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Abstract

ChlIP-Seq, a technique that allows for quantification of DNA sequences bound by transcription factors or histones,
has been widely used to characterize genome-wide DNA-protein binding at baseline and induced by specific
exposures. Integrating results of multiple ChIP-Seq datasets is a convenient approach to identify robust DNA-
protein binding sites and determine their cell-type specificity. We developed brocade, a computational pipeline for
reproducible analysis of publicly available ChlP-Seq data that creates R markdown reports containing information
on datasets downloaded, quality control metrics, and differential binding results. Glucocorticoids are commonly
used anti-inflammatory drugs with tissue-specific effects that are not fully understood. We demonstrate the utility of
brocade via the analysis of five ChIP-Seq datasets involving glucocorticoid receptor (GR), a transcription factor
that mediates glucocorticoid response, to identify cell type-specific and shared GR binding sites across the five cell
types. Our results show that brocade facilitates analysis of individual ChIP-Seq datasets and comparative studies
involving multiple datasets.

Introduction

Transcription factors play a key role in the regulation of gene expression and the re-organization of chromatin by
binding to specific genomic loci in a cell type-specific manner: 2. Chromatin immunoprecipitation sequencing
(ChIP-Seq) is a popular genomic approach to identify binding sites in the genome for a protein of interest®. The
technique involves reverse cross-linking of a protein of interest to DNA, followed by fragmentation,
immunoprecipitation and parallel sequencing, which permits identification of DNA sequences bound by
transcription factors or histones across the genome®. ChIP-Seq has been widely used, with over 40,000 ChIP-Seq
assays of various DNA-binding proteins available in public repositories, such as the Gene Expression Omnibus
(GEO) and Sequence Read Archive (SRA)®. The availability of these datasets enables researchers to explore novel
questions related to transcriptional response by comparing results of multiple ChIP-Seq datasets.

Analysis of ChlP-Seq data is a multi-step process that includes obtaining quality control measures, mapping of
sequencing reads to a reference genome, peak calling, performing differential binding analysis, annotating sites, and
identifying motifs®. Several specialized informatics tools have been developed to perform these tasks’. The
ENCODE project produced many ChIP-Seq datasets along with published standards and guidelines that recommend
use of biological replicates, specific antibody and input control characteristics, and uniform processing pipelines to
analyze ChIP-Seq data of different protein classes® °. For example, to determine whether transcription factor binding
sites are associated with corresponding gene transcription, it is recommended that ChIP-Seq experiments include
measures of RNA polymerase Il (RNAP2) occupancy along with the transcription factor of interest°. In the absence
of RNAP2 ChIP-Seq data, genome-wide gene expression results derived from microarray or RNA-Seq studies with
similar treatment conditions as the ChlP-Seq study of interest can be used to link transcription factor binding sites
with transcriptomic changes.

Software tools to analyze ChlIP-Seq data include the R packages chipseq!! and CSAR*?, which perform binding site
identification based on aligned data obtained via command-line tools, while Homer®3, segMINER, and Sole-
Search®® are popular tools that focus solely on aspects of downstream analysis. Pipelines that combine existing
informatics tools to perform comprehensive ChIP-Seq analyses include ChiLin'® and the ENCODE pipeline
(https://github.com/ENCODE-DCC/chip-seqg-pipeline2), which consist of Python scripts that integrate steps for
sequence data mapping, peak calling, and differential binding analysis (only available in ChiLin). The Galaxy-based
platforms Cistrome!” and Nebula'® are similar cloud-based options, but their computational speed and customization
of commands are comparatively limited. None of the existing pipelines, however, facilitate analysis of publicly
available ChlIP-Seq data via automated retrieval of raw sequencing files and phenotype information from public
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repositories. Thus, there is a need for an end-to-end ChIP-Seq data analysis pipeline that includes direct access to the
growing resource of public datasets in a sophisticated yet straightforward manner.

Here, we present brocade, an efficient and customizable ChlP-Seq data analysis pipeline that can be used to analyze
publicly available ChlP-Seq data. To demonstrate the utility of brocade, we applied it to study the tissue-specificity
of the glucocorticoid receptor (GR). Glucocorticoids are anti-inflammatory drugs commonly used to treat diseases
such as asthma®®. At a cellular level, glucocorticoids act by diffusing across the cell membrane and binding to GRs
that then translocate to cell nuclei and modulate transcription of various genes in a tissue-dependent fashion?,
including the upregulation of anti-inflammatory genes?'. Although glucocorticoids are known to directly modulate
gene transcription via GR binding to glucocorticoid response elements (GREs) and other transcription factors, the
cell-specificity of GR-mediated gene transcription is not fully understood. We used brocade to analyze five publicly
available GR ChlP-Seq datasets corresponding to five cell types to identify cell type-specific direct transcription
targets of the GR.

Methods
Reproducible Analysis of ChlP-Seq Data

We created brocade, a set of Python scripts that generate bash and R markdown scripts that invoke various functions
to facilitate the nearly automated analysis of any ChlIP-Seq dataset, with human decision-making required for key
steps such as selection of relevant phenotype data (Figure 1). A high-performance computing (HPC) environment is
required to run the pipeline efficiently; bash scripts generated by brocade are currently in Platform Load Sharing
Facility (LSF) format, a common workload management platform used in IBM clusters. Bash scripts are submitted
to an HPC environment to perform GEO/SRA file downloads, read alignment and mapping, peak calling, quality
control and differential binding analysis. The data download step can be skipped if a user would like to analyze local
ChIP-Seq files. R markdown scripts produced by brocade are used to generate three html reports that (1) describe
publicly downloaded datasets, (2) provide quality control metrics, and (3) report differential binding analysis results.
Full instructions and code are available on GitHub at https://github.com/HimesGroup/brocade (individual Pythons
scripts are in the pipeline_scripts/ directory; R markdown template files are in the template_files/ directory). We
keep separate Python scripts for each of these steps rather than consolidating them into a master script because user
input is required at key points during analysis. Additionally, separating steps allows users to more easily understand
and customize scripts to suit their needs.

Brocade Step Software

GEO/SRA Download SRAdb, GEOquery
Phenotype Preparation User-tailored
Read Alignment BWA

Peak Calling MACS2

FastQC, SAMtools,

Quality Control Metrics Bamtools, Picard Tools

v
Differential Binding and DiffBind, Homer,
Peak Annotation ChlPseeker

Figure 1. Steps followed by brocade to analyze ChIP-Seq data along
with corresponding R packages (in bold) and other software used.
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Publicly Available Data Download and Phenotype Preparation. Brocade downloads ChlP-Seq raw sequence data in
fastq format by retrieving files from an ftp address corresponding to a user-provided GEO accession number using
the SRAdb R package. A phenotype file is generated based on information extracted from the phenoData object of
the GSE Matrix file that users must confirm is appropriate for desired analyses. Alternatively, users can provide
their own fastq and phenotype files.

Read Alignment, Peak Calling, and Quality Control. Adapters, if specified, are trimmed using Trimmomatic? and
overall quality control metrics of fastq files are obtained using FastQC?3. Trimmed reads are aligned to the reference
genome (currently hg38) using BWA?*. Bamtools?® is used to count and summarize the number of mapped reads,
while Picard Tools? is used to compute the insert size of paired-end libraries. Aligned read files are converted to
bigwig format, which can be uploaded to the UCSC Genome Brower for peak visualization. DNA-protein binding
sites are identified using MACS2?® where broad or narrow peak calling is assigned to histone modifications as
needed.

Differential Binding and Peak Annotation. Differential binding analysis is performed with the R package DiffBind?’,
which has built-in functions to retrieve read counts by Rsamtools and GenomicAlignments, and uses DESeq?2 to
compare binding differences between conditions of interest (e.g. treatment vs. control vehicle)?®. The Benjamini-
Hochberg method is used to adjust for multiple comparisons and calculate adjusted p-values (g-values). Binding
sites are annotated with ChlPseeker?® and binding motif identification is performed with Homer®® and visualized
with the R package seqlLogo.

Primary GR-Mediated Transcriptomic Changes

ChIP-Seq Datasets. Publicly available ChIP-Seq datasets that measured GR-binding induced by glucocorticoid
exposure were obtained from GEO/SRA by searching for the term “glucocorticoid receptor” with Homo sapiens
selected as organism. To identify genes with active transcription in/near GR binding sites, we utilized RNAP2 ChlP-
Seq datasets provided with GR ChIP-Seq datasets when possible. For GR ChlP-Seq datasets with no available
RNAP2 ChlP-Seq profiles, we sought microarray datasets obtained for equivalent cell types under similar treatment
conditions in GEO. We utilized brocade to analyze the GR and RNAP2 ChIP-Seq datasets and identify differential
binding sites for samples exposed to glucocorticoids vs. control. GR and RNAP2 binding sites were considered to be
significantly changed by glucocorticoids if g-values were <0.05. Differential gene expression results for microarray
samples were obtained using RAVED (https://github.com/HimesGroup/raved)®. Genes were considered to be
significantly differentially expressed with glucocorticoid exposure if g-values were <0.05.

Identification of Shared and Cell Type-Specific Primary GR Target Genes. We defined primary GR target genes as
those genes with a GR-binding site within £20 kb distance of the gene's transcription start site (TSS), while also
having either (1) an RNAP2-binding site within +3kb of the gene's TSS (i.e. promoter region), or (2) a significant
differential expression result in the corresponding microarray dataset. We identified shared and cell type-specific
primary GR target genes by comparing results obtained across all available cell types.

Results
Overview of Brocade Reports

Brocade output html reports include quality control checks and a summary of annotated binding sites for each study
of interest. The quality control report has tables and plots illustrating the summary read counts, percentage of
mapped and unmapped reads (Figure 2A) and a principal component analysis (PCA) plot based on mapped reads per
sample. The differential binding report provides volcano plots (Figure 2B), a PCA plot based on differential binding
results, heatmaps, and boxplots of log, normalized counts (Figure 2C) for significant binding sites identified (i.e.,
those with g-value <0.05). The report includes select plots from the R package ChlPseeker: frequency of read counts
within +£3 kb of the TSS (Figure 2D) and distribution of binding site distance relative to TSS (Figure 2E), as well as
sequence logos of top motifs (Figure 2F).

Publicly Available ChlP-Seq Datasets

Our GEO/SRA search yielded glucocorticoid response ChIP-Seq datasets with dexamethasone exposure for five cell
types: airway smooth muscle, bronchial epithelial (Beas-2B), adenocarcinomic alveolar basal epithelial (A549),
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acute lymphoblastic leukemia (RS4;11) and lymphoblastoid (Table 1). RNAP2 ChIP-Seq profiles were available for
the three structural cell types (i.e., airway smooth muscle®, Beas-2B% and A549%). We used gene expression
microarray datasets GSE71615 (10nM dexamethasone, 24 hr) and GSE44248 (1000nM dexamethasone, 8 hr) for the
RS4;11%* and lymphoblastoid cells®, respectively. Following analysis of ChIP-Seq datasets with brocade, we
retained all significant differential binding sites (g-value < 0.05) for the three structural cell types. For the RS4;11
and lymphoblastoid cell datasets, we retained glucocorticoid-induced GR-binding sites with log,-fold change >1, as
the RS4;11 dataset lacked replicates and no significant GR-binding sites (g-value <0.05) were identified for the
lymphoblastoid cell line. Significant genes (g-value <0.05) from the microarray differential expression analysis were
also retained.
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Figure 2. Sample figures included in brocade quality control and differential binding analysis reports.

Table 1. ChIP-Seq datasets selected to study cell-specific GR-binding differences.

GR RNAP2
GEO ID Cell Tyoe Control Dexamethasone
yp Treatment Treatment Control Treated Control Treated
Samples (N) | Samples (N) | Samples(N) | Samples (N)
GSE95632 Airway smooth muscle Ethanol, 1 hr 100 nM, 1 hr 2 2 2 2
GSE79803 Beas-2B, airway Ethanol, 1hr | 100 M, 1 hr 2 2 2 2
epithelial cells
SRPO0O762 | AS49, adenocarcinomic | g oy e | 100 nM, 1 b 2 2 2 2
alveolar epithelial cells
GSE71616 RS4,11, acute None 10nM, 1 hr 1 1 - -
lymphoblastic leukemia
GSE45638 lymphoblastoid cell lines Ethanol 1000 nM, 1 hr 2 2 - -

ChlIP-Seq Results

We found 39,328 differential GR-binding sites for airway smooth muscle, 20,620 for Beas-2B, 7,818 for A549,
5,113 for RS4;11 and 999 for lymphoblastoid cell line, which corresponded to 6,421, 4,130, 2,297, 1,391, and 137
gene targets, respectively. Most differential GR-binding sites lied beyond 20kb of TSSs (Figure 3A), with a
correspondingly large proportion of GR-binding sites located in intronic and distal intergenic regions (Figure 3B).
Compared to the large number of GR-binding sites, only 3,220, 1,845, and 2,173 differential RNAP2-binding sites
were identified for airway smooth muscle, Beas-2B, and A549, respectively. 8,449 differentially expressed genes for
RS4;11, and 262 for lymphaoblastoid cell line were identified. Thus, the number of primary GR target genes, based

374



on overlap of GR-binding-associated genes with evidence of active transcription (i.e., RNAP2 bound genes or
differentially expressed genes obtained via microarray), was 710 for airway smooth muscle, 405 for Beas-2B, 249
for A549, 685 for RS4;11, and 1 for lymphoblastoid cell line (Figure 3C).

A B C
4e04 £ 100 . -
H <=20kb distance to TSS .8 ” No evidence of transcription
. > 20kb distance to TSS § 5 Evidence of transcription
QL =
H 8 E 7500
& 3e04 % 075 &
E 2 |
o 2 =
& 5 3 UTR g
= I 5"UTR g, 5000
-5 2e04 G 0.50 Distal Intergenic
E & Downstream E..
& E Exon g
= 5 Intron 2
bS] = Promoter c 2500
5 1e04 2 025 2
E : :
E g z
’ ] :
&
g
0 o 0
ASM Beas-2B A549 RS4;11 LCL ASM Beas-2B A549 RS4;11 LCL ASM Beas-2B A549 RS4:11 LCL
Cell types Cell types Cell types

Figure 3. Characteristics of GR-binding sites for each cell type. (A) Number of GR binding sites within and
beyond 20kb of TSS of annotated genes. (B) Proportion of GR binding sites according to type of genomic region.
(C) Genes with GR-binding that have (green) vs. do not have (blue) active transcription in response to
glucocorticoid exposure as determined by RNAP2 or microarray results. ASM: airway smooth muscle; Beas-2B:
airway epithelial cells; A549: adenocarcinomic alveolar epithelial cells; RS4;11: acute lymphoblastic leukemia
cells; LCL: lymphoblastoid cell lines.

Shared and Cell Type-Specific Primary GR Target Genes

The majority of primary GR target genes were cell type-specific, consistent with our previous transcriptomic
findings for genes that were differentially expressed in response to glucocorticoid exposure (Figure 4)%. Because the
lymphoblastoid cells only had one primary GR target gene (C160rf87) that did not overlap with the primary GR
target genes of any of the other cell types, its results were excluded from Figure 4. Twelve primary GR gene targets,
(i.e., FKBP5, MAP3K6, ST3GAL4, IRAK3, NFKBIA, IER2, STX10, ZFP36, TIPARP, IGF2BP3, NBN, DECR1) were
shared across airway smooth muscle, Beas-2B, A549 and RS4;11, which included the well-known glucocorticoid-
responsive gene FKBP5% and IRAK3, a gene that is highly expressed in response to glucocorticoid exposure in
airway smooth muscle®® 37 and whose variants have been associated with asthma in European populations®: 3°,
Thirty-eight additional genes were shared across structural cells, including the known glucocorticoid-responsive
genes PER1%% 37 CEBPD?® 37 and DUSP1%: 3740 Although Beas-2B and A549 originate from bronchial epithelium,
Beas-2B and airway smooth muscle shared more primary GR target genes than Beas-2B and A549 (195 vs. 90).

Beas-2B A549

Airway Smooth
Muscle

Figure 4. Overlap of primary GR target genes among four cell types.
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To confirm shared and cell type-specific results of some primary GR target genes at the level of mapped reads, we
checked plots of bigwig files created by brocade. Specifically, we confirmed that there was differential GR-binding
induced by glucocorticoids in three cell types for FKBP5 and CRISPLD2, a gene known to be differentially
expressed in response to glucocorticoid exposure in airway smooth muscle.® 3 FKBP5 had 4 significant differential
GR-binding sites in airway smooth muscle, 6 in Beas-2B, and 6 in A549 (Figure 5A), while CRISPLD2, had 5 in
airway smooth muscle, 4 in Beas-2B, and one in A549 (Figure 5B). Differential RNAP2-binding sites for FKBP5
were observed in all cell types (Figure 5A), whereas for CRISPLD2, they were only observed in airway smooth
muscle cells after glucocorticoid exposure (Figure 5B). To confirm that ChIP-Seq results were consistent with
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Figure 5. Differential GR- and RNAP2-binding sites near genes (A) FKBP5 and (B) CRISPLD2 in airway
smooth muscle, Beas-2B, and A549 cells treated with dexamethasone (green) and control vehicle (orange).
Asterisk (*) indicates most significant GR or RNAP2 binding site.

transcriptomic results more broadly, we obtained gene expression data for each gene available in our web
application REALGAR®, and confirmed that FKBP5 was differentially expressed with glucocorticoid exposure vs.
control in all three cell types, while CRISPLD2 was differentially expressed only in airway smooth muscle.
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Discussion

With the growing interest in leveraging publicly available data, we present brocade, a pipeline that facilitates
automated ChlP-Seq data analysis spanning data download from GEO/SRA to differential binding site identification
and annotation. As integration of multiple datasets relies on having accurate and consistently obtained results for
individual studies, brocade was designed to streamline and standardize ChIP-Seq data analysis. It produces well-
documented yet concise html reports that are easily customizable to allow users to include alternative methods.
Although brocade is nearly automatic, researchers are required to manually inspect quality control metrics and plots
to identify sample outliers and define phenotypes of interest prior to performing differential binding analyses. To
maximize use of all publicly available ChlP-Seq datasets, brocade can process standard ChlP-Seq experimental
designs that include input DNA and biological replicates to control for genomic artifacts and individual sample
variation, respectively?, but also datasets that lack such controls.

There is no consensus on how to assign a specific GR-binding site to a potential gene target on a genomic scale,
especially when GR-binding occurs distant to TSS regions. The majority of GR-binding sites have been found to be
outside of promoter regions but enriched within 100kb of glucocorticoid-responsive genes*. We restricted our
definition of GR-binding sites to include those within 20kb of a target gene’s TSS, a plausible distance that is used
in many studies®® %2 and one supported by the fact that among the hundreds of primary target genes we identified,
many were well-known glucocorticoid-responsive genes. However, we may have excluded GR bindings that occur
in distal enhancers, as the ability to accurately link distal binding events to transcriptional regulation is limited*2.

Previous studies have compared protein-DNA binding regions across cell types to identify shared and unique
transcription factor binding sites® *3. However, transcription factor binding events alone do not guarantee their role
in mediating gene transcription. To identify GR-binding sites that were more likely to mediate glucocorticoid-
induced gene transcription, we combined GR-binding site data with evidence of gene transcription provided by
RNAP2-binding or differential gene expression results. Previous studies identified glucocorticoid-responsive genes
such as FKBP5 across multiple cell types, and PER1 and CRISPLD?2 as specific to airway smooth muscle® 3. Our
results found that the transcriptional response of CRISPLD2 to glucocorticoids occurs via promoter-proximal GR
binding and is specific to airway smooth muscle, but these cell type-specific findings require further experimental
validation. Future studies could compare DNA sequences of the GR-binding sites identified in CRISPLD2 or other
genes to determine whether shared and cell type-specific transcriptomic changes involve direct GR binding to GREs
or GR-tethering to transcription factors.

Ideally, ChIP-Seq experiments include controls such as RNAP2 ChIP-Seq that help to determine whether
transcriptional response accompanies transcription factor binding, but some ChIP-Seq studies use gene expression
changes measured by microarray or RNA-Seq as a proxy for changes in transcriptomic activity'®. Our results were
limited by the design of individual experiments, including different assays used to infer active transcription of genes
(i.e., RNAP2 ChIP-Seq for airway smooth muscle, Beas-2B, and A549; microarray for RS4;11 and lymphoblastoid
cell line), which likely introduced bias. Other limitations when comparing results across cell types are the
heterogeneous dosages of dexamethasone administered, and the fact that one dataset lacked any replicates, which
decreases the reliability of its results. Nonetheless, comparison of the GR ChIP-Seq datasets yielded promising
results that stand to improve as more publicly available data is generated.

Future versions of brocade will include automated approaches to identify and process publicly available datasets
using phenotypes and meta-data extracted from GEO/SRA entries and linked publications to increase its
automaticity. For example, for datasets without RNAP2 ChIP-Seq, an automated search through GEO/SRA could
identify an appropriately matched gene expression dataset. Future versions of brocade will also include analysis of
more recent DNA-protein binding techniques such as ATAC-Seq, DNase-Seq, and STARR-Seq, as these become
more widely used.

Conclusion

We developed brocade, a reproducible ChlP-Seq analysis pipeline, that facilitates analysis of publicly available
datasets in GEO/SRA. We applied brocade to explore the cell-type specificity of primary GR target genes in five
cell types (i.e., airway smooth muscle, Beas-2B, A549, RS4;11, lymphoblastoid). Most primary GR target genes
showed cell type-specific activity (e.g., CRISPLD2), but twelve genes were shared across four cell types (e.g.,
FKBP5). These results indicate potential cell-specific mechanisms of glucocorticoid action that can be explored in
future studies.
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