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Abstract 
        Repetitive elements, mostly derived from transposable elements (TEs), account for half 
the DNA in human and other mammalian genomes. Although epigenetic mechanisms, 
including DNA methylation and repressive histone modifications, have evolved to suppress 
TE activities, TEs have substantially shaped the regulatory landscape of the host genome by 
contributing regulatory sequences to it.  TE-derived sequences are often highly repetitive and 
thus have low mappability, making it difficult to profile the genomics of TEs using short-read 
sequencing technology. Many specialized bioinformatics tools have been developed for TE-
related analysis, but meaningfully visualizing, navigating, and interpreting such data remains 
challenging. 
        Here, we describe the WashU Repeat Browser to host genomics profiles of human and 
mouse TEs using data produced by the ENCODE Project and to support the navigation, 
interactive visualization, integration, comparison, and analysis in the context of TEs. WashU 
Repeat Browser is a web-based platform allowing users to browse genomic and statistical 
signals over repetitive elements derived from ENCODE, Roadmap, and FANTOM datasets. 
The Browser provides a TE-centric view including TE subfamily enrichments, TE subfamily 
profiling, as well as overviews of genomic signals on individual TE loci where we extend the 
WashU Epigenome Browser to display user-selected datasets and TE loci. These features 
could help to close the gaps in our understanding of the repetitive sequences and their putative 
regulatory functions and aid investigators in formulating new hypotheses by integrating their 
data with public data. 

 

Introduction 
A large portion of eukaryotic genomes is derived from transposable elements 
(TEs)  (Kidwell and Lisch 2001; Kazazian Jr 2004; Feschotte and Pritham 
2007; Kapitonov and Jurka 2008). Recent studies suggest that sequences 
derived from TEs could be responsible for wiring tissue or cell type-specific 
regulatory networks (Chuong et al. 2017; Trizzino et al. 2018) and have 
acquired tissue-specific epigenetic regulations (Bourque et al. 2008; Chuong 
et al. 2013; Wang et al. 2015). Studies have also revealed that TE DNA 
methylation is dynamic during development and is connected to epigenetic 
control of cell type-specific enhancer functions (Kunarso et al. 2010; Xie et al. 
2013; Dominguez et al. 2016). TEs are known to contain transcriptional 
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enhancers (Bourque et al. 2008; Chuong et al. 2017). The extent to which 
TEs contribute to cell type-specific programs of gene expression is unknown 
but could be large, given how prevalent TEs are in mammalian genomes. 
Taken together, preliminary findings suggest that epigenetic regulation of TEs, 
both suppression and activation, is important for normal development 
(Sundaram et al. 2014; Sundaram and Wang 2018; Pehrsson et al. 2019). It is 
necessary to explore this hypothesis more deeply to understand the sequence 
features that distinguish between transcriptionally active (i.e., can influence 
gene expression) and inactive TEs and to understand the evolutionary events 
that lead to TE sequences gaining regulatory functions. 
 
Repetitive elements in genomes are mostly derived from TEs, and they are 
classified based on their sequence characteristics (Lerat 2010; Bourque et al. 
2018; Miao et al. 2020). Annotation of repetitive elements has always been 
one of the first steps when any genome is sequenced. Efforts represented by 
Repbase (Bao et al. 2015) and RepeatMasker (Smit et al. 2015) have 
annotated repeat sequences by grouping them hierarchically into classes, 
families, and subfamilies. Repeat sequences are categorized into families 
according to the reconstructed replication history and into subfamilies based 
on finer features aimed at capturing the evolutionary history within families 
(Hubley et al. 2016; Carey et al. 2021). In the era of high-throughput 
sequencing-based functional genomics analysis, however, repetitive elements 
have presented a challenge. Since repeat elements, as the name suggests, 
are highly repetitive in the genome, most alignment tools discard reads that 
cannot be designated to a single location in a given genome assembly by 
default. Popular alignment tools such as Bowtie 2 (Langmead and Salzberg 
2012) report the possible best match among multiple alignments based on the 
MAPQ (Mapping Quality) score, which is a measure of the confidence in the 
alignment of a read to a reference genome; STAR (Dobin et al. 2013) 
disregard reads mapped to multiple locations unless users select specific 
options to keep that kind of reads; BWA (Li and Durbin 2009) by default keeps 
those reads but assigns the mapping quality to 0. Specialized tools have been 
developed to help improve mapping short reads to repeats (Li et al. 2008; 
Alser et al. 2021; Burkes-Patton et al. 2023). Nonetheless, standards are still 
lacking, and few platforms exist for users to visualize and interact with 
genomics data in the context of different types of repeats. 
 
Public consortiums such as ENCODE (The ENCODE Project Consortium 
2012) and Roadmap Epigenomics (Roadmap Epigenomics Consortium et al. 
2015) have generated a large amount of genomics data using short-read 
sequencing technology, but efficient ways for exploring such data in the 
context of repeat elements have been much less developed. Indeed, TEs are 
routinely deprioritized in large genomic studies, including ENCODE and 
Roadmap Epigenomics projects. To address this gap, we have extended the 
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widely used WashU Epigenome Browser to develop the WashU Repeat 
Browser as an integrative platform for TE genomics data analysis and 
visualization. We implemented an algorithm called iteres (Xie et al. 2013; 
Sundaram et al. 2014) to analyze TE profiles using data from public projects, 
it also enabled users to process their data in BAM or FASTQ formats, 
including ChIP-seq data such as transcription factor (TF) binding, histone 
modification, and cap analysis gene expression (CAGE-seq) data, by rescuing 
non-uniquely mapped reads. An average of 15% more reads can be rescued 
using this algorithm for constructing epigenomic or expression profiles on TEs 
(Supplemental Figure S1). The front-end of the WashU Repeat Browser 
provides intuitive data visualization of TE profiles. It integrates and displays 
epigenomic data on repetitive elements and provides an easy and intuitive 
way to explore biological insights about repeats. WashU Repeat Browser also 
allows investigators to perform their analysis with the provided data 
processing pipeline and compare their data with publicly available data using 
the data uploading function. Documentation and tutorials on this Browser can 
be accessed at https://rb-doc.readthedocs.io/. 
 

Results 
 
Data processing pipeline 
It has been a challenge to analyze sequencing reads from TEs, which 
motivated the development of various methodologies (Rebollo et al. 2012; 
Notwell et al. 2015; Chuong et al. 2016). A typical approach in profiling the 
repeat elements in genomic assays, including ChIP-seq, CAGE-seq, ATAC-
seq, and DNase-seq, maps chromatin features aggregated by raw reads to 
the linear genome and focuses on interpreting the epigenomic data along the 
linear genome. In doing so, reads that cannot be uniquely mapped to specific 
TE copies, i.e., multi-mapped reads, are typically discarded, resulting in loss 
of information. A main limitation of this type of analysis strategy is that 
valuable information on the phylogenetic relatedness among the TE copies is 
ignored. Even though a substantial amount of reads cannot be mapped to 
specific TE copies, they can often be confidentially assigned to specific TE 
subfamilies, thus contributing to the study of the epigenomic patterns of 
repeat subfamilies. We adopted the strategy to perform the analysis at both 
the individual copy level and at the repeat subfamily level (Figure 1A). Raw 
genomic sequencing data in FASTQ format were first mapped to the genome 
assembly while retaining multi-mapped reads. We then implemented a tool 
called iteres to access the alignment statistics of repeats in each dataset 
(Figure 1B).  
 
Iteres rescues the reads mapped to multiple genomic locations by assessing 
the mapping qualities of all mapped locations and assigning reads to 
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appropriate subfamilies (Figure 1C). Reads were discarded only when they 
could not be assigned unambiguously to a subfamily. Mapping locations from 
individual genomic loci were converted to locations in the consensus 
sequence of each subfamily based on the RepeatMasker annotation provided 
by the UCSC Genome Browser (Karolchik et al. 2009). Details of the 
conversion of genomic coordinates to TE consensus coordinates are provided 
in Supplemental Method S1. We then calculated the enrichment score based 
on each repeat subfamily rather than any specific loci. To visualize these 
results, we set the TE subfamily's consensus sequence as the x-axis 
coordinate (like a sequence assembly) and aggregated the read information 
across the consensus to visualize on the y-axis. The cumulative sum of these 
reads is essentially a distribution of reads across each position within the 
consensus sequence. Figure 1 illustrates the data analysis and different 
visualization components, and Figure 1D describes the visualization pipeline 
for the processed data. 
 
Data visualization components 
We developed several novel ways of displaying data on TE: 1) Heatmap view 
of enrichment scores of TE subfamilies; users can click on a specific cell in 
the heatmap and jump to the consensus panel of the TE subfamily; 2) 
Consensus view that displays data anchored on a TE consensus sequence; 
signals from both unique reads and multi-reads are displayed; 3) Genome 
view which is a bird’s eye view of enrichment score of individual TE copies 
across the genome; a filter is provided to set the threshold of enrichment 
scores to adjust the visual effect. Examples of each visualization component 
are displayed in case studies as in Figures 2 and 3. 
 
In Figures 2A and 3A, the Heatmap view provides users with an intuitive and 
interactive way to visualize the data. The Heatmap view functions as an 
“aerial view” presenting a heatmap-based representation of multiple datasets 
across multiple repeat subfamilies. The y-axis of the heatmap represents 
multiple datasets, and the x-axis represents multiple TE subfamilies. We draw 
the heatmap by the scores that represent the enrichment levels of different 
datasets relative to the repeat subfamilies. This display enables the visual 
profiling of multiple datasets, grouped by the associated metadata, and 
facilitates comparisons across selected TE subfamilies. By utilizing 
Clustergrammer (Fernandez et al. 2017),  the Heatmap view offers interactive 
features and various sorting functionalities. We also implemented a dynamic 
hierarchical clustering mechanism to group datasets and subfamilies with 
similar scores based on cosine similarity using the similarity measurement 
from the Python library SciPy (Virtanen et al. 2020).  
 
In Figure 2B, the Consensus view displays multiple tracks that represent the 
enrichment distribution of genomics data and signals across the consensus 
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sequence of any TE subfamily. A ruler track is on the top, which denotes the 
nucleotide coordinates of the TE subfamily consensus sequence. The track 
below the ruler is the genome coverage track, which represents the count of 
individual TE copies across the genome over each position of the consensus 
sequence. Below the genome coverage track are the data tracks that display 
the cumulative counts of reads from the specific dataset overlaying each 
position along the consensus sequence. Additional tracks from other datasets 
can be added so that multiple datasets can be compared on specific TE 
subfamilies. The Consensus view is equipped with interactive features such 
as zoom in, zoom out, and dragging to facilitate interactive visualization. 
 
Figures 2C and 3B show the Genome view which serves as an interface for a 
comprehensive overview of the signal of all genomic TE copies of the same 
TE subfamily using uniquely mapped reads throughout the entire genome in a 
bird’s eye view fashion. We labeled all copies from the same TE subfamily on 
the chromosome diagrams from the chosen assembly and calculated a score 
for each copy. The scores are usually a Log Odds Ratio (LOR) of observed 
signal (read count) on the TE copy over the background or a control dataset. 
Users can filter TE copies based on the LOR values. Users can also load the 
selected TE copies into the WashU Epigenome Browser (Li et al. 2019; Li et 
al. 2022) with the region set view function, where users can choose to view 
the individual TE copies of interest and display their genomic locations side by 
side, optionally with customizable upstream and downstream flanking regions, 
and additional epigenomic data tracks.  
 
We have processed over 7,900 datasets (Supplemental Table S1), including 
data from the ENCODE, Roadmap Epigenomics, and FANTOM5 projects, 
and stored them in the cloud server with public access. We also provide a 
function to visualize the enrichment distribution among all the existing TFs 
and TEs to help users explore which TFs are most enriched in which TE 
subfamily. The processed data by individual users can be visualized with the 
Repeat Browser using the data uploading function. As mentioned above, we 
classify the TEs into the class-family-subfamily hierarchy. Based on that, we 
drew a sunburst chart to represent the TE hierarchy through a series of 
concentric rings, where each ring corresponds to a level in the TE hierarchy. 
Users can click the different parts on the rings to select the TE subfamilies, 
TE families, and TE classes. An example of the function to visualize the 
enrichment distribution and an example of the sunburst chart illustrating TE 
selection are provided in the Supplemental Tutorial. 
 
Case studies 
To demonstrate the utilities of the WashU Repeat Browser, such as verifying 
predictions or forming new hypotheses, we used ChIP-seq data of 
transcription factor STAT1 from the human HeLa-S3 cell line (Chuong et al. 
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2016) and CAGE-seq data of cell lines under DNMTi and HDACi treatment 
(Brocks et al. 2017) as example case studies. 
 
STAT1 binds to MER41B elements 
Previous research (Lowe et al. 2007; Wang et al. 2007; Rebollo et al. 2012; 
Schmidt et al. 2012; Jacques et al. 2013; Sundaram et al. 2014; Notwell et al. 
2015) implicates that TEs have the potential to serve as lineage-specific cis-
elements with the ability to reconfigure regulatory networks. However, the 
specific physiological consequences of this process are largely unexplored. 
One of the current analyses explores how TEs influence the proinflammatory 
cytokine interferon-γ (IFNG) gene regulatory networks. 
 
Previous research explored the regulatory relationship between the signal 
transducer and activator of transcription (STAT) and interferon-γ (Schroder et 
al. 2004; Jorgovanovic et al. 2020; Penrose et al. 2020), and the major STAT 
protein activated by IFN-γ is STAT1. Several ERV1/MER41 TE subfamilies, 
especially MER41B, have been previously associated with placental and 
innate immunity functions, in particular within the IFN-STAT1 pathway 
(Schmid and Bucher 2010). To explore the interactions between transcription 
factor (TF) STAT1 and TEs, we used the Repeat Browser to visualize the 
related ChIP-seq data.  
 

We used the ChIP-seq data (Chuong et al. 2016) from the ENCODE dataset, 
focusing on three human cell lines treated with IFNG: K562 myeloid-derived 
cells, HeLa epithelial-derived cells, and primary CD14+ macrophages 
(Gerstein et al. 2012; Qiao et al. 2013). We selected 27 representative TE 
subfamilies enriched in the binding sites of IFNG-stimulated cells to visualize 
the TF-TE relationships in the Repeat Browser. We observed an enrichment 
of STAT1 ChIP-seq signal over MER41B in HeLa cells stimulated with IFNG 
(Schmid and Bucher 2010), which was displayed as a heatmap using the 
Heatmap view function (Figure 2A). We observed the peak occurrence over 
the consensus sequence of the MER41B subfamily (Figure 2B), validating the 
relationship between MER41B elements and STAT1 as described by Chuong 
et al  (Schmid and Bucher 2010; Chuong et al. 2016). A genome-wide view of 
MER41B signals and a sample view of HeLa-S3 on Chr7 are also provided 
(Figure 2C and 2D). We also utilized the Region Set View feature in the 
WashU Epigenome Browser to showcase several peaks across multiple 
regions of interest (Figures 2E and 2F). These visualizations indicate that 
many MER41B elements are likely bound directly by STAT1 in response to 
IFNG treatment, possibly due to STAT1 binding motifs embedded within their 
LTR sequences. 
 
Epigenetic treatment induces expression of the LTR12 families  
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CAGE-seq (Cap Analysis of Gene Expression sequencing) is a high-
throughput sequencing-based technique that quantitatively analyzes the 5' 
end of mRNA molecules, which addresses technical limitations encountered 
in conventional RNA-seq methodologies, including inadequate coverage of 
transcript 5′ ends, which is the transcription start site (TSS), and challenges in 
discerning multiple isoforms and splice variants, frequently overlapping with 
reference transcripts. Treatments of DNA methyltransferase inhibitors (DNMTi) 
and histone deacetylase inhibitors (HDACi) result in treatment-induced non-
annotated TSSs (TINATs) (Brocks et al. 2017; Goyal et al. 2023; Jang et al. 
2024). For example, DAPK1 (death-associated protein kinase 1) is a protein 
kinase that plays a crucial role in various cellular processes, and epigenetic 
treatments impact the 5′ region of DAPK1, such that HDACi can activate 
cryptic TSSs and create alternative promoters (Daskalakis et al. 2018). 
CAGE-seq data can be used to investigate TINATs on a global scale that is 
not dependent on reference gene annotation. 
 
Previous studies suggest that more than 80% of TINATs overlapped with TEs 
(Brocks et al. 2017)  and, in particular, the LTR class exhibited a higher rate of 
association with TINATs than would be expected by chance. Designated as 
LTR12 (Brind’Amour et al. 2018; Iouranova et al. 2022; Tam and Leung 2023) 
by Repbase annotation (Bao et al. 2015), these LTRs, notably LTR12C, 
exhibit a preferential localization around gene promoter regions, 
demonstrating a strong enrichment of TINATs (Brocks et al. 2017). In one 
study, LTR12C exhibited the highest enrichment value and was responsible 
for 50% of all detected TINATs. Given the inherited difficulties in analyzing 
data derived from TEs, we sought to recapitulate the results from Brocks et al. 
(Brocks et al. 2017) by using the Repeat Browser.  
 
We imported the CAGE-seq data from Brock et al.’s work (Brocks et al. 2017) 
into our repeat browser. Data labeled with dimethyl sulfoxide (DMSO) 
treatment were controls and were compared with data from treatment with 
DNMTi (DAC), HDACi (SB939), or both DAC and SB939 (DAC+SB). In Figure 
3A, focusing on the cells in the LTR12C column, the DAC+SB and DAC 
treatments showed a strong enrichment level compared to the DMSO 
treatment. Figure 3B presented the LTR12C genome copies as colored bars 
along the chromosomes with colors corresponding to the enrichment level. 
Next, clicking on one chromosome leads to a detailed plot chart. The blue 
dots represented data for DAC+SB, and the orange dots represented data for 
DAC across the chromosome. Clicking on a dot will take the users to the 
WashU Epigenome Browser for a detailed view (Figure 3C). 
 
We selected 5 highly enriched copies of LTR12C and visualized it on the 
WashU Epigenome Browser with the Region Set View function. We found 
peaks of H3K4me3 and H3K9ac in the active LTR12C copies (Figure 3D), 
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which demonstrated epigenetic drugs induced active histone states around 
genome copies of LTR12C. One of them, highlighted (Figure 3E), 
corresponded to the dots with three different color tooltips in Figure 3C. 
 
Investigating TF-TE relationships using ENCODE ChIP-seq data 
The WashU Repeat Browser offers several tools to facilitate the analysis of 
genomic data derived from TEs. One key application is the exploration of the 
TF-TE relationships. Extensive genomics studies (Jordan et al. 2003; Wang et 
al. 2007; Feschotte and Gilbert 2012; Pehrsson et al. 2019; Du et al. 2024) 
have substantiated the presence of functional binding sites for specific TFs 
within specific TEs, underscoring their role in the establishment and rewiring 
of gene regulatory networks. Given the insights of these studies, we sought to 
provide a tool to conduct such analyses in a more streamlined fashion.  
 
We selected 45 human ENCODE datasets involving four TFs (EP300, CTCF, 
SMC3, RAD21) to investigate their binding enrichment over TE subfamilies 
from all LTR, DNA, SINE, and LINE classes. We generated a heatmap to 
visualize the enrichment scores for each pair of TF and TE subfamilies using 
the Repeat Browser, and we displayed the top 100 TE subfamilies in Figure 
4A. To validate the relationships between TFs and TEs, we referred to 
Sundaram et. al.'s comprehensive analysis of the TF-TE relationships 
(Sundaram et al. 2014), which identified pairwise relationships between 
specific TE subfamilies and specific TFs. We explored the relationship 
between TE enrichment level and TE-derived binding peaks (Figure 4B). We 
chose four representative TFs (CTCF, RAD21, SMC3, and EP300) and 
compared the TE data identified in panel A of the first figure by Sundaram et 
al (Sundaram et al. 2014). For each TF, we initially sorted our TE data by 
enrichment level and established five distinct cutoffs. Consequently, our TE 
data were divided into five groups, each comprising only the data with 
enrichment levels exceeding the respective cutoffs. We then checked if our 
TE data belonged to the identified TF-TE relationships and calculated the 
precision for each of the five groups. For each group, the precision is the 
fraction of the number of our TE data belonging to the identified TF-TE 
relationships among the overall number of our TE data. Our analysis revealed 
that groups with higher cutoffs exhibited higher precision, indicating that highly 
enriched TEs are more likely to have TE-derived binding peaks mediated by 
TFs, particularly CTCF. The TE data from four TFs all present a varying 
degree of positive correlation (R > 0) with Sundaram et al.'s work. The 
distribution of the enrichment scores for the top 100 TEs in the heatmap is 
plotted in Figure 4C, with detailed information provided in Supplemental Table 
S2. The combination of TE subfamilies in Figure 1A of Sundaram et al. is 
displayed in a pie chart (Figure 4D).  
 

 Cold Spring Harbor Laboratory Press on May 1, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


From the heatmap, it is evident that LTR subfamilies significantly 
outnumbered LINE, SINE, and DNA elements in these relationships. 
Recognized for mediating long-range interactions in the genome 
(Merkenschlager and Odom 2013), CTCF and the cohesion complex (RAD21 
and SMC3) were noted for their significant involvement with LTR subfamilies, 
which contributed many regulatory elements. The CTCF, SMC3, and RAD21 
were identified to play more important roles in 3D chromatin structure than 
other TFs (including EP300), which may account for the much lower 
correlation of EP300 when analyzed alongside these three TFs (Zhang et al. 
2018). The combination of these two observations substantiated the idea that 
CTCF, RAD21, and SMC3 might have taken advantage of the LTR elements 
in evolving their target network.  
 
Discussion 
We developed the WashU Repeat Browser (https://repeatbrowser.org/) which 
was designed for researchers to study TE-derived cell type-specific regulatory 
elements and investigate the contributions of TEs to gene regulation in any 
cell type or tissue. Using this resource, rich functional information about TEs 
can be explored, allowing investigators to annotate the chromatin states of 
TEs and perform their analysis, and compare their data to publicly available 
data, which expands the access and availability of public genomic data for 
uncovering the role of TEs in biology and human health. 
 
Additionally, users can explore the epigenomic profiles of TEs across its 
consensus sequence, rather than solely on the linear reference genome. 
WashU Repeat Browser offers access to over 7,900 data sourced from 
various data portals, alongside more than 1,300 distinct TE subfamilies in 
both human and mouse genomes. We also provide a ranking function to sort 
the most enriched TFs on TEs or TEs on TFs based on pre-computed results. 
Multiple visualization components are provided: the Heatmap View provides a 
graphical representation of the enrichment levels of selected TEs and TFs, 
equipped with interactive features such as clustering, sorting, and 
screenshots; the Consensus View presents multiple tracks illustrating the 
distribution of genomics data enrichment across selected TE consensus 
sequences. Additionally, the Genome View displays enrichment levels across 
linear genome copies, allowing users to select multiple data for comparative 
analysis. Utilizing the filter function, users can identify genome loci where the 
genome copies exhibit the highest enrichment levels. Integration with the 
WashU Epigenome Browser facilitates detailed exploration of specific 
genomic regions, enhancing the depth of analysis and interpretation. 
 
UCSC Repeat Browser and WashU Repeat Browser 
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The WashU Repeat Browser is conceptually tightly related to the UCSC 
Repeat Browser (Fernandes et al. 2020) and provides more features, 
functions, and data. The UCSC Repeat Browser lifts the sequence from a 
repeat region annotated by RepeatMasker from the human genome assembly 
to the Dfam (Hubley et al. 2016) consensus of that repeat family and uses the 
consensus as a scaffold to display data. Thus, the UCSC Repeat Browser 
provides a similar function to the Consensus View of the WashU Repeat 
Browser and can be used to investigate one TE subfamily at a time. At this 
point, the UCSC Repeat Browser does not support non-human genomes and 
contains only limited pre-processed datasets, and users can also visualize 
their own data following its tutorial. A comparison of features for the two 
Repeat Browsers is listed in Supplemental Table S4. 
 
WashU Repeat Browser provides more visualization options including 
Heatmap, Consensus View, and Genome View, and is linked with the WashU 
Epigenome Browser (Li et al. 2022) to visualize profiles of each TE copy in 
the genome. Multiple TE subfamilies and datasets can be loaded at the same 
time via Heatmap View to explore the enrichment landscape across different 
datasets. Over 7,900 pre-processed datasets from public consortiums 
including ENCODE, Roadmap, and FANTOM5 (Kawaji et al. 2017) provide a 
rich resource for the exploration and comparison of these data. WashU 
Repeat Browser supports both human and mouse assemblies. In addition, the 
WashU Repeat Browser provides a mechanism to allow users to use their 
annotation and custom consensus sequences, making it more flexible to study 
TE genomics.  
 
Comparison with other TE analysis tools 
Many tools designed for processing high-throughput sequencing reads 
derived from TEs have been developed over the past decade, each with its 
focus and features. Supplemental Table S5 lists several related tools, 
including their features. In this study, we focused on developing visualization 
technologies, and we chose to use iteres for data processing. It is possible to 
use other tools and format their output data for visualization on the WashU 
Repeat Browser. 
 
Future directions for this work include the incorporation of additional data 
types and enhancements to the user interface (UI) design of the WashU 
Repeat Browser. As RNA-seq data continues to gain prominence in research, 
one key objective is to develop and integrate data processing pipelines for 
RNA-seq data into our system. Moreover, we plan to integrate the track 
design features of the WashU Epigenome Browser into the consensus view to 
enhance its functionality. Additionally, we will explore improved methods for 
visualizing the relationship between TE consensus sequences and linear 
references to achieve more effective data representation. 
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Methods 
 
Data Processing 
We download the raw reads of epigenomics data for human and mouse, 
including ChIP-seq, DNase-seq, ATAC-seq, and CAGE-seq data, from 
ENCODE and Roadmap through the ENCODE data portal (The ENCODE 
Project Consortium 2012).  All reads, except for CAGE-seq reads, are 
mapped to the human (hg38 and hg19) and mouse (mm10) genomes using 
the BWA aligner (version 0.7.17) with the default setting for uniform 
processing. Mapping to both hg38 and hg19 allows users to access and utilize 
both assemblies, providing flexibility to view data in the context of either hg38 
or hg19 as needed. The CAGE-seq reads are processed using the STAR 
aligner (version 2.5.3a) (Dobin et al. 2013). The alignment result files 
generated by aligner tools are then processed with iteres (Xie et al. 2013; 
Sundaram et al. 2014) to calculate Reads Per Kilobase per Million mapped 
reads (RPKM) scores for repeats at each subfamily, family, and class level. 
Enrichment is then calculated using the RPKM score of the subfamily against 
the corresponding input/control samples if there was input, like ChIP-seq data, 
or the average of RPKM of all subfamilies if there was no input, like DNase-
seq and ATAC-seq data. In the analysis of CAGE-seq data, mapping 
locations of TSS are used rather than the entire reads. During the procedure, 
users have the flexibility to specify the length of the TSS flanking region 
during data processing. We then compute the RPKM score for the subfamily 
against the average RPKM of all subfamilies at the defined TSS. The RPKM 
scores of subfamilies are used for further analysis and visualization.  
 
To ensure efficient storage and accessibility, the processed data are stored in 
a cloud server at WashU in the Zarr format. Zarr is a format for storing and 
organizing large, multidimensional arrays of numerical data. Each Zarr file 
comprises statistical information on each repeat subfamily, including the 
distribution of reads across the consensus sequences of each subfamily, as 
well as the genomic location of each segment within the subfamily. 
Additionally, the Zarr file incorporates metadata such as sample and assay 
information.  
 
Enrichment Calculation 

The computation of enrichment of any TE subfamily in a particular assay 
varies. The enrichment score is quantified through the RPKM and logarithmic 
RPKM, as outlined below: 

• RPKM: 
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Note that the quantification of reads is based on the count of mapped 
reads (unique or all mapped), while the measurement of the TE 
consensus sequence length is expressed in terms of base pairs.  

• Log odds ratio calculation of ChIP-seq data: 

����,� � log
�

�
�����,� of data signal

�����,� of data control
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• where ����,� of ChIP-seq data stands for the ratio between the RPKM 

values of signal and control through the experiment dataset � and TE 
subfamily �. �����,� is the RKPM of the reads from ChIP-seq dataset � 

that mapped to TE subfamily �.  

• Log odds ratio calculation of DNase-seq and ATAC-seq: 
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where ����,� of DNase-seq and ATAC-seq stands for log-ratio between 

the �����,� and the average RKPM of reads from dataset � that are 

mapped to all TE subfamilies.  �����,� is the RKPM of the reads from 

dataset � that mapped to TE subfamily �.  

• RPKM and Log odds ratio calculation of CAGE-seq: 
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The computational procedure for CAGE-seq is similar to that of DNase-seq 
and ATAC-seq. However, a distinct preprocessing step is employed wherein 
the input reads are filtered to retain only in the TSS. Also, the length of TSS 
can be specified during data processing.  
 
Web interface design 
The WashU Repeat Browser uses Python for the backend engine, which 
supports running fast clustering and sorting algorithms for the Heatmap view. 
We use HTML5 and JavaScript for frontend web design, incorporating 
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libraries such as JQuery (https://jquery.com/), Plotly 
(https://plotly.com/javascript/), and D3.js (https://d3js.org/). The frontend code 
is based on Svelte (https://svelte.dev), which is a JavaScript framework used 
for building user interfaces. Graphical rendering is accomplished using 
HTML5 Canvas and inline SVG (Scalable Vector Graphics). Additionally, 
visualization on the WashU Repeat Browser can be exported to a JSON 
session file. This file contains all the information necessary for reproducing 
the data visualization. Users can easily save and restore their visualization 
results using this function. The documentation of how to use the web interface 
can be found in the supplemental file (Supplemental Tutorial) and the 
documentation site with a tutorial video. 
 
Data access 
The data processed by our pipeline is freely available and stored in a 
Washington University in St. Louis hosted Simple Storage Service (S3) bucket. 
The accessible URLs for these data are provided in Supplemental Table S1, 
which can be accessed via direct web access or command line tools. 
 

Software availability 
The code for the Repeat Browser website can be found on GitHub 
(https://github.com/twlab/Repeat-Browser) and the Supplemental Code S1 file.  
The code for the data processing pipeline can be found on GitHub 
(https://github.com/twlab/Repeat-Browser_data_processing) and the 
Supplemental Code S2 file. The tutorial for the Repeat Browser is located at 
https://rb-doc.readthedocs.io/. 
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Figures 
Figure 1. The overall design of the WashU Repeat Browser. (A) Genomics data from 
public consortiums are downloaded and processed through our in-house pipeline and 
stored in the cloud server for remote access. In this pipeline, our algorithm iteres 
uses two steps to process the data (details in panels B and C). (B) In step 1, we treat 
reads from CAGE-seq differently from the reads from other assays, we extract the 
transcription start site (TSS) locations from CAGE-seq data and mapping locations of 
reads from other assays for the next step. (C) In step 2, based on locations from the 
last step, there are three scenarios when assigning reads to TEs: (1) Uniquely 
mapped reads are directly allocated to the mapped TE subfamilies. (2) Multi-mapped 
reads, exhibiting different mapping qualities across distinct TE subfamilies, are 
assigned to the TE subfamily with better mapping quality. (3) Multi-mapped reads 
that cannot be assigned to a subfamily with a higher mapping quality are excluded. 
Reads will be ultimately anchored to the consensus sequences of the corresponding 
repeat subfamily. (D) Repeat Browser web interface provides two panels for 
choosing the repeat subfamilies and datasets. After selecting the repeat subfamilies 
and datasets, statistics of selected datasets over chosen repeat subfamilies can be 
visualized via the Heatmap View, Consensus View, and Genome View. Profiles of 
individual repeat copies in the genome can be visualized in the linked WashU 
Epigenome Browser platform. 
 
Figure 2. Overview of analysis of MER41B in HeLa-S3 cell line bound by STAT1. (A) 
The highlighted cell of Heatmap View indicates strong enrichment of STAT1 ChIP-
seq reads in the TE subfamily MER41B in HeLa-S3 cells. The heatmap can be 
updated by sorting the metadata. (B) A Consensus View on MER41B, read density 
plots of two STAT1 ChIP-seq replicates are displayed along with two control tracks 
on the MER41B consensus sequence. Signals from both unique reads and multi-
reads are displayed with colors brown and blue, respectively. The first track contains 
a ruler bar and the color-coded nucleotide sequence of the MER41B consensus 
sequence. The genome coverage track represents the count of individual MER41B 
copies across the whole genome over each position of the consensus sequence. The 
four tracks below are two signal tracks along with two control tracks.  (C) Genome 
View of MER41B. It visually represents the distribution and enrichment RPKM 
(Reads Per Kilobase Million) of the MER41B repeat across different human 
chromosomes where copies with different values are displayed in different colors, 
with high enrichment values shown in red. (D) A lollipop plot displays the enrichment 
scores of TE copies across different genome locations; each dot is a genome copy 
on the selected chromosome, the dot size depends on its RPKM. The x-axis 
represents the chromosome loci, and the y-axis represents the enrichment level of 
the copy. Below is an ideogram, with the red bar indicating the genomic region of the 
plot. Clicking the dots will navigate the user to the WashU Epigenome Browser for a 
more detailed view. (E) To utilize the WashU Epigenome Browser, Region Set View 
in the WashU Epigenome Browser displays multiple regions of interest (in this case, 
copies of a TE subfamily) side-by-side. We selected 11 highly enriched copies of 
MER41B and visualized them on the WashU Epigenome Browser with the Region 
Set View function. 11 MER41B copies (green) and the 5kb flanking regions up (blue) 
and downstream (yellow) of each copy are displayed. Tracks included are H3K27ac, 
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H3K4me1, two replicates of STAT1 ChIP-seq, input reads, and RefSeq gene 
annotation. We observed the co-enrichment of H3K4me1 and H3K27ac over these 
MER41B elements using the HeLa-S3 cell line data. (F) One of the columns 
(indicated in the red dotted box in Figure 4E) was explored with the WashU 
Epigenome Browser to see the detailed distribution on that MER41B copy. In this 
zoom-in view, we can observe the peaks in the two STAT1 tracks corresponding to 
the loci of the MER41B genome copy.  
 
Figure 3. Visualization of LTR12C using CAGE-seq data following treatment of 
epigenetic drugs. (A) The highlighted cell in Heatmap View indicates strong 
enrichment of CAGE-seq TSS in the TE subfamily LTR12C in cells treated with 
DAC+SB. (B) Genome View of LTR12C copies in cells treated with DAC+SB. (C) 
The single-end (SE) data of LTR12C copies in cells treated with DAC+SB, DMSO, 
and DAC were used to calculate individual copy enrichment scores, which are 
displayed in the lollipop plots. (D) Region Set View in the WashU Epigenome 
Browser displays multiple regions of interest (in this case, copies of the LTR12 
subfamily) side-by-side. Five LTR12C copies (dark green) and the 5kb flanking 
regions upstream (blue) and downstream (yellow) of each copy are displayed. The 
nine tracks included are three CAGE-seq data and six ChIP-seq data of H3K9ac and 
H3K4me3 that follow the treatment of DMSO, DAC, and DAC+SB individually. 
Additionally, the RefSeq gene annotation (MANE Selection v1.0) is provided at the 
top. (E) Zoomed-in Genome Browser view of one example LTR12C element 
highlighted in (D) with a red dashed box. 
 
Figure 4. Comprehensive visualization of associations between four TFs (CTCF, 
SMC3, RAD21, EP300) and TEs. (A) A heatmap depicting the RPKM ratios of signal 
over control data of four TFs from ENCODE. Each column represents a set of RPKM 
ratios within a TE subfamily. The ratios were computed for the data of CTCF, SMC3, 
RAD21, and EP300 in TEs from families such as ERV1, ERVL, ERVK, L1, L2, hAT-
Tip100, TcMAR-Tigger, hAT-Charlie, and Alu. We identified 27 TE subfamilies which 
were most statistically significantly associated with the 4 TFs across 31 datasets. The 
comprehensive heatmap and detailed table encompassing all the data from the 4 
TFs and all TEs were presented in Supplemental Figure S2 and Supplemental Table 
S3. (B) Precision metrics for utilizing ratio values to predict the correlation between 
data enrichment levels and the presence of binding peaks. The x-axis represents the 
cut-off RPKM ratio of the input data. The y-axis refers to the precision of datasets 
containing binding peaks. (C) Violin graph illustrating the distribution of enrichment 
scores in the heatmaps. (D) Pie chart presenting the TE subfamilies featured in the 
heatmap. The inner circle represents the TE class, while the outer ring represents the 
TE family. 
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