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Abstract

Plant genomes encode a complex and evolutionary diverse regulatory grammar that forms the basis for
most life on earth. A wealth of regulome and epigenome data have been generated in various plant
species, but no common, standardized resource is available so far for biologists. Here we present ChIP-
Hub, an integrative web-based platform in the ENCODE standards that bundles publicly available

datasets reanalyzed from >40 plant species, allowing visualization and meta-analysis.
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Main

Genome-wide charting of transcription factor binding and epigenetic status has become widely used to
study gene-regulatory programs in animals and plants. Accordingly, a tremendous amount of data have
been generated by several large consortiums (such as the ENCODE consortium in human® and mouse?,
as well as the modENCODE consortium in fly> and nematode®) or various smaller projects (such as the
fruitENCODE project in flowering plants®). Several databases®® were recently established for
visualization and efficient deployment of public ChIP-seq data by the research community. However, no
comprehensive resource is available for plant research. Another major bottleneck in current plant
research is the lack of a standardized routine for evaluation and analysis of ChIP-seq data. Therefore, the
comparison of data generated by different laboratories is not straightforward, hampering data

integration to generate novel hypotheses for further investigation.

Here, we present an integrative web-based platform (ChIP-Hub, http://www.chip-hub.org) for exploring
the comprehensive reanalysis of >5600 individual datasets in more than 40 plant species, including data
to study both transcription-factor (TF) binding and histone modifications (Fig. 1a and Supplementary Fig.
1). To this end, we adapted the working standards provided by the ENCODE consortium® to set up
computational pipelines (Fig. 1b) and to systematically reanalyze public ChIP-seq and DAP-seq™™
experiments in plants, with careful manual curation through assessing ~360 original publications (Fig.
1a,b). We systematically evaluate the data quality of individual experiments (n=3078; Fig. 1c). Although
93.3% of the experiments have been published in peer-reviewed journals, nearly 25% of the
experiments lack control datasets, 36.7% have a low sequencing depth that limits peak calling, and only
37.5% have replicates. Problems of low sequencing depth and lack of controls or replicates is more

obvious in the earlier studies (Supplementary Fig. 2). Nevertheless, most of the evaluated experiments

readily meet a variety of quality specifications based on the ENCODE criteria’ (Fig. 1c).

We identified a total of 23.7 million high-confidence peaks (with an IDR, Irreproducible Discovery Rate?,
< 0.05; see Methods) from experiments for annotated TFs or widely-investigated histone H3
modifications. For genomes with more than 15 distinct experiments, the number of identified TF binding
events or histone-modified genomic regions varies from 0.21 million (Chlamydomonas reinhardtii;
experiments n=32) to 8.5 million (Arabidopsis thaliana; n=1647); the fraction of genome associated with
potential functional elements shows an average of 18.0 % (Fig. 2a), with comparable proportions found
in the mouse (12.6%) and human (~20%) genomes'”. However, the proportion may be far

underestimated for most plant genomes since many regulators have not yet been investigated. Of note,


https://doi.org/10.1101/768903
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/768903; this version posted September 14, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available
under aCC-BY-NC-ND 4.0 International license.

about 1600 individual experiments for >640 different factors and 15 histone modifications have been
generated in Arabidopsis (Fig. 2b), resulting in functionally annotated genomic regions encompassing at
least 82.0% of the Arabidopsis genomic sequence in aggregate (Fig. 2a). Interestingly, 58.1% of
Arabidopsis genome is annotated as potential regulatory regions based on 291 ChIP-seq experiments for
129 distinct TFs (Supplementary Fig. 3 and Supplementary Table 1), suggesting pervasive genome
regulation in Arabidopsis. Integrative analysis of TF-bound genomic regions and target genes revealed
potential TF co-associations (Supplementary Figs. 4 and 5) and comprehensive miRNA-mediated feed-

forward loops®? (FFLs; Supplementary Fig. 6).

In order to predict the functional relevance of the genomic regions marked by histone modifications, we
generated integrated maps of chromatin states in vegetative-, reproductive- or root-related tissues of
wide-type plants for genomes with at least five distinct marks (Supplementary Table 3 and
Supplementary Fig. 7), using ChromHMM™ to segment the genome into distinct combination of histone
modification marks (Supplementary Fig. 8). As a proof of concept, a 12-state model was trained in
Arabidopsis vegetative-related tissues (Fig. 2c). The resulting “marked” states included six active states,
four repressed states and a bivalent state that showed distinct levels of TF binding and enrichment for
evolutionary conserved noncoding sequences (Fig. 2d-h; see also Supplementary Text), accounting for
77.8% of the genome (Fig. 2f) and covering all the major states identified in previous studies™™ ™. The
generation of these tissue-specific maps of chromatin states (Fig. 2c-h and Supplementary Figs. 9-13)
also offers an unprecedented level of comparison of genomic features among different plant species.
We thus tracked the evolution of chromatin states in vegetative-related tissues across five plant species
(i.e., Arabidopsis, rice, barley, wheat and maize) using Arabidopsis as a reference (see Methods). We
observed that most Arabidopsis chromatin states (excepted heterochromatin-related states) were highly
conserved in other plant species (Fig. 2i). For example, orthologous sequences were found for 61.1% of
Polycomb-repressed regions in at least one of the compared species. Moreover, we found significant
epigenomic conservation at orthologous chromatin state-marked regions (Fig. 2j), consistent with

results in human®é,

To make our data easily accessible to external users, we have developed an integrated Shiny application
to explore all the reanalyzed data sets. Additional data (e.g., sample metadata, references, TF genes,
miRNAs, TF motifs, chromatin states and comparative genomics) were also collected and deposited in
the database (Fig. 1b). Therefore, the resources are bundled in a well-accessible application that also

allows visualization and meta-analyses (Supplementary Figs. 14-17).
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In conclusion, ChIP-Hub serves as a comprehensive data portal to explore plant regulomes. A routine to
maintain and update ChIP-Hub in the future has been established. We hope that ChIP-Hub will not only
allow experimental biologists from various fields to comprehensively use all available regulome and
epigenome information to get novel insights into their specific questions, but also allow theoretical

biologists to model regulatory relationships under a specific conditions and developmental states.
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Figure 1. Reanalysis and evaluation of published regulome and epigenome experiments in plants. (a)
Overview of published regulome and epigenome data in plants. The scatter plot (top left) shows the
number of datasets over time (in month [mo.]), as colored by the top representative plant species. Each
data point represents one SRA BioProject. The cumulative number is also shown. An overview of the
number of datasets, publications and BioProjects over time is shown in the timeline plots (bottom left).
The right pie charts showing the distribution of datasets by plant species (top) or by sample categories
(bottom). (b) A standardized, semi-automatic analysis pipeline developed for regulome and epigenome
experiments. We adapted the working standards provided by the ENCODE consortium® to set up the
computational pipeline, including read mapping, peak calling and subsequent statistical treatment of
replicates. The resulting data are further integrated by ChromHMM™* for each plant species. All the
metadata as well as analyzed data are bundled in our Shiny application ChIP-Hub for visualization and
meta-analysis. (c¢) Evaluation of published regulome and epigenome experiments (n=3087) in plants.
Donut charts (top) show different aspects of evaluation of the published experiments. The bottom bar
chart shows the quality of experiments based on various quality metrics proposed by the ENCODE
consortium®. Refer to Supplementary Fig. 18 for the definition of metrics categories. Note that all the
numbers in this figure were summarized based on data collected on July 9th, 2019. SRA: sequence read
archive; SPOT: signal portion of tags; FRiP: fraction of reads in peaks; NSC: normalized strand cross-
correlation coefficient. RSC: relative Strand cross-correlation coefficient; NRF: non-redundant fraction;

PBC1/2: PCR bottlenecking coefficients 1/2.

Figure 2. Systematic annotation of regulome and epigenome experiments. (a) Annotated genomic
regions versus the genome size. Pie charts show the percentage of genomes annotated by ChlIP-seq data.
Only genomes with >15 experiments are shown. Full names of genomes can be found in Supplementary
Table 4. (b) Treemap showing the classification of experiments in Arabidopsis thaliana according to the
types of histone modifications or transcription factor (TF) families. (c-h) Definition and enrichment for a
12-state ChromHMM™ model based on eleven histone modification marks in Arabidopsis vegetative-
related tissues. Darker green color in the heatmaps indicates a higher probability or enrichment. In the
plots, each row corresponds to a different state (in different colors), and each column corresponds to a
different mark, a genomic annotation (c), gene expression patterns (d), chromatin accessibility*°(e), TF
binding for a different TF families and leaf enhancers®°(g), or conservation information (h). Percentage

and description of states summarized based on the overall enrichment of different categories of
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annotations (see Supplementary Text for discussion) are shown in (f). Gene expression data from ref.?’;
conserved noncoding sequences (CNSs) and phastCons conservation score (based on nine-way multiple
alignment) between Arabidopsis and other crucifers from ref.”. (i,j) Chromatin state conservation
between Arabidopsis and other four plant species with annotated states, in vegetative-related tissues. (i)
Bar chart showing the percentage of conserved Arabidopsis chromatin states. The number of conserved
plants is distinctly colored. Colors for states are explained in (j). (j) Enrichment of chromatin state
conservation between Arabidopsis (row) and other species (column). Pairwise enrichment score was
calculated based on Jaccard statistics, which measures the ratio of the number of conserved base pairs
to the number of base pairs in union. Darker green in the heatmap indicates a higher enrichment. States
with similar compositions of histone modification marks are colored in the same way among different
plant species. Matched states between Arabidopsis and other species are labeled as “X”. Chromatin
states without matched states in Arabidopsis are indicated in black. Unmarked states are colored in grey.
Annotation of chromatin states in barley, rice, wheat and maize can be found in Supplementary Figs. 9-

13.
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Methods

Data source, curation and collection

Metadata of ChIP-seq and DAP-seq samples (equivalent to datasets, accession numbers start with
SRX/ERX/DRX) and projects (start with SRP/ERP/DRP) were retrieved from NCBI SRA

(https://www.ncbi.nlm.nih.gov/sra), BioSample (https://www.ncbi.nlm.nih.gov/biosample), BioProject

(https://www.ncbi.nlm.nih.gov/bioproject) and/or GEQO (https://www.ncbi.nlm.nih.gov/geo) databases.

ChIP-Hub has a focus on data in “green plants” (i.e., only considering plants in the taxonomy tree with a
root ID 33090). Only data generated by Illumina platforms were kept. Firstly, each dataset was
associated with publication(s) if available (more than 90% samples can be linked with publications).
Then, each dataset was manually curated to determine its investigated factor (i.e., which TF or histone
modification mark), its experimental type (whether ChIP or control) and its associated replicates
(experiment may have several replicates), based on the metadata and the original publications. Note
that it is important to manually check the metadata based on its corresponding publication since some
metadata was misannotated in the database. For example, the dataset SRX4063234 in fact contains two
different samples, one for ChIP experiment (SRR7142417) and another for control experiment
(SRR7142416). In this case, “Run” accessions (start with SRR/ERR/DRR) were instead used as sample
accessions (ca. 250 of such cases). For datasets without related publications so far, they were marked as
a “unconfirmed” status and would be regularly checked in the future. In general, one experiment may
contain replicate samples (i.e., datasets), ChIP sample(s) as well as input control sample(s) and it was
designed to investigate regulation of a specific factor (e.g., TF or histone modification) of interest under
specific conditions. In the analysis (see the section below), each experiment was processed
independently. Furthermore, annotation information for investigated factors was also manually curated.
Broadly, factors are grouped into “TFs and other proteins”, “histone-related” or “unclassified”. For TFs,
their gene IDs and family information were also determined if applicable. Finally, a meta file was
obtained for each experiment after curation (see Supplementary Fig. 19 for examples), which is served

as an input file for the ChIP-seq computation pipeline (see below).

Raw fastq files for each experiment were downloaded from the European Nucleotide Archive (ENA,

https://www.ebi.ac.uk/ena) database. If fastq files were not available at ENA, raw data in the SRA

format were downloaded from the SRA database and converted into fastq format using the “fastg-dump”
command provided by the SRA Toolkit (version 2.5.1). The “--split-files” option was used for paired-end

reads. Fastq files were further checked for completeness before submitted to analysis.
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Genome sequences and gene annotations were downloaded from public databases (Supplementary
Table 4). Additional annotation data were also included in the ChIP-Hub database in order to better
annotate the regulatory factors and their regulatory networks. Annotation for miRNA genes were
obtained from miRBase” and their genomic locations were updated (by BLAST) based on current
reference genomes. TF family information was retrieved from PlantTFDB*. TF DNA binding motifs were
downloaded from the JASPAR?, CIS-BP** and PlantTFDB* databases and were scanned for occurrences

in the genome using FIMO?®. These data were provided as separated data tracks in the genome browser.

ChiP-seq data processing

We followed the ChIP-seq data analysis guidelines’ recommended by the ENCODE project to develop
computational pipeline for ChIP-seq and DAP-seq data analysis (Fig. 1b). The analysis pipeline consists of
quality control, read mapping, peak calling and assessment of reproducibility among biological replicates
and was used to analyze all annotated experiments a standardized and uniform manner. Specifically,
potential adapter sequences were removed from the sequencing reads using the Trim Galore program
(version 0.4.1) and the quality of sequencing data was then evaluated by FastQC
(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Clean reads were mapped to the
corresponding reference genomes using Bowtie2 (version 2.2.6; ref.?’) with parameters “-q --no-unal -
threads 8 --sensitive”. The parameter “-k” was set to 1, 2 and 3 for diploid genomes (e.g., Oryza sativa),
tetraploid genomes (e.g., Gossypium barbadense) and hexaploidy genomes (e.g., Triticum aestivum),
respectively. Redundant reads and PCR duplicates were removed using Picard tools (v2.60;

http://broadinstitute.github.io/picard/) and SAMtools*® (version 0.1.19).

Peak calling was performed using MACS2 (version 2.1.0; ref.”). Duplicated reads were not considered (“-
-keep-dup=1") during peak calling in order to achieve a better specificity®’. The shifting size (“--shift”)
used in the model was determined by the analysis of cross-correlation scores using the

phantompeakqualtools package (https://code.google.com/p/phantompeakqualtools/). The parameter “-

-call-summits” was used to call narrow peaks. For broad marks of histone modifications (including
H3K36me3, H3K20mel, H3K4mel, H3K79me2, H3K79me3, H3K27me3, H3K9me3 and H3K9me1l), broad
peaks were also called by turning on the “--broad” parameter in MACS2. A relaxed threshold of p-value
(p-value < 1e-2) was used in order to enable the correct computation of IDR (irreproducible discovery
rate) values®, because IDR requires input peak data across the entire spectrum of high confidence (signal)
and low confidence (noise) so that a bivariate model can be fitted to separate signal from noise™.

Following the recommendations for the analysis of self-consistency and reproducibility between
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replicates®?, replicate control samples (if available) were combined into one single control in the same
experiment. Peak calling was applied to all replicates, pooled data (pooled replicates), pseudo-replicates
(half subsample of reads) of each replicate and the pseudo-replicates of pooled sample using the same
merged control as input (if applicable). By default, “reproducible” peaks across pseudo-replicates and
true replicates with an IDR < 0.05 were recommend for analysis. Besides, peaks with different statistical
thresholds are available upon request. For example, “significant” peaks were defined as a fold-change
(fold enrichment above background) > 2 and a -log10 (g-value) > 3; while “lenient” peaks as a fold-
change > 2 and a -log10 (g-value) > 2. “Relaxed” peaks without additional thresholding were also
provided so that any custom threshold can be applied. All peak-based analyses in the pipeline (including

peak overlapping, merging and summary) were performed using BEDTools (v2.25.0; ref.*).

Various metric scores were calculated to assess different aspects of the quality of experiments

(https://genome.ucsc.edu/ENCODE/qualityMetrics.html and  https://www.encodeproject.org/data-

standards/terms/; Fig. 1¢ and Supplementary Fig. 19). For example, library complexity is measured
using the non-redundant fraction (NRF) and PCR bottlenecking coefficients 1 and 2 (PBC1 and PBC2). The
SPOT (signal portion of tags) score, characterizing the enrichment of signal for each experiment, was
calculated by the Hotspot®? algorithm by subsampling ten million reads. Fraction of reads in peaks (FRiP),
another measure of enrichment, is highly correlated with the SPOT score (Supplementary Fig. 20). NSC
and RSC (normalized and relative strand cross-correlation coefficient) are related measures of
enrichment without dependence on pre-defined peaks, which were calculated by the

phantompeakqualtools program.

For visualization purpose, wiggle tracks (using pooled data across replicates) were generated by
DeepTools® with the “bamCoverage” program; different normalization methods (including RPKM [reads
per kilobase per million mapped reads], CPM [counts per million mapped reads], BPM [bins per million
mapped reads], RPGC [reads per genomic content normalized to 1x sequencing depth] and None) were
used to generate different types of signal files. ChIP-seq tracks were visualized in the WashU Epigenome

Browser™,

Assignment of target genes

Regulatory elements (in layman's terms, called “peaks”) were assigned to putative target genes based
on the following rules. For a regulatory region overlapping with any gene(s) (protein-coding genes or
miRNAs), the overlapping gene(s) were considered as its targets. Otherwise, the regulatory element was

assigned to its nearest annotated gene within up to N bp, where N is the median size of intergenic
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regions (N was set to 3000 if the median size exceeded 3000). The start of genes (i.e., the transcription
start site [TSS] of protein-coding genes and the 5’ end of miRNA precursors [pre-miRNAs]) was used to
calculate the distance. In general, this approach associates a single regulatory element with no more
than two genes, with a few exceptions in the case of the regulatory element overlapping multiple genes.

This procedure was performed in each species independently.

Chromatin state analysis

In order to use the collected histone modification ChlIP-seq data from diverse studies for chromatin state
analysis and to make the data more comparative among different plant species, only well-characterized
H3-related histone modification marks (including H3K9ac, H3K27ac, H3K4mel/2/3, H3K9mel/2/3,
H3K27mel/2/3 and H3K36mel/2/3) were considered and only data generated in wild-type plants were
used. Furthermore, the datasets were broadly categorized into vegetative-, reproductive- and root-
related samples based on their tissue specificity (Supplementary Table 3). In general, these broadly
defined “tissue” types (termed reference tissue types) are more comparative among different plant
species and difference in tissue collection by different studies can be eliminated. Although the analysis is
cell type agnostic, it is informative even when the relevant cell or tissue type has not been
experimentally profiled (this is the most case in plants so far). In addition, we filtered out experiments
with less than 1000 called peaks and only considered plant species with at least five distinct types of
histone modification marks. In summary, 251 experiments from five plant species were retained for

chromatin state analysis (Supplementary Table 3 and Supplementary Fig. 7).

ChromHMM™ (version 1.19) was applied on the ChIP-seq data of histone modifications in three
reference tissue types in five plant species to learn a multivariate HMM model for segmentation of
genome in each tissue type. Specifically, the called peaks were first pooled from different ChlP-seq
experiments for each type of the histone modifications in each tissue type for each genome separately.
Peaks within blacklist regions were excluded from the analysis. The remaining pooled peaks were then
processed by the “BinarizeBed” command (with the parameter “-peaks”) into binarized data in every
200 bp window over the entire genome. Models were trained independently for each reference tissue
type in each genome since the composition of marks varied in different tissue types. We ran the
“LearnModel” command with the number of states ranging from 2 states to 15 states and selected an
“optimal-state” model based on a rule that the number of states appeared most parsimonious in terms
of clearly distinct emission properties and clear interpretability of distinction between states

(Supplementary Figs. 8-13). Furthermore, the resulting chromatin states were interpreted based on
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enrichment analysis of various types of functional annotations, such as gene elements, neighboring gene

expression pattern, TF binding, chromatin accessibility and predicted enhancers®®

. To this end, the
“OverlapEnrichment” and “NeighborhoodEnrichment” commands were used in the analysis. The

meaningful mnemonics of states for Arabidopsis vegetative-related tissues was given in Fig. 2f.

Comparative genomics and cross-species comparisons

Whole-genome alignments were performed in a similar way as described in ref.”!. Briefly, soft masked
genomes were aligned to each other using the LastZ alignment algorithm®. Collinear alignment blocks
separated by gaps of <100 kb were then “chained” according to their locations in both genomes and
“netted” to choose the best sub-chain for the reference species®’. For polyploid plants, each sub-
genome was individually analyzed such that each contained non-overlapping chaining. The whole-
genome alignments can be visualized together with epigenomic tracks through the integrated

Epigenome Browser (see below).

Pairwise comparisons of chromatin states were performed by one-to-one mapping annotated regions
between species based on the above whole-genome alignments. For regions mapped to multiple
orthologous locations in the other genome (i.e., regions split over multiple alignment blocks), only the
largest orthologous region in the same alignment block was considered. Marked regions were
considered as conserved between species when their orthologous location in the second species
overlapped a marked region by a minimum of 50%. Note that the minimum required overlap had little
influence on the overall results given that the median value of overlaps is 100% and the mean value is
89.9%. To make state interpretations more comparable across different species (chromatin marks
available for state prediction were slightly different among species, see Supplementary Figs. 9-13), the
learned chromatin states were re-interpreted (Fig. 2i,j) based on a common set of marks as possible

(Supplementary Fig. 21).

Analysis of gene regulatory networks

To study gene regulatory networks (GRNs) controlled by TFs with available ChIP-seq data, we focused on
a specific network motif, TF-miRNA-TF feed-forward loops (FFLs), which involves targeting of a TF to
both miRNAs and miRNA target TFs. Such trifurcate regulatory circuits are of importance for fine tuning

of downstream gene expression®®>®

. We highlighted the analysis on Arabidopsis data since a
comprehensive list of TFs have been investigated by ChIP-seq experiments in this plant species (Fig. 2c).

The methodology, however, can easily be applied to data from any other plants when more and more
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data are generated. In the miRNA-mediated FFLs, target genes of miRNAs were predicted by the
TargetFinder tool*’, with a prediction score cut-off value set to 4. Other relationships (i.e., TF-miRNA and
TF-TF) were supported by ChIP-seq data. The final meta-network consisted of regulatory relationships
among 97 master TFs, 125 miRNAs and 447 common target TFs (Supplementary Fig. 6a and
Supplementary Table 2), covering nearly two-thirds of the predicted FFLs involved in flower

development®® (Supplementary Fig. 6b,c).

ChIP-Hub Shiny application
In order to efficiently use our reanalyzed data by external users, we developed an integrative web-based

application (ChIP-Hub) with the Shiny framework (http://shiny.rstudio.com/), which combines the

computational power of R with friendly and interactive web interfaces (Supplementary Fig. 14). All the
sample metadata, curated metadata and analyzed result data were loaded into a MySQL database,
allowing for interactive retrieval through the ChIP-Hub interface. These data were presented in tabular
and chart forms in our Shiny web application. Furthermore, the data can be searched by keyword or
gene to select datasets of interests. The associated result files, such as wiggle signal files, peak files and
additional annotation files, can be loaded into the integrated Epigenome Browser

(http://www.epiplant.hu-berlin.de/browser/) for visualization.

Online access and updates

To make this project easier to maintain for a long life and to update in time, we have developed a semi-
automatic computational program (ChlPer) for this purpose. The program regularly (in very month
according to our current plan) checks whether any new datasets available in public databases. If so, the
new datasets will be sent for curation via email and the curated datasets will be automatically analyzed
by the data processing pipeline. New result files will be uploaded to our web server when the analysis is

done. Besides, we would include more functionalities in our Shiny application as required.

Statistics and reproducibility
If not specified, all statistical analyses and data visualization were done in R (version 3.4.1). R packages
such as ggplot2 and plotly were heavily used for graphics. All the sources data for each figure can be

found in the supplementary tables and the latest data can be found in our ChIP-Hub website.
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Data availability

The data can be viewed, mined and downloaded through the ChIP-Hub website (http://www.chip-

hub.org).


https://doi.org/10.1101/768903
http://creativecommons.org/licenses/by-nc-nd/4.0/

a s.
S 7| @ Arabidopsis thaliana (n=3783) @ sRP045296
® Oryza sativa (n=352) 38
@ Solanum lycopersicum (n=136) B o
S ® Zca mays (n=458) i 2
m — —
g2 @® Others (n=917) @ ® g
0 & o C
© J -3 2
3 ° ® [ '2 S 2
S o . [ ® ° % ° : ° 06 %
z <7 ° o ® oo g, Q. o | S
° [ ] .. .. [ ] ' o ® ¢ [ ] >S5
L oo e o o0 ®@e e o000 00 © o O
° . . L] . . o oo ocoewm o O
oo o ® o 00 o oo o ® ®w eceo e o o ome 9
o _ro
T L L IAREN DRRRRRERALERELEREERRERN R
2010 2012 2014 2016 2018 Release date/mo.
Datasets 9 6
; @ o wwor-assdrocaliinell miiainissibdie (-0
Projects
000 oo onacentilpoal)@REBEID@ -5
Publications
@@ == coec :puse Goo PSR dnmidnd (-:50)

b

Manual
curation
ChiP  Control
Rep1 Rep1
Quality control Rep2  Rep2
(QC) metrics FASTQ  Rep3  Rep3
((1) FastQC ) Mapplng
) - &fllterlng
(2) Mapping statistics
(3) Library complexity Replicates (Rep1-3
measures: NRF/ Pooled (Rep0)
PBC1/PBC2

Subsampled (pr1 2)

(4) Cross-correlation

scores: NSC/RSC Peak

callmg
(5) Reproducibility:
IDR scores

Relaxed peak calls

2
&
3

. . Rep1, Re2, Rep3 - - S
) E,'.‘,:ﬁ::fgég%?al_ Rep0 (Rep1|Rep2|Rep3) SRR U S
FRIP Rep0-3.pr1, .Rep0-3.pr2 meeeee ol il e
— = OV Ty S
IDR o I
ﬂ thresholds
Visuali-
ac Thresholded peaks | zation
NarrowPeak i
BroadPeak ‘

GEO+SRA: ChlIP-seq & DAP-seq

Metadata / annotation

(1) Genome sequence

(2) Gene annotation

(3) TF/miRNA information
(4) TF binding motifs

(5) Metadata for samples
(6) Literature annotation
(7) Comparative genomics

T

META

Signal
tracks Reps Pooled\
Rep1 Rep0
Rep2
BIGWIG\_"*P°
Visuali-
zation

Genome browser tracks

Peaks, target genes,

signal

Chromatin state (ChromHMM), comparative genomics
Additional annotation information

Shiny App

ChlIP-Hub (http://www.chip-hub.org)

C With control

3078)

% experiments (n

Plant species
(n=42)

Arabidopsis thaliana
(67.0%)

Category

(n=4) Input

control
TFs & other (22.6%)
proteins

(36.6%)

unc\ass'\ﬁed

Histone
related
(40.3%)

With replicates

>5M final reads

With publication

\

SPOT > 0.1
Quality level
[l Very poor
Poor
Moderate
Good
[ Very good
100 - —
EgEN EE
75
50
- II
S]]
TLeE353 885
© X -
g
c


https://doi.org/10.1101/768903
http://creativecommons.org/licenses/by-nc-nd/4.0/

Q

400 ~

300

200

Annotated genomic size (Mb)

Annotated genomic regions

M Yes [ No

©Gma

’ Sly

%3

# experiments

b Experiments in Arabidopsis thaliana (n=1647)

y=0.18x + 25

R=0.91
p=3.

2e-05

1650
150
16

500 1000 1500
Genome size (Mb)

2000

AP2-EREBP

HD-ZIP

o[l

G2-like

]
C2C2-GATA

MYB-
related

HB/

(0%}

SET

F

C State emissions Annotations ~ TSS neighborhood d Gene expression € Chromatin accessibility f
10 17 1 (22.2%) Unmarked
2| L | [ ] [ | | [ |] —{ 11 o] oo m oo (8.54%) Flanking TSS (to 5’UTR)
3l || || | —{ 11 11 (5.88%) Active TSS (upstream)
45 [ | [ [ | N ([ ]] — 1} ow e I ° (4.94%) Active transcription
58 || | | | | T} oo o I o (7.02%) Intronic regulatory elements
68 | | o m o oo (9.58%) 3'UTR regulatory elements
78 [ | || | I | Rl 1 (3.00%) Active Trithorax
8l [ ] ||| ww000 @ | | oo ——{ [ |——smmmmmeno. w00 | (5.29%) Bivalent state
9N || o om0 | 000 ——{ [ }——emmmmzoc o (17.4%) Repressed Polycomb 3
10 (Tl [ | ez w0 o e cme =0 < [ (2.76%) Facultative heterochromatin | @
1; = L[] [ | |:I——""' ° oo —{[}—emmomo o (9.59%) Constitutive heterochromatin 1 5
—_— N T - T T T T T =
5 33050530000 65028 MNAN 5 | 3 80 5 10 1 2 3
® Soo0r bRRRe082830%%8 5 S o Logz(FPKM+1) Logro(RPKM)
N33333939393%00
32032578323 @ @ Enhancer h CNS
g = ©@ @ N TF binding (ChIP-seq) Zhu et al. 2015—1 Haudry et al. 2013 Evolutionary conservation
1 [ N1 ]
2| | ] —_—r ——+—
SH W EEEEEEEEEEEEEEEEEEEEEEEEEE DEEET | IR -
45 — I —
5 = | || = e S— ——
— T 1
. O — I —
8l [ | [ [ | —T _— 1+—
9N | el
o I | [ | [ ]
11 = = I @e ® 0o
12
@ nn m=zwnm o CNCZ o uo TNAQUSNA>TCONETO - U5 a5® @ | T T T T
5 MeRFB s BRNISNE3en 13I8 885s 2 aN023 925202 R2279 8 §2 2533652 0 025 05 075
T A== OV NIwOIXNTY5 w §o§ﬂcgm0mﬂm>o?<'u-n;uo'nz> S 2 =z2830525 hastC
P> ONLH 2mg SIHVGENED Lo ) 3 3038022537 phastCons score
z®r T Qo 2 D4 9 Teu X 32 = 23 2870550
S m oy N zZ 2 > >0 T S85 23
g g %7 L L3 > 5 g S " Low W High
> WO W gy @ g
= =} ™
] Chromatin state conservation 7 M) x
o P plant species O12EH Barley chromatin state_ '~ Rice chromatin state ¥ \Wheat chromatin state Maize chromatin state
T [ I Low signal i H
» [ I— B K4me/2/3+K9/27ac X X
£ EIn I K4me3 X X X X X | X
O I N K4me1/2/3+K36me3 B[ X X E X
5 [ W K4me1+K36me3 B[ | X |
< Dl | | X
g . | X X X
7 QT Kame2/3+K27me3 Bl X X X X X
S E . | K27me3 X X X X
2 W — K9me2/3+K27me3 X
© X I K9me?2/3 (1)m X
< [ . Kome2/3 (2)B X X
0 25 %0 75 100 A 2131415081 7] 8] 91012 7189 [10[fl12JW 2 3[4 5(67 89 [10f| 3085 6(7 8]9 10[i12]
% state 'fsi\ H3K27me2~ L-H3Kk9ac L-H3K9ac H3K27ac~d L~Koac


https://doi.org/10.1101/768903
http://creativecommons.org/licenses/by-nc-nd/4.0/

