (-wa, -u); non-active enhancers are derived by removing active regions from the full enhancer set with subtract. ATAC-seq summits overlapping each enhancer set are collected with intersect (-u), then summits are split into intergenic and intragenic with intersect (-v or -u) against the gene body. Enhancer intervals are finally assigned to intergenic/intragenic classes based on the peak’s associated summit with intersect (-u). All results are saved in “01.E_identification/” under “01.allE/”, “02.interE/”, and “03.intraE/”.

16. Assign temporary strand information to intragenic enhancers.

16.1. Type bash Step16_assign_temp_strand_from_gene_overlap.sh > Step16_log.txt 2>&1 to assign temporary strand information to intragenic-enhancer BED.

NOTE: This step assigns gene-strand labels to intragenic enhancers by overlapping enhancer intervals with gene bodies using bedtools intersect (-wa, -wb). Columns 1, 2, 3, 4, 5, 16 are retained with awk, then the records are sorted and deduplicated. Output is saved as “03.intraE/strand_designation/01.overlapped_gene_strand/ES_E_intragenic_strand_with_dup.bed”.

17. Prioritize strand assignment for enhancers overlapping both-strand genes.

17.1. Type bash Step17_initial_strand_assignment_for_both_strand_enhancers_PCG_based.sh > Step17_log.txt 2>&1 to resolve strand direction for intragenic enhancers overlapping genes on both strands.

NOTE: This script resolves strand ambiguity for intragenic enhancers overlapping genes on both strands by prioritizing PCG overlaps. Enhancers present on both strands are first isolated (awk grouping by chrom/start/end/id/strand), PCG-overlapping cases on the same strand are selected with bedtools intersect (-s, -wa, -u), and non-PCG cases are retained with bedtools intersect (-v). Selected and retained sets are concatenated and ordered. Output: “03.intraE/strand_designation/02.enhancer_with_PCG_priority/ES_E_intragenic_PCG_priority.bed”.

18. Calculate strand-specific Reads Per Kilobase per Million mapped (RPKM) read values for genes overlapping PCG-prioritized intragenic enhancers.

18.1. Type bash Step18_RPKM_cal_from_partially_strand_assigned_enhancers.sh > Step18_log.txt 2>&1 to calculate strand-specific RPKM for genes overlapping enhancers on same strand.

NOTE: This step uses “ES_E_intragenic_PCG_priority.bed” from Step 17, which contains enhancers that (i) overlapped a PCG on one strand and received a strand, (ii) overlapped PCGs on both strands and remained ambiguous, or (iii) had no PCG overlap and retained both strands. Same-strand overlapping genes are selected with bedtools intersect (-s, -wa, -u), converted to GTF via awk, and quantified from GRO-seq with featureCounts (v2.1.1)46 strand-specific count mode (-s 1, -t gene, -g gene_id, -O, --fraction). Total mapped reads are obtained with sambamba flagstat, and RPKM is computed from gene length, counts, and totals. Outputs are written to “03.intraE/strand_designation/03.RPKM_calculation_of_overlapped_gene/”.

19. Final strand assignment based on gene expression (RPKM) of overlapping genes

19.1. Type bash Step19_second_strand_assignment_by_RPKM.sh > Step19_log.txt 2>&1 to finalize strand assignment for intragenic enhancers.

NOTE: This step assigns strands to intragenic enhancers using gene-expression support from Step 18. Same-strand overlaps between enhancers (ES_E_intragenic_PCG_priority.bed) and genes are found with bedtools intersect (-s, -wa, -wb). Gene RPKM values are joined to gene intervals via awk/sort/join, producing gene-RPKM BED. For each enhancer, the overlapping gene with the highest RPKM is selected, and the enhancer inherits that gene’s strand. Results are saved to “03.intraE/strand_designation/04.enhancer_strand_designation_by_RPKM_of_gene/ES_E_intragenic_PCG_priority_strand_by_gene_RPKM.bed.”

20. Assign strand information to intragenic enhancers and enhancer summits.

20.1. Type bash Step20_strand_assignment_for_intragenicE_and_summits.sh > Step20_log.txt 2>&1 to assign decided strand information to all intragenic enhancers and each summit.

NOTE: This step finalizes strand assignment for intragenic enhancers and matching summits using bedtools. Opposite-strand intervals are removed with subtract (-S), strand-designated enhancers are intersected with active and non-active sets using intersect (-wa, -u), and summit files are re-annotated by overlapping summits with strand-designated enhancers via intersect (-wa, -wb) and get strand with awk. Results are saved in “03.intraE/final_strand_IntragenicE/” and its “summit/ subfolder”.

21. Prepare input files for enhancer validation, eRNA quantification, and visualization.

21.1. Type cd ../ or cd ~/Enhancer-transcript-identification-from-read-to-visualization to move to pipeline root, then type cp scripts/Step21_preparing_quantification_and_visualization.sh ./ to copy the script for preparation of downstream analysis

21.2. Run bash Step21_preparing_quantification_and_visualization.sh > Step21_log.txt 2>&1 to prepare all necessary files for enhancer aggregation, GRO-seq signal processing, and eRNA quantification.

NOTE: This step prepares input files and directory structure for enhancer validation, eRNA quantification, and signal visualization under “02.E_visualization_quantification/”. Subfolders are created for bigWig files, enhancer BEDs, BAMs, signal matrices, counts, and plots. Key inputs such as summit BEDs, bigWigs, enhancer lists, and GRO-seq BAMs are copied to appropriate locations.

22. Generate aggregation plots for enhancer validation.

22.1. Type cd 02.E_visualization_quantification/ to enter working directory, then type cp ../scripts/Step{22..24}_*.* ./ to copy necessary scripts for downstream analysis.

22.2. Run bash Step22_generation_of_aggregation_plot.sh > Step22_log.txt 2>&1 to generate aggregation plots of chromatin signals around each type of enhancer summit.

NOTE: This step visualizes average chromatin signal enrichment centered on enhancer summits using computeMatrix and plotProfile from deepTools (v3.5.6)47. For each defined enhancer set, computeMatrix reference-point (--referencePoint center, -a 5000, -b 5000, --missingDataAsZero) calculates signal density within a 10 kb window around enhancer summits using bigWig files for ATAC-seq, H3K27ac, and H3K4me1. Output matrix is passed to plotProfile, which generates signal aggregation curves for comparison between enhancer groups. Aggregation plots are saved in “01.Profiling/04_1.aggregation/” directory.

23. Quantify and visualize enhancer RNA expression.

23.1. Run bash Step23_quantifing_eRNA_RPKM.sh > Step23_log.txt 2>&1 to quantify eRNA expression levels from GRO-seq using featureCounts.

NOTE: This step quantifies eRNA transcription from defined enhancer regions in a strand-specific manner using GRO-seq. Intergenic enhancers are counted with featureCounts in unstranded mode (-s 0, -t enhancer, -g gene_id, -O, --fraction), and intragenic enhancers are quantified in antisense mode (-s 2) to exclude signal from overlapping gene transcription. BED regions are converted to GTF with awk before counting. Total mapped reads come from sambamba flagstat, and counts are normalized to RPKM using enhancer length, read counts, and total mapped reads. Outputs are organized under “02.eRNA_quantification/03.count_normalized_with_RPKM/” by “inter/” and “intra/”.

23.2. Run Rscript Step24_visualization_of_enhancer_transcript.R > Step24_log.txt 2>&1 to visualize and compare eRNA expression levels across enhancer groups using R.

NOTE: R script uses ggplot2 (v3.5.2)48 and cowplot (v1.2.0)49 packages to generate violin and box plots comparing active and non-active enhancer expression based on RPKM values. For visualization and statistical testing, RPKM values are transformed to log₂ (RPKM + 1). Statistical significance is assessed using the Wilcoxon rank-sum test. Both summary plots and p-value table are saved to “03.eRNA_visualization/” for downstream interpretation.
If any step in this pipeline fails and persists even after re-run, report the issue at https://github.com/myunggeunO/Enhancer-transcript-identification-from-read-to visualization/issues. Clearly stating the failed step and attaching the log file ensures accurate troubleshooting support.

REPRESENTATIVE RESULTS:
Schematic workflow for enhancer transcript quantification pipeline
Publicly available ChIP-seq (H3K27ac, H3K4me1), ATAC-seq, and GRO-seq datasets (Table 1) were processed with a standardized pipeline designed primarily for validation. Adapter trimming and quality filtering were performed with Trim Galore and Cutadapt, followed by alignment to the mm10 reference genome using Bowtie2 (detailed in protocol Step 6). For ChIP-seq and ATAC-seq, peaks were identified with MACS3, and signal intensity tracks (bigWig files) were generated using HOMER and ucsc-bedgraphtobigwig for downstream visualization and quantitative analysis (Figure 1A). This consistent preprocessing ensures data compatibility, minimizes assay-specific biases, and provides a reliable framework for downstream enhancer quantification.

Enhancer identification was performed based on the following references8,50-52. Open chromatin regions derived from called ATAC-seq peaks were then filtered to remove promoter-proximal and ENCODE blacklist regions and intersected with histone modification peaks to define total, active, and non-active enhancers. Based on their genomic context, enhancers were further categorized as intergenic or intragenic. For intragenic enhancers, strand orientation was initially determined by the strand of the overlapping gene (temporal strand) and subsequently refined by selecting the strand of the most highly expressed protein-coding gene (detailed in protocol Steps 16–20). The resulting strand-assigned enhancer sets provide a reproducible and robust basis for downstream analyses, including chromatin accessibility/histone modification profiling, eRNA quantification, and transcriptional signal visualization (Figure 1B), enabling evaluation of whether eRNA quantification is consistent with other data.

Quality control and adapter filtering improve data reliability and inform optimal preprocessing strategies across sequencing platforms
Rigorous QC and adapter trimming were applied to all datasets to ensure high-quality input for downstream analysis. For the GRO-seq data, FastQC analysis revealed the presence of poly(A) and poly(G) tails, which were successfully removed using the --nextseq 20 option in Trim Galore and the -a "A{15}" parameter in Cutadapt (Figure 2A and Figure 3A). In paired-end ATAC-seq datasets, Nextera adapter sequences were detected in both read pairs and successfully trimmed using the --nextera option in Trim Galore (Figure 2B and Figure 3B). In contrast, the ChIP-seq datasets for H3K27ac and H3K4me1 exhibited minimal adapter contamination; therefore, only general quality filtering was applied, as illustrated by the H3K27ac data (Figure 2C and Figure 3C). 

Integrated enhancer classification based on chromatin accessibility, histone modifications, and genomic context
After aligning each dataset to the mm10 reference genome (detailed in protocol Step 6), we performed peak calling on ATAC-seq data and removed regions overlapping the mm10 blacklist and promoter-proximal regions (4 kb window from TSS, based on GENCODE M23 annotations). This filtering yielded 71,165 high-confidence accessible chromatin regions (Figure 1B and Figure 4A, green circle). For enhancer annotation25, both enhancers were defined as ATAC-seq peaks overlapping the processed H3K4me1 regions (n = 47,317). Of these, regions also overlapping H3K27ac peaks were further classified as active enhancers (n = 23,147), while the remainder were designated non-active enhancers (n = 24,170) (Figure 1B and Figure 4A, yellow and red circles).

Genomic annotation showed similar intergenic and intragenic distributions across all enhancer categories. Among all enhancers, 45.2% (n = 21,406) were intergenic and 54.8% (n = 25,911) intragenic (Figure 4B, top). Non-active enhancers showed a similar distribution, comprising 45.5% (n = 10,997) intergenic and 54.5% (n = 13,173) intragenic regions. Active enhancers followed a comparable pattern, with 45.0% (n = 10,409) located in intergenic and 55.0% (n = 12,738) in intragenic regions (Figure 4B, bottom). Genomic regions were classified based on overlap with annotated gene bodies in the GENCODE M23 annotation, and only enhancer regions within these gene bodies were retained to ensure accurate intragenic classification (detailed in protocol Step 13). 

Chromatin profiling validates functional classification of enhancer sets through activity-specific signatures
To further validate the identified active enhancers, we visualized representative genomic loci using the UCSC Genome Browser by uploading the generated bigWig signal tracks and enhancer BED files. An intergenic enhancer upstream of the Nanog gene53 (-45 kb and -5 kb from Nanog TSS) exhibited strong enrichment for ATAC-seq, H3K4me1, and H3K27ac signals, alongside clear transcriptional activity detected by GRO-seq (Figure 5A). Likewise, an intragenic active enhancer within the Chd2 gene29, near its TSS, displayed similar chromatin and transcriptional features (Figure 5B).

To further validate the chromatin characteristics of the classified enhancer sets, we profiled ATAC-seq and histone modification signals across both intergenic and intragenic enhancers, stratified by activity status (detailed in protocol Step 22). Aggregation plots centered on ATAC-seq peak summits revealed distinct enrichment patterns: active enhancers exhibited strong, coordinated enrichment of ATAC-seq, H3K4me1, and H3K27ac signals, while non-active enhancers showed robust ATAC-seq and H3K4me1 signals but markedly reduced H3K27ac enrichment (Figure 5C). 

Strand-aware quantification of enhancer RNA transcription enables functional classification of enhancer activity states
To quantify transcriptional differences between active and non-active enhancers, nascent reads were strand-assigned and normalized for each enhancer, followed by visualization using violin plots (Figure 6A). Mapped GRO-seq reads were detected per enhancer using a strand-aware approach. For intergenic enhancers, reads from both strands were included due to the absence of a defined transcriptional orientation. In contrast, for intragenic enhancers, only reads mapped to the antisense strand relative to the overlapping gene were considered, based on a stepwise strand-assignment method (detailed in Steps 16–20 and 24). Active enhancers exhibited significantly higher transcriptional output than non-active enhancers (Wilcoxon rank-sum tests, p < 2.2 × 10⁻¹⁶) (Figure 6B). These results demonstrate the pipeline’s reliability in quantifying enhancer transcription and its utility in classifying enhancer activity states.

FIGURE AND TABLE LEGENDS:
Figure 1: Stepwise computational framework for identifying enhancers and quantifying eRNA transcripts. (A) Overall workflow summarizing preprocessing of public sequencing datasets. (B) Downstream analyses including enhancer identification from chromatin accessibility and histone modifications, strand assignment of intragenic enhancers, and quantification/visualization of enhancer transcription. 

Figure 2: Quality assessment of raw and preprocessed sequencing reads from public datasets. Quality assessment of (A) GRO-seq, (B) ATAC-seq, and (C) H3K27ac ChIP-seq data shows substantial improvements in read quality after adapter and artifact removal.

Figure 3: Evaluation of adapter contamination before and after trimming across datasets. Across (A) GRO-seq, (B) ATAC-seq, and (C) H3K27ac ChIP-seq datasets, trimming effectively removed adapter sequences and artifacts, resulting in decreased contamination levels and improved data quality.

Figure 4: Classification of enhancers by activity status and genomic context. (A) Active and non-active enhancers defined by chromatin accessibility and histone modification overlap. (B) Genomic context of enhancer sets showing comparable proportions of intergenic and intragenic enhancers across activity states.

Figure 5: Representative genomic loci and chromatin feature profiles of enhancer sets. (A,B) Representative examples of intergenic (Nanog) and intragenic (Chd2) active enhancers with characteristic chromatin and transcriptional signatures. (C) Aggregated chromatin profiles confirm distinct signal enrichment patterns between active and non-active enhancers.

Figure 6: Quantitative analysis of enhancer transcriptional activity by region and activation state. (A) Distributions of nascent transcript levels highlight stronger transcription at active enhancers compared to non-active enhancers across genomic contexts. (B) Statistical comparisons confirm significant transcriptional differences between enhancer groups. Significance levels: p < 0.05 (*), p < 0.01 (**), p < 0.001 (***)

Table 1: All raw datasets used in the workflow. Publicly available ChIP-seq (H3K27ac, H3K4me1), ATAC-seq, and GRO-seq datasets are listed.

DISCUSSION: 
Following the discovery of enhancer-derived transcripts13-15, accurately quantifying eRNAs has remained a major challenge, particularly in intragenic contexts where eRNAs often overlap with host gene transcripts. This overlap complicates strand assignment and signal attribution, making it difficult to distinguish genuine enhancer transcription from background gene expression13,25,26,30. Although eRNAs are increasingly recognized as functional indicators of enhancer activity, the field has lacked a standardized, accessible framework for enhancer transcript quantification. To address this need, we developed a modular and strand-aware pipeline that integrates chromatin accessibility and histone modification data for enhancer identification and leverages nascent RNA sequencing to quantify enhancer-derived transcription with high precision. Designed with usability in mind, the pipeline allows researchers without extensive computational training to perform reproducible analyses of enhancer activity, from raw sequencing data to functional interpretation.

Relative to methods that focus on candidate identification or are tied to specific assay modalities, this pipeline differs by providing an end-to-end, within-condition framework. It (i) performs context-aware enhancer calling and classification prior to quantification, applying antisense-focused counting at intragenic loci to reduce misattribution from host-gene transcription, and (ii) integrates chromatin evidence (ATAC with H3K27ac/H3K4me1) and promoter exclusion upstream of nascent-RNA quantification to improve specificity and detection accuracy. The resulting strand-aware, locus-level outputs support transparent, within-condition ranking and interpretation, while remaining compatible with downstream comparative analyses.

To ensure reproducibility and ease of use, the pipeline begins by creating a dedicated mamba/conda environment that contains all required tools. By default, the scripts consolidate Python/CLI utilities and R packages into a single environment for convenience, minimizing setup friction and path conflicts. In rare cases where dependency conflicts arise (e.g., BLAS/LAPACK or C/C++ runtime/ABI mismatches), we recommend splitting environments by keeping all analysis tools in enhancer-env and running the final visualization script (Step24_visualization_of_enhancer_transcript.R) in a lightweight R-only environment. With the environment in place, the workflow proceeds with quality control and adapter trimming, which are essential for ensuring accurate downstream analysis. Using Trim Galore and Cutadapt, we removed adapter sequences and low-quality bases and assessed the resulting improvements with FastQC (Figure 2 and Figure 3). Sequencing reads were aligned to the mm10 reference genome using Bowtie2 with sequencing-specific parameters. Given the lack of input controls for ATAC-seq and GRO-seq, we applied a stringent alignment strategy (Bowtie2’s --very-sensitive mode and MAPQ ≥ 30 filtering) to reduce noise from ambiguous or low-confidence reads. This approach helps mitigate technical artifacts such as transposase bias and repetitive region mapping, enhancing signal reliability. To further refine ATAC-seq data, mitochondrial reads (chrM) were removed, and MACS3 peak calling was performed with parameters designed to minimize transposase-associated bias (detailed in protocol Step 9). These preprocessing steps establish a robust foundation for enhancer identification.

[bookmark: _Hlk208608354]Enhancer regions were identified by intersecting ATAC-seq peaks with H3K4me1 and H3K27ac signals, following the removal of blacklist regions and promoter-proximal windows (4 kb window from GENCODE M23-annotated TSSs). To improve specificity, histone mark peaks were slopped by 1 kb on both sides and filtered to exclude promoter-like regions, thereby minimizing false-positive enhancer calls (Figure 1B and protocol Step 14). Identified enhancers were then classified as intergenic or intragenic based on the position of the ATAC-seq summit. This classification not only reflects the genomic context in which enhancer activity occurs but also provides the structural basis for downstream strand assignment and eRNA quantification. Context-aware categorization is particularly critical for analyzing intragenic enhancers, which overlap with host gene bodies and require careful resolution of transcript origin. Altogether, this strategy enables robust identification of active enhancer elements and lays a foundation for precise assessment of their transcriptional output across distinct genomic compartments.

To enable strand-specific quantification of eRNAs from intragenic enhancers, we implemented a three-step strand assignment strategy: (i) initial assignment based on the strand of overlapping gene features, (ii) prioritization of protein-coding genes, and (iii) refinement using RPKM values to identify the most highly expressed gene. This stepwise approach improves the accuracy of host gene assignment and enables reliable quantification of antisense-derived eRNAs, effectively addressing the challenge of transcript overlap with host gene expression. Given that nascent transcription data reflect relative gene expression within a sample, RPKM normalization is appropriate for this purpose, although TPM (Transcripts Per Million) normalization may also be suitable depending on the analytical framework54. In the final quantification step, we used only antisense reads to evaluate intragenic enhancer activity, explicitly excluding sense-strand reads to avoid confounding by overlapping transcripts. This approach revealed significant differences in eRNA expression between active and non-active enhancers in both intergenic and intragenic regions.

When adapting this workflow to other datasets or reference assemblies, several practical considerations warrant attention. This pipeline was originally designed for mm10 with GENCODE M23 annotation, but newer assemblies, such as mm39/GRCm39 with GENCODE M38, can be substituted as long as all associated resources are replaced consistently, including the Bowtie2 genome index, annotation (GTF), blacklist, and chrom.sizes files. Version mismatches between the reference genome and annotation, or inconsistent chromosome naming conventions (e.g., UCSC chr1/chrM vs. Ensembl 1/MT), may result in coordinate errors and spuriously empty overlaps in bedtools analyses. To prevent such issues, it is essential to ensure that every reference file originates from the same assembly and follows a uniform naming scheme. In addition, nascent RNA library orientation differs by protocol; for example, PRO-seq frequently generates reverse-stranded libraries. In these cases, featureCounts -s should be configured to reflect the correct library type, and strandness should be confirmed by a brief QC check before proceeding with final quantification. 

There are still unresolved limitations. Some intragenic enhancers reside within gene bodies that overlap on both strands, making it difficult to disentangle genuine enhancer transcription from overlapping gene activity, even when focusing on antisense signals. In such cases, measured transcripts may reflect background transcription rather than bona fide enhancer activity. Additionally, strand-specific quantification of sense-derived eRNAs remains technically challenging, precluding accurate direct comparison between intergenic and intragenic enhancer activity. While subtracting transcriptional signals from non-enhancer regions within the same gene may help isolate sense transcription from intragenic enhancers, this approach is limited by sequencing noise and biological variability, such as polymerase collision and transcriptional interference. These limitations highlight the need for further methodological development to improve the resolution of enhancer-derived transcript quantification, particularly in complex intragenic contexts.

The pipeline is implemented as a modular suite of shell scripts designed for accessibility, efficiency, and reproducibility. Each step executes as a single documented command with sensible defaults, while logs capture versions, parameters, and input checksums to ensure consistent execution across machines and time. The modular design facilitates adaptation by allowing users to substitute references, adjust trimming/alignment parameters, or integrate additional assays (e.g., ChIP-seq variants or nascent RNA protocols) without disrupting downstream steps. These features underscore the practical importance of the workflow and provide a foundation for future applications. 

The workflow yields strand-aware, annotation-linked enhancer candidates and normalized locus-level outputs that are directly usable for ranking, filtering, and comparative analyses. Such outputs map naturally to experimental follow-up, including reporter assays to test regulatory activity and targeted enhancer perturbation to validate functional impact. For routine use, the combination of stepwise documentation, deterministic preprocessing, and clear handoffs lowers the barrier for researchers with limited computational expertise while remaining flexible for advanced users. Together, these qualities position the pipeline as a practical screening and target-designation framework, particularly suited for experimental biology laboratories.
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