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37 Abstract

38  ChIP-seq and ATAC-seq have become essential technologies used as effective methods of
39  measuring protein-DNA interactions and chromatin accessibility. However, there is a need
40  for a scalable and reproducible pipeline that incorporates correct normalization between

41  samples, adjustment of copy number variations, and integration of new downstream analysis
42 tools. Here we present CoOBRA, a modularized computational workflow which quantifies

43 ChIP and ATAC-seq peak regions and performs unsupervised and supervised analysis.

44 CoBRA provides a comprehensive state-of-the-art ChIP and ATAC-seq analysis pipeline that
45  is usable by scientists with limited computational experience. This enables researchers to gain
46  rapid insight into protein-DNA interactions and chromatin accessibility through sample

47  clustering, differential peak calling, motif enrichment, comparison of sites to a reference DB
48  and pathway analysis.

49

50  Code availability: https://bitbucket.org/cfce/cobra

51 Introduction

52 ChIP-seq and ATAC-seq have become essential components of epigenetic analysis. They are
53 employed extensively in the study of protein-DNA interactions and chromatin accessibility
54 respectively. Chromatin immunoprecipitation sequencing (ChIP-seq) is a high-throughput
55  technology that provides unique insights into protein function by mapping genome wide

56  binding sites of DNA-associated proteins. Further, Assay for Transposase-Accessible

57  Chromatin sequencing (ATAC-seq) is a high-throughput technology that is imperative in the
58  assessment of genome-wide chromatin accessibility. While numerous pipelines for analyzing
59  ChIP-seq and ATAC-seq data have been reported in the literature [1-8] there remains a

60  strong need for pipelines that can be run by users who have less experience utilizing

61  computational biology tools. Comparisons between ChIP and ATAC-seq experiments can
62  provide insight into differences in protein occupancy, histone marks and chromatin

63  accessibility (Figure 1a), however, existing analysis pipelines can lack useful components
64  necessary in the analysis. There is a need for better normalization between samples,

65  adjustment of copy number variations, integrating new downstream analysis tools such as
66  cistromeDB Toolkit [9] and integrating epigenetic data with RNA-seq.

67

68  In this work we developed CoBRA (Containerized Bioinformatics workflow for

69  Reproducible ChIP/ATAC-seq Analysis), a modularized computational workflow which

70  quantifies ChIP and ATAC-seq peak regions and performs unsupervised and supervised

71  analysis. The pipeline provides sample clustering, differential peak calling, motif enrichment
72 and clustering, comparison of sites to a reference DB and pathway analysis. In addition, it
73  provides clear, high-quality visualizations for all results.

74

75  CoBRA uses Snakemake [10], a workflow management system to create the computational
76  pipeline. Using Snakemake system enables the reproducibility and scalability of CoBRA.

77  This framework allows for the addition or replacement of analysis tools as well as for the

78  parallelization of computationally intensive processes. To make CoBRA portable, the

79  workflow and its software dependencies are available as a Docker container, which can be
80  used on any machine with Docker installed. This includes local servers, high-performance
81  clusters, and cloud-based machines. Docker will automatically download all required

82  software dependencies because the container encapsulates all of the supporting software and
83  libraries, eliminating the possibility of conflicting dependencies.

84
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85  CoBRA therefore provides solutions to challenges inherent in many bioinformatics

86  workflows: it is portable, reproducible, scalable and easy to use. It is open source

87  (https://bitbucket.org/cfce/cobra) and well documented online including step-by-step tutorials
88  that go through all three case studies presented in this paper (https://cfce-

89  cobra.readthedocs.io). This combination of features enables researchers to gain rapid insight
90 into protein-DNA interactions and chromatin accessibility with comprehensive state-of-the-
91  art ChIP and ATAC-seq analysis.

92 Methods

93 Overall design

94  The CoBRA pipeline is implemented using the snakemake workflow management system
95  [10] and is described via a human-readable, Python-based language. This allows CoBRA to
96  scale to server, cluster, grid and cloud environments, without the need to modify the
97  workflow. For ChIP-seq and ATAC-seq experiments, CoOBRA provides both unsupervised
98  and supervised analyses (Figure 1b). It does not include preprocessing ChIP and ATAC-seq
99  quality control steps as this is best handled within other, specialized pipelines [11].
100
101  Further, CoBRA is distributed as a Docker container, which can be used on any machine as
102 long as Docker is installed. Docker containers provide a tool for packaging bioinformatics
103 software. It encapsulates all of the supporting software and libraries, eliminates the possibility
104  of conflicting dependencies, and facilitates the installation of required software. With the
105  built-in snakemake reference rule, COBRA automatically downloads all needed reference
106 files if they have not been downloaded. As a result, CoBRA is reproducible, portable and
107  easy to deploy. Users specify analysis parameters in a simple human readable configuration
108  file (Supplementary Figlb). A separate file contains metadata about the samples being
109  analyzed (cell line, treatment, time point, etc.) as well as a specification of the differential
110 comparisons to be performed by the pipeline. This metadata file is in CSV format and can be
111  easily modified in any standard text editor or Excel.

112 Unsupervised analysis

113 The pipeline calculates the Reads per Kilobase per Million Mapped Reads (RPKM) using bed
114  files and bam files provided by the user to normalize for sequencing depth and peak size. The
115 RPKM table is filtered through the removal of sites that have low RPKM across multiple

116  samples. Quantile Normalization (default), Z-score, Log transform are available options to
117  normalize the count matrix. To visualize the similarities between samples in the experiment,
118  sample-sample correlation, principal component analysis (PCA) and sample-feature plot are
119  automatically generated by the pipeline.

120

121  The sample-sample correlation plot illustrates the similarity between all of the samples on a
122 pairwise basis. It also provides the clustering result based on the Pearson correlation

123 coefficient, r, where distance = 1 - r. The user can opt for using spearman correlation as well
124 as selecting other distance methods (euclidean, manhattan, canberra, binary, maximum, or
125  minkowski) by simply changing the configuration file. The resulting correlation plot helps to
126  determine whether the different sample types can be separated, i.e., samples of different

127  conditions are expected to be more dissimilar to each other than replicates within the same
128  condition. User provided metadata are used to automatically annotate samples in all

129  unsupervised plots.
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131  Further, CoBRA will produce a principal component analysis (PCA) plot depicting how

132 samples are separated in the first two principal components (those with the largest variance)
133 and samples will be automatically color-coded by all user provided annotations. The PCA
134 plot helps the user to determine if any patterns exist between the samples and if outliers are
135  present. Finally, CoBRA will generate a Sample-Feature heatmap. The heatmap illustrates the
136  clustering of samples based on correlation on the horizontal axis and clustering of peaks on
137  the vertical axis. Peaks on the vertical axis can be clustered by hierarchical or k-means

138 clustering. The sample-feature heatmap elucidates patterns of peaks across samples and

139  identifies the clusters that are enriched in a subset of samples.

140  Supervised analysis

141 A common question being asked is what the differential sites are (TF binding/ histone

142  modification/ chromatin accessibility) between sample groups. Several tools (DEseq2,

143 edgeR, Limma) currently available can be applied to analyze differential sites, most of which
144  are derived from RNA-seq count analysis. However, there are differences between the RNA-
145  seq and ChIP-seq count analysis. In RNA-seq experiments, most reads are in the exome,

146  where reads can be normalized by the total number of reads mapped to all genes. In contrast,
147  most ChIP-seq reads are outside of peaks. The FRiP score (fraction of reads in peaks)

148  typically ranges from 1 to 40 percent [11]. Reads in peaks are only a portion of total reads
149  that have been sequenced. Therefore, all reads need to be normalized by the total number of
150  uniquely mapped reads to account for sequence depth. CoBRA uses the bam file to calculate
151  sequencing depth. It utilizes sequencing depth as a scale factor in differential peak calling by
152 DESeq?2 (although the user can specify reads in peaks for scaling if specifically required).
153 This is an essential step in differential peak calling. The default scale factor utilized by

154  DESeq?2 to normalize the data is the total number of reads mapped to peaks. This method can
155  result in the calling of false positive differential peaks. Using sequencing depth as the scale
156  factor ensures that reads are normalized for experimental variation and not biological

157  variation between samples.

158

159  Multiple comparisons can be done within a single run. For each comparison, the number of
160  differential peaks for two adjusted p-value cutoffs and two fold-change cut-offs will be

161  displayed in a summary chart. Further, the bigwig files are used to plot the peak intensity of
162  the differential peaks in a heatmap using deepTools2 [12].

163

164  The differentially enriched regions from DEseq2 for each comparison are subsequently run
165  through HOMER [13] for motif enrichment analysis. Motif enrichment analysis is a

166  fundamental approach to look for transcription factor motifs that might be enriched in peaks
167  of interest. We use Homer in the pipeline to look for known and de novo motifs that are

168  enriched in the differential peak regions compared to GC matched, randomly selected

169  genome background. In addition, we utilize a motif clustering algorithm to organize various
170  motifs by similarity making the output (Supplementary Figure 3) easier to evaluate for

171  distinct results. By mapping the peaks to the nearest gene, CoOBRA uses GSEA pre-ranked
172 analysis to investigate the pathways that are enriched and depleted for both up and down

173  peaks.

174

175  The up and down-regulated sites are also automatically compared to a comprehensive

176  database of ChIP/ATAC and DNase data [9; 14]. This Cistrome Toolkit analysis determines
177  the most similar samples in terms of genomic interval overlaps with the differential sites. The
178  toolkit is particularly useful to identify the major transcription factors related to the

179  differential perturbations. In addition, it can be useful in the identification of the potential
180  biological source (cell line, cell type and tissue type) of the regions of interest.
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181 Results

182  In order to illustrate the utility of CoBRA, we applied it to three projects with components
183  that illustrate the different capabilities of our workflow: a GR ChIP-seq data set from the
184  ENCODE project, H3K27ac ChIP-seq data from colon cancer cell lines, and an ATAC-seq
185  experiment on HL-60 promyelocytes differentiating into macrophages. Each example

186  demonstrates some key functions of the CoBRA pipeline.

187 Case Studies

188  Example 1: Normalizing GR ChIP-seq data in a dose-response experiment

189  We downloaded publicly available glucocorticoid receptor (GR) ChIP-seq data (GSE32465)
190  from a lung adenocarcinoma cell line (A549) at 3 different concentrations of dexamethasone,
191  apotent GR agonist. In an analysis of this dataset [15], it was found that the number of

192 Glucocorticoid Receptor (GR) binding sites increases with increasing dexamethasone

193 concentration. In the experiment, samples were treated with 0.5nM, 5nM, or 50nM of

194  dexamethasone. CoBRA’s unsupervised analysis showed that the sample replicates cluster
195  tightly together. Similarities and differences between samples are illustrated by the

196  correlation between treatments vs within treatment in the dendrogram at the top of sample-
197  sample heatmap (Figure 2a), as well as the principal component plot (Supplementary Figure
198 1).

199

200  While unsupervised analyses are useful, the advantage of the CoBRA pipeline is its ability to
201  accurately call differential peaks accounting for a variety of factors. We applied DESeq2 to
202  assess the differences in peak binding for samples treated with 50nM of dexamethasone

203 versus samples treated with 0.5nM of dexamethasone. Utilizing DESeq2’s default scale

204  factor method which normalizes the data using the total number of reads in peaks, differential
205  peaks are called (Figure 2b) where they are clearly not present (Figure 2¢ left). A group of
206  peaks at the bottom of the figure 2¢ exhibit similar binding intensity, however, they are

207  considered downregulated in 50nM treatment in the DEseq2 result.

208

209  DEseq?2 by default normalizes all samples by total reads in the read count table. In RNA-seq,
210  most reads are in the exome, where reads can be normalized by the total number of reads

211  mapped to all genes. In contrast, in the GR ChIP-seq experiment, samples treated with 50nM
212 dexamethasone exhibit much greater GR binding and the FRiP score is higher than samples
213 treated with 0.5nM (9.3 vs 0.9). Therefore, DESeq2’s normalization method decreases the
214  peak intensity in the 0.5nM treated samples because the FRiP scores are higher in the 50nM
215  sample resulting in false positive differential peaks (Figure 2c right). In CoBRA, we use a
216  scaling factor dependent on the sequencing depth of each sample. This eliminates the false
217  positive downregulated peaks called by DESeq?2 using the default scaling factor (Figure 2¢
218  right and Figure 2b). Furthermore, more real differential gained peaks have been successfully
219  identified with CoBRA’s scaling method.

220

221  An additional feature of CoBRA is that it automatically analyzes the differential peaks to
222  provide additional insight into their origin and identify similar systems in the literature. In
223 one analysis it determines the most similar ChIP-seq data that is available in a large, curated
224 database of ChIP and ATAC data - cistrome.org [14]. For the gained GR binding sites in the
225  dexamethasone treatment, the result from the Cistrome Toolkit [9] clearly shows that the
226  NR3CI in lung tissue is the most similar ChIP-seq in the cistrome database (Figure 2d).

227  CoBRA provides a list of GEO accession numbers corresponding to all ChIP-seq data with
228  similarity to the differential peak set. Using these identifiers, ChIP seq data of interest can be
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229  downloaded for further investigation from Cistrome DB[14]. While obviously correct in this
230  simple case, this tool can provide unique insight into gained or lost sites such as identifying
231  which transcription factor potentially binds to a differential peak set after a perturbation and
232 ininvestigating similar cellular systems. In addition, CoBRA performs a de novo motif

233 analysis on differential sites which can help to identify potential transcriptional regulators
234  enriched in our differentially accessible chromatin elements. In this example the top cluster
235  has all hormone receptor motifs enriched in the upregulated peaks.

236  Example 2: Correcting for Copy Number variation in H3K27ac ChIP-seq

237  We further illustrate the advantages of the CoOBRA pipeline utilizing data from colorectal
238  cancer cell lines. Microsatellite Instable (MSI) and Microsatellite Stable (MSS) are two

239  classes used to characterize colorectal cancers. To analyze these cell lines, we selected six
240  publicly available datasets from several experiments: three MSI samples and three MSS

241  samples [16-20] (GSM 1866974, GSM2265670, GSM 1224664, GSM 1890746,

242 GSM2058027, GSM1890746).

243

244 MSS tumors are one of the most highly mutated tumor types [21] and typically exhibit a high
245  number of copy number alterations. Without adjustment, a differential peak caller will rank
246  peak loci with high copy number gain in MSS as being the most differential compared to
247  MSI. These genetic differences, while important, can obscure important epigenetic

248  differences between MSI and MSS. In order to observe differential peaks other than those
249  called as a result of the presence of CNV, copy number variation adjustment was conducted
250  on all samples. For this example the copy number was called using the ChIP-seq data itself
251  with CopywriteR [22] but can also be done with gqDNAseq [23] using the input control if
252  available. Any other source of CNV data can also be used when put in a standard igv format.
253 This CNV adjustment alters the differential peaks called by DESeq?2. In the case of the MSS
254 vs. MSI comparison, many peaks at the 8q region of the chromosome are being called

255  significantly differential (Figure 3a) but, following CNV correction, the number of

256  differential peaks in this region significantly decreased (Figure 3b).

257

258  Gene Set Enrichment analysis is performed on the ranked list of genes produced by CoBRA.
259  Without CNV adjustment, GSEA can indicate greatest enrichment in gene sets solely related
260  to amplification. As a result, it is challenging to assess the true epigenetic differences

261  between the two colorectal cancer types. For instance, the gene set

262  ‘NIKOLSKY BREAST CANCER 8Q12 Q22 AMPLICON’ includes genes up-regulated in non-
263  metastatic breast cancer tumors with amplification in the 8q22 region. Without adjustment for
264  copy number variation, this gene set is significantly enriched (Figure 3c). It is the 3th ranked
265  gene, with a normalized enrichment score of -2.84 and an adjusted p-value less than 0.0001.
266  With CNV adjustment, this gene set is far less enriched (Fig. 3c). It is the 468th ranked gene
267  set and has a normalized enrichment score of -1.32 and an adjusted p-value of 1.

268

269  After CNV correction, the Hallmarks GSEA analysis shows that the MSI cell line has

270  enrichment in the following pathways: TNFA signaling via NFKB, TFG beta signaling, and
271  Inflammatory response (Figure 3d). This is consistent with the literature[24-25] in reference
272 to colon cancer with MSS tumors exhibiting more inflammatory signaling.

273  Example 3: Unsupervised analysis of time series ATAC-seq data

274  In this example, we illustrate the efficacy of COBRA's analysis of ATAC-seq experiments by
275  following the chromatin accessibility profile of differentiating cells [26]. In this experiment
276  researchers utilized a five-day time course (Ohr, 3hr, 24hr, 96hr, and 120hr) to profile

277  accessible chromatin of HL-60 promyelocytes differentiating into macrophages (GSE79019).
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278  The CoBRA output includes a principal component analysis (PCA) plot (Figure 4a) that

279  demonstrates the temporal differentiation of the macrophages; the early time point is on the
280  left side while the late time point is on the right. Furthermore, the output includes a sample-
281  feature heatmap utilizing k-means (k=3) clustering (Figure 4b) that further illustrates the

282  dramatic differences in open chromatin profiles. The three clusters show clear differences in
283  open chromatin between the early (cluster 1), intermediate (cluster 2), and late stage (cluster
284  3)time points.

285

286  CoBRA automatically performs a de novo motif analysis on each of the three clusters of

287  accessible sites to identify motifs of potential transcriptional regulators enriched in

288  differentially accessible chromatin elements. This analysis identified many transcription

289  factor motifs enriched in each cluster (Figure 4c). Motifs for PU.1, RUNX and MYB were
290  enriched in cluster 1, which exhibits a decrease in accessibility during myeloid

291  differentiation. It is likely that a depletion of PU.1, RUNX and MYB occupancy occurs at
292  these elements during cellular commitment. In addition, we observe the EGR and MAF

293  motifs in clusters 3 suggesting a gain of EGR and MAF occurs at these elements during

294  macrophage differentiation. The motif analysis for cluster 2 also identified chromatin element
295  NFKB and NFE2 as being active during differentiation and depleted in the latter stages. All
296  of these findings are consistent with the results from published papers [26].

297

298  Finally, ChIP-seq and ATAC-seq data is often generated in parallel with RNA-seq on the
299  same samples. An extension to CoBRA can take the differential expression gene list from
300 RNA-seq analysis tools such as VIPER [27] and highlight differentially expressed genes that
301  also exhibit differential chromatin accessibility. The volcano plot in Figure 4d is a

302  visualization of the genes differentially expressed during macrophage differentiation and
303  highlights those genes that also have nearby opening chromatin during differentiation. Genes
304  near open chromatin during differentiation are more likely to be upregulated. This profile that
305 combines chromatin accessibility with gene expression can provide insight to potentially
306 identify major transcriptomic elements driving differentiation.

307 Discussion

308  The case studies that we have presented highlight typical use cases for CoOBRA. The first
309  example is accurate identification of differential peaks using appropriate normalization of
310  ChIP-seq data. Some methods fail to normalize correctly in calling differential peaks when
311  the FRIiP score is impacted by perturbations. CoOBRA reduces false positives and identifies
312  more true differential peaks by correctly normalizing for sequencing depth.

313

314  The second example demonstrates how CoBRA can be used to account for amplification due
315  to copy number variation present in experimental samples. This is an important feature, as
316  copy number variation can drive the greatest differences between some tumor samples and
317  obscure other biological changes to the cistrome that occur as a result of treatment or other
318  experimental conditions. After adjustment of CNV, differential peaks called by DESeq will
319  not be affected by amplification between samples, allowing biologists to better understand
320  whether differences are caused by changes in the genetic or epigenetic landscape.

321

322 The third example illustrates how CoBRA can be applied to ATAC-seq experiments.

323  Unsupervised analyses can identify changes in the chromatin accessibility over time with
324  treatment, and clustering provides insight into similarities and differences between samples
325  and the investigation of the transcription factor motif enrichment in each cluster.

326
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327  The application of CoBRA to these experiments demonstrate the broad capabilities of the
328  workflow in analyzing ChIP-seq or ATAC-seq experiments. While other workflows used to
329  analyze ChIP or ATAC experiments exist, they lack some of the features present in CoOBRA
330 (table 1). Additionally, the highly modular Snakemake framework allows for rapid

331 integration of new approaches or replacement of existing tools. Modules can be added simply
332 by adding a new Snakemake “rule” and adding a flag in the config file (Supplementary

333  Figure 2a-c) to turn the analysis on. Further, COBRA’s “rules” can be composed of tools
334  written in R, Python, or shell script. The framework allows for great flexibility because each
335  module can be evaluated in its own environment using different tools (e.g. Python 2.7 and
336  Python 3 based software).

337

338  The methods for installing, deploying, and using CoBRA along with a detailed tutorial are
339  provided in the documentation available online(https://cfce-cobra.readthedocs.io/). The

340  workflow was designed to work with Docker, which allows the user to automatically

341  download all required software dependencies, eliminating the possibility of conflicting

342  dependencies. This makes CoBRA easy for those with limited computational training to

343  install and run the workflow. Furthermore, the user does not need to prepare any reference
344  files, as CoBRA automatically downloads all needed reference files. As a result, CoBRA is
345  portable, reproducible and easy to deploy.

346
347
Pipelines CoBRA | Diffbind | HMCan- | ChIPcomp | Deeptools esATAC OPENANNO
Features diff
Sample-sample v v v v

Correlations

Sample-feature 4 v v
Clustering

PCA analysis v Ng

Normalize based v v
on Sequencing
Depth

CNV Correction v N
for Differential
Peak Calling

Motif Analysis N4 v
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Pathway N v
Analysis
Package Easy v v v v v
Update
Easy Support v
New Species
Docker 4

Containerized

Annotate Peak s s
Regions with
Public ChIP-seq
database

Step-by-Step v v v v

Tutorial with

Multiple Case
Studies

348

349  Table 1. A comparison of the features of CoOBRA with other available pipelines.

350

351  In summary we have developed a new pipeline, CoOBRA (Containerized Bioinformatics
352  workflow for Reproducible ChIP/ATAC-seq Analysis), that is fast, efficient, portable,
353 customizable and reproducible. The workflow builds upon the ongoing effort to make
354  computational research reproducible using defined workflows running inside Docker

355  containers. CoBRA allows users of varying levels of technical skill to quickly process and
356  analyze new data from ChIP-seq and ATAC-seq experiments. It is the authors’ hope that
357  CoBRA can be a starting point for others to build upon and improve CoBRA as a tool and
358  extend its ability to analyze the cistrome.

359

360 Availability of data and software

361  The dataset(s) supporting the conclusions of this article are all publicly available in the NCBI
362  Sequence Read Archive as referenced in the text.

363

364  The software described in this article is publicly available online.

365  Project name: CoBRA.

366  Project home page: https://bitbucket.org/cfce/cobra, https://cfce-cobra.readthedocs.io

367  Archived version: publication.

368  Operating system(s): UNIX; MacOS.

369  Programming language: multiple.
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370  Other requirements: Docker, wget, git, miniconda3.
371  License: GNU GPL.
372 Any restrictions to use by non-academics: N/A.
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484  FIGURE LEGENDS

485

486  Figure 1. Overview of CoBRA.

487  a) Biological motivation of CoOBRA. Comparisons between ChIP and ATAC-seq peaks in
488  well-designed experiments can provide insight into differences in protein occupancy,
489  histone marks and chromatin accessibility.

490  b) Overview of the workflow performed by CoBRA. Read counts are quantified and
491 normalized for sequencing depth and CNV for clustering and differential peak calling
492  analysis. The result of differential peak calling is used downstream for motif

493  enrichment, GSEA, CistroneDB toolkit, and BETA analysis.
494

495  Figure 2. Example of unsupervised and supervised analysis of differential GR binding
496  in A549 cells.

497  a) Sample-Sample heatmap depicting clustering and correlation between A549 cells

498 treated with varying concentrations of dexamethasone.

499  b) Visualization the differences in the GR binding between the 0.5 and 50nM samples,
500  plotted using mean of the peak intensities versus log2(fold change). This illustrates the
501  change in the inferred differential GR binding profile following normalization using

502  scaling factor determined by total reads in peaks (top) and sequencing depth (bottom).
503  c) Deeptools heatmap illustrating differential peaks called by DESeq2 using default

504  scaling factor by total reads in peaks (left) or using scaling factor determined by

505 sequencing depth (right). A group of peaks at the bottom of the left figure exhibit similar
506  binding intensity, however, they are considered downregulated in 50nM treatment in
507  the default DEseq?2 result.

508 d) Cistrome Toolkit result illustrating publicly available ChIP seq datasets ranked by
509  binding profile similarity to gained GR binding sites with dexamethasone treatment.
510

511  Figure 3. Identification of differential sites correcting for copy number.

512 a) Copy number distribution for an MSS sample on Chromosome 8 (top). Distribution of
513  differentially called peaks with (middle) and without (bottom) CNV adjustment

514  between MSS and MSI cell lines.

515  b) Significant differential peaks in 8Q prior to CNV correction are highlighted. X axis is
516  thelog?2 fold change and y axis is -log10 of the adjusted p-value. Left side is without CNV
517  correction, and the right side is with CNV correction.

518  c¢) Enrichment plot for NIKOLSKY_BREAST_CANCER_8Q12_Q22_AMPLICON gene set
519  without (left side) and with (right side) CNV adjustment.

520  d) Enrichment of Hallmarks gene sets after CNV correction based on the differential

521  peakranking comparing MSS with MSI.
522

523  Figure 4. Analysis of ATAC-seq from HL-60 promyelocytes differentiating into

524  macrophages with CoBRA.

525 a) PCA plot depicting how samples cluster along the first two principal axes.

526  b) Sample-Feature heatmap created by CoBRA which depicts sample clustering on the
527  horizontal axis and chromatin accessibility clustering on the vertical axis. Cluster 1,2,
528  and 3 represent sites open at early, middle and late differentiation stages respectively.
529  ¢) Motifs enriched in early, middle, and late stage differentiation identified by CoBRA.
530  d) Genes differentially expressed during macrophage differentiation (120hr over Ohr).
531 Those genes that also have nearby differential chromatin changes during differentiation

532 are highlighted.
533
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Supplementary Figure 1.

a) PCA plot depicting similarity between dexamethasone treated samples.

b) Clustering result of the motif enrichment for sites up with 50nM treatment over
0.5nM.

Supplementary Figure 2.

a) Example of parameter setup in config.yaml file.
b) Example of parameter setup in config.yaml file.
c) Example of sample path setup in config.yaml file.

Supplementary Figure 3. File structure of COBRA input and output.
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(a) From config.yaml input file into Cobra

#Project Name
#Use in pca, sample-sample, sample-feature plot. Please use "_" to seperate different words
project: ChIP_seq

#enhancer option enhancer/promoter/all
enhancer: all

#Location of metasheet
metasheet: metasheet.csv
ref: "scripts/ref.yaml"

#Assembly is needed when seperate enhancer/promoter, motif finding, nearyby gene
assembly: hgl9

#At least mini_num_sample should have RPKM > rpkm_threshold
rpkm_threshold: 1
mini_num_sample: @

#Scale method for the nomalize counts among samples
#z—- z-score

#9- quantile-normalize

#1- log-transform

scale: q

#Fliter metric in feature selection
#sd- Standard deviation

#cov— Coefficient of Variation
#av— mean

filter-opt: cov

#top percent cutoff
filter-percent: 100

#limited of peaks to use for plot
SSpeaks: 20000000
SFpeaks: 20000000

#number of k-means clustering in sample-feature plot
num_kmeans_clust: 6

Supplementary Figure 2a
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(a) From config.yaml input file into Cobra

#correlation method for sample-sample, sample-feature plot
# "person" or "spearman"
cor_method: 'pearson'

#distance method for sample-sample, sample-feature plot
# "euclidean", "manhattan", "canberra", "binary", "maximum" or "minkowski"
dis_method: 'euclidean'

#DEseq_cut_off - Padj/LG2FC
Padj: 0.05
LG2FC: @

#DEseq normalize method

#def - normlize by default setting of DEseq2

#depth - normlize by the sequence depth of each sample
nor_method: 'depth'

#Motif analysis - true/false
motif: 'false'

#BAM files sorted? true/false
bam_sort: 'true'

#CNV correction? true/false
CNV_correction: 'false'

#unchanged heatmap
unchanged_heatmap: 'false’

#fastq as input
fastq_in: 'true'

#number of threads used in bwa mem
thread: 8

Supplementary Figure 2b
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(a) From config.yaml input file into Cobra

# sample names, e.g. "sample@l" "sample@2" can be any abitrary string
# HOWEVER, these names must match what is in metasheet.csv
# FOR each sample, define the path to the fastq file

./XX1_R1.fastq.gz

- ./XX2_R1.fastq.gz
put:

- «/XX_input_R1.fastq.gz

# bed, bam and bigwig is not needed when fastq_in is true
bed:
L: ./XX1.bed
./XX2.bed

: ) : . /XX1.bam
sample2: ./XX2.bam

ylel: ./XX1.bw
i /XX2.bw

# tab-separated cnv files
\"H
samplel: ./XX1.igv
221 . /XX2.1gv

Supplementary Figure 2c
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Overview of Cobra Layout

(a) @ metasheet.csv

Comma Separated Spreadsheet (.csv)

config.yaml YAML
Snakefile File

* README.md Markdown File
scripts Directory
ref_files Directory
analysis Directory

(b)

v analysis

v clustering_analysis
v rpkm.1_num_sample.O_scale.q_fliter.cov.2
v plots
v images

heatmapSF_plot_2_percent
heatmapSS_plot_2_percent
pca_plot_2_percent

read_counts

| 2 rpkm.2_num_sample.3_scale.q_fliter.cov.2
v differential_peaks
v Met_over_Tumor
v GSEA

> C2_Curated.GseaPreranked.1587247351823
4 H_Hallmark.GseaPreranked.1587247292750
cistrome_toolkit
v logs
clean_bam
read_coutns
remove_duplicates
reorder
v preprocessed_files
v bam
clean_bam
remove_chrMY
remove_duplicates
reorder
sorted_reads .
> e Supplementary Figure 3
bigwig
» read_counts
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