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Abstract
Single cell chromatin accessibility sequencing (scCAS) has become a powerful technology for
understanding epigenetic heterogeneity of complex tissues. The development of several
experimental protocols has led to a rapid accumulation of scCAS data. In contrast, there is a lack
of open-source software tools for comprehensive processing, analysis and visualization of scCAS
data generated using all existing experimental protocols. Here we present scATAC-pro for
quality assessment, analysis and visualization of scCAS data. scATAC-pro provides flexible
choice of methods for different data processing and analytical tasks, with carefully curated
default parameters. A range of quality control metrics are computed for several key steps of the
experimental protocol. scATAC-pro generates summary reports for both quality assessment and
downstream analysis. It also provides additional utility functions for generating input files for
various types of downstream analyses and data visualization. With the rapid accumulation of
scCAS data, scATAC-pro will facilitate studies of epigenomic heterogeneity in healthy and
diseased tissues.

Background
Chromatin accessibility is a strong indicator of the activities of functional DNA sequences.
Recently, multiple experimental protocols have been developed to profile genome-wide
chromatin accessibility in single cells, including the Assay of Transposase Accessible Chromatin
with high throughput sequencing (scATAC-seq) [1], Single-cell Combinatorial Indexing ATACSeq (sci-ATAC-seq) [2], single-cell transposome hypersensitivity site sequencing (scTHS-seq)
[3], and droplet-based single-cell combinatorial indexing ATAC-Seq (dsciATAC-seq) [4]. In
this paper, we collectively define data generated with different experiment protocols as single
cell chromatin accessibility sequencing data, or scCAS data. Application of these assays have
helped to understand the epigenetic heterogeneity across cell populations in complex tissues
during normal development and pathogenesis, including adult mouse tissues [5], forebrain
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development [6], hematopoietic differentiation and leukemia evolution [7,8], T cell development
and exhaustion [9].
In contrast to the rapid growth of scCAS data, bioinformatic tools for scCAS data analysis are
critically lacking. The majority of existing analytical tools lack comprehensiveness in their
ability to process scCAS data. Both chromVar [10] and single-cell regulome analysis toolbox,
SCRAT [11] work with preprocessed data and only report loss or gain of chromatin accessibility
on a set of predefined genomic regions, which ignores a large amount of information in the
data. Detection of cell-type specific difference in chromatin accessibility, Detin [12], single cell
accessibility based clustering, scABC [13] and cisTopic [14], focus on identifying cell
populations and/or differential accessible regions given the processed data like bam files or in
peak-by-cell count matrix.
Single-cell ATAC-seq analysis tool Scasat [15] and scitools [16] are the only published software
for comprehensive analysis of scCAS data. However, Scasat is developed in the Jupyter
notebook environment. Although it is interactive, the programming codes are hard to standardize
and reuse and users need to customize the analysis step by step. Furthermore, Scasat binarizes
raw peak-by-cell count matrix, which ignores the differences among accessible regions and thus
may lead to loss of valuable information for downstream analysis. In addition, Scasat does not
provide summary reports for either data quality assessment or downstream analysis. scitools only
works for sciATAC-seq and is not well documented. Another tool SnapATAC [17] also binarizes
the raw count data and cluster cells based on bin-by-cell count matrix. Cellranger-atac by 10x
Genomics (https://www.10xgenomics.com) is another comprehensive tool but only works with
data generated using the 10x platform, and the software code is not open source. Additionally,
some key analytical modules of Cellranger-atac are not flexible and do not use state-of-the-art
algorithms. For example, the peak calling task does not use state-of-the-art algorithms, such as
Model-based analysis for ChIP-Seq 2, MACS2, [18], resulting in many problematic peaks.
Here, we present a comprehensive and open-source software package for quality assessment
and analysis of single-cell chromatin accessibility data, scATAC-pro. It provides flexible
options for most of the analytical modules with carefully curated default settings. Summary
reports for both quality assessment and downstream analysis are automatically generated.
Interface to an interactive single-cell data visualization tool VisCello [19] is also provided.

Results
scATAC-pro provides flexible choices of methods for many analytical tasks
The overall workflow of scATAC-pro is depicted in Figure 1. We provide at least two alternative
methods for all data processing and analytical modules. There are several reasons to have
alternative methods for scCAS data processing and analysis. First, for certain tasks, many tools
exist that perform equally well but have different levels of trade-off between mapping accuracy
and mapping speed [20]. For example, for read mapping, several popular aligners exist,
including BWA [21], Bowtie [22] and Bowtie2 [23]. Users can choose among those aligners
based on different goals. For cell calling, cells can be called by filtering low-quality barcodes
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[1,2,5,8] or by using model-based approaches (e.g. cellranger-atac). Each class of methods has
its pros and cons that can be tailored towards the goals of the analysis.
Second, in the cases where a general-purpose and top-performing method exists, such as MACS2
[18] for peak calling, there are other methods that are more suitable for specific tasks. For
example, the genome wide event finding and motif discovery algorithm, GEM [24], was shown
to have better performance in identifying peaks overlapping with transcription factor binding
sites (TFBS) [25]. In this case, the users might prefer GEM over MACS2.
Third, often times there is a need for methods that can address dataset-specific characteristics.
For example, it is more appropriate to binarize the peak-by-cell count matrix if the sequencing
depth is shallow. Ideally, binarization of the count matrix should be avoided because nonbinarized counts provides differential accessibility information. Therefore, we provide methods
that work on binarized and non-binarized peak-by-cell count matrices (See details in Methods).
Another example is clustering, a critical task for understanding heterogeneity in a cell
population. To help selecting better clustering methods, we conducted a benchmarking study
using simulated data. The compared methods include scABC, chromVAR, cisTopic, Latent
Semantic Indexing or LSI [2], SCRAT, and Louvain algorithm implemented in Seurat v3 [26].
Based on the benchmarking result (Supplementary Figure 2), we choose cisTopic and Seurat as
the methods for the clustering module. Note that cisTopic binarizes the peak-by-cell count matrix
while Seurat does not.
scATAC-pro provides carefully evaluated default settings for all modules
Method and parameter choice makes a big difference in the result of several analytical modules.
We therefore provide a set of carefully evaluated default settings for each analysis module. We
discuss the setting for these modules as follows (see Methods for details).
Read mapping
Because of its balance between mapping speed and accuracy [27], especially for paired-end
sequencing data, we choose BWA (specifically bwa-mem) as the default read aligner.
Peak calling
Peak calling is usually done on aggregated data across all barcodes. Such an approach fails to
identify peaks that only appear in rare cell populations. We implemented a two-step strategy,
similar to the idea used by [5]. We first segment the genome into 5 kb bins and generate a binby-barcode count matrix, removing barcodes with fewer than 1,000 unique fragments. We then
cluster the barcodes using the graph-based Louvain algorithm using principal components as the
input. Finally, we use MACS2 to call peaks on the aggregated data for each cell cluster. The final
set of peaks are generated by merging peaks less than 200 bp apart identified from different cell
clusters.
Cell calling
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As default, we use the filtering strategy to distinguish cell barcodes from non-cell barcodes,
because the method is intuitive, easy to interpret and widely used among published studies [5].
We define a barcode as a cell if its total number of unique fragments is greater than 5,000 and the
fraction of such fragments in peaks is greater than 50%. Users can use different thresholds for
the fraction of fragments in enhancers, promoters or mitochondrial genome to filter barcodes as
well.
Normalization
We provide two normalization methods. The Term Frequency-Inverse Document Frequency
(TF-IDF) method [2,5] treats count data as binary and normalizes data by sequencing depth per
cell and total number of unique fragments per peak. In the second method, count data is first logtransformed, followed by a linear regression to remove the confounding factor due to varying
sequencing depth per cell for every peak. This method enables users to work with non-binarized
count data. The TF-IDF method is set as the default normalization method in scATAC-pro.
Dimension reduction and data visualization
We use principal component analysis (PCA) as the default dimension reduction method because
it is the most widely used method for scCAS data and easy to interpret. Note that if the PCA is
conducted on the TF-IDF normalized data, such dimension reduction is also referred as Latent
Semantic Indexing or LSI [2]. We use the PCA implementation in Seurat v3 with some
modifications. In Seurat v3, the raw count matrix is log-transformed followed by a regression to
remove confounding factors (the total number of unique fragments per cell). PCA is then
performed on the transformed features. Because there are usually hundreds of thousand peaks in
a scCAS data set, this process takes about a couple of hours to finish for a typical scATAC-seq
data set. In our implementation, we first perform PCA on the normalized peak-by-cell count
matrix, followed by a regression analysis on each principal component. This procedure
substantially reduces the computation time and produces very similar clustering result as the
original Seurat implementation (Supplementary Figure 1). Uniform Manifold Approximation
and Projection (UMAP) [28] is used as the default visualization method.
Clustering
We provide the graph-based Louvain algorithm implemented in Seurat v3 as the default
clustering method. Shared neighbor network (SNN) graph is constructed based on the first 30
principle components. Louvain algorithm is then performed on the SNN graph with default
setting. We found that Louvain algorithm has a better balance between accuracy and running
speed among several popular clustering methods (Supplementary Figure 2).
scATAC-pro provides summary reports and interface to visualization tool
scATAC-pro generates global and cell-level quality assessment metrics for both aggregated and
single cell data. Two types of metrics are generated. The first type of metrics evaluates data
quality internally, including read mapping rate, duplicate rate, high-confidence mapped
fragments (MAPQ greater than 30), and library complexity. The second type of metrics evaluates
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data quality using external annotations of genomic features, including fraction of fragments in
mitochondrial genome, fraction of fragments overlapping with peaks and other annotated
genomic regions, such as enhancers and promoters. The quality assessment summary reports are
generated in html format. These statistics can be used to filter low quality barcodes.
Besides quality assessment metrics, scATAC-pro also generates summary reports for
downstream analyses, including dimension reduction, clustering, differential accessibility
analysis, TF motif enrichment analysis and footprinting analysis, gene ontology analysis, linking
regulatory DNA sequences with gene promoters, and chromatin interactions prediction.
To enable interactive exploration of data in scATAC-pro, we provide an interface to VisCello
[19], a visualization tool for single-cell omics data. To do this, we annotate the peaks with its
nearest gene, and mark genes with their TSSs located within the peak. Users can then visualize
chromatin accessibility signal of each peak or gene, and identify differential accessible peaks
across different cell clusters.
scATAC-pro provides utility functions to facilitate downstream analyses
Generation of input files for genome browser tracks for each cluster
It is a common task to visualize scCAS signal for each cell population on a genome browser. To
generate normalized signal track file, bam file of cells from each cluster is first split from the
bam file of all barcodes. Reads per cluster are then normalized as reads per kilobase per million
mapped reads. scATAC-pro outputs normalized chromatin accessibility for each cluster in
bigWig and bedGraph file formats, which can be directly uploaded to a genome browser for
visualization.
Transcription factor footprinting analysis
ATAC-seq and related technologies use the Tn5 enzyme to cleavage nucleosome-free DNA
while keeping the transcription factor binding sites intact due to protection by the bound TF. As
a result, a small region, referred to as the footprint, exhibits reduced Tn5 cleavage rate at the
ATAC-Seq peak locus. Unlike DNA motif analysis, TF footprinting analysis provides direct
evidence of TF binding to the chromatin [29]. With Hint-ATAC [30], scATAC-pro enables
footprinting analysis of either one cell cluster or differential TF binding between two cell
clusters.
Integration of multiple scCAS datasets
Starting with bam files of multiple datasets, scATAC-pro first call peaks for each dataset. Peaks
that are less than 200 bp apart are merged. Using this merged set of peaks based on all datasets,
scATAC-pro generates raw peak-by-barcode count matrix, performs quality assessment, cell
calling and downstream analysis for each dataset. Because we generate the peak-by-cell count
using the same set of peaks for all samples, it is straightforward to integrate the datasets using
existing tools, such as Seurat v3 or Liger [31]. scATAC-pro uses Seurat v3 as the default for this
task.
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Peak annotation and Gene Ontology analysis
To facilitate Gene Ontology analysis of genes associated with differential accessibility peaks,
scATAC-pro first annotates each peak with its nearest gene. Gene Ontology analysis for those
genes of each cluster can then be performed using the runGO module. This analysis helps users
to further explore the identity of each cell cluster.
Predicting chromatin interactions by Cicero
Connecting regulatory DNA elements to target genes is a prerequisite to understanding
transcriptional regulation. Cicero [32] predicts the interactions between cis-regulatory elements
and the target genes using scCAS data. scATAC-pro generates the predicted interactions by
running the module runCicero. The resulting interactions can be viewed through the UCSC
genome browser.
Case study
We used scATAC-seq data from 10,000 peripheral blood mononuclear cells (PBMCs) from a
healthy donor (https://support.10xgenomics.com/single-cell-atac/datasets) to demonstrate the
utility of scATAC-pro. Starting from the fastq files, scATAC-pro first demultiplexed sequencing
reads by adding the cell barcodes (R2.fastq.gz) information to the paired-end reads (R1.fastq.gz,
R3.fastq.gz). Adaptor sequences were then trimmed off, mapped to the GRCh38 reference
genome using scATAC-pro default settings. Fragments with mapping quality score (MAPQ) less
than 30 were removed. A summary report for mapping statistics and library complexity is
provided for all reads (Figure 2A) and reads belonging to called cells (Figure 2B,C).
Using the default peak caller, scATAC-pro called 129,049 peaks after removing peaks
overlapping with ENCODE blacklisted genomic regions
(http://mitra.stanford.edu/kundaje/akundaje/release/blacklists/hg38human/hg38.blacklist.bed.gz). Cell barcodes were selected by filtering out barcodes with fewer
than 5,000 total unique fragments and the fraction of unique fragment in peak less than 50%
(Figure 3A). Quality assessment report for each barcode was generated using various metrics,
including distribution of insert size, transcriptional start site (TSS) enrichment profile,
distribution of the total number of unique fragments for cell and non-cell barcodes, fractions of
unique fragments overlapping with annotated genomic regions (Figure 3B-E). Overall statistics
of data aggregated from all called cells was also computed (Figure 3F).
Downstream analyses including clustering, TF motif enrichment analysis, TF footprinting
analysis, and GO analysis, cis-element interaction prediction were conducted using default
scATAC-pro methods and settings (Figure 4). In total, we found 9 cell types. The top 10
enriched TFs for each cluster are shown in Figure 4B, which provides a means for identifying
cell type associated with each cluster. For example, binding motifs of PU.1(encoded by SPI1),
IRF4, CEBPA, and CEBPB are highly enriched in clusters 0, 6, 7 and 8, suggesting those
clusters are probably monocytes [33]. Motifs of EOMES and TBX5 were enriched in clusters 1,
2 and 5, suggesting those clusters are T cells. Enrichment of EBF1 [34] and BCL11A motifs [35]
suggests cluster 3 represents B cells. The differential footprinting analysis between cluster 0 and
cluster 1 further suggests that cluster 0 represents monocytes, because the monocytic TFs PU.1,
6
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JUNB, JUN, CEBPA and CEBPE [33,36,37] all have significant higher binding probability in
cluster 0 cells (Figure 4).
Using VisCello [19], we can display chromatin accessibility values of TSS regions of several
marker genes across cell clusters (Figure 5A and Supplementary Figure 4A), such as MS4A1
(CD20) for B cells, GNLY and NKG7 for natural killer (NK) cells, CD3E for T cells, CD14,
LYZ, and FCGR3A (CD16) for monocyte cells, and CST3 for dendritic cells (DC) [38]. We also
displayed UCSC genome browser tracks for two example genes, CD14 (Figure 5B) and the
FCER1A (Supplementary Figure 4B). Taken together, based on the chromatin accessibility
profile of known cell-type-specific marker genes, we annotated cell cluster as T cells, B cells,
CD14+ monocytes, CD16+ monocytes, dendritic cells, natural killer cells.

Discussion
scATAC-pro provides a comprehensive solution for scCAS data QC and analysis. It reports a
number of commonly used QC metrics for both aggregated data of all barcodes and barcodes of
called cells. These metrics evaluate multiple steps of the experimental protocol, including the
transposase reaction (insert size), quality of nucleus preparation (insert size, fraction of unique
reads, cell vs non-cell reads, mitochondrial reads), cell encapsulation (cell vs non-cell reads),
PCR amplification (duplicate rate), library preparation and sequencing (fraction of unique reads
and reads with MAP > 30). Although there is no universally optimal QC metric for all kinds of
scCAS data, the fraction of fragments in peak per cell is the most widely used in the literature.
Alternative metric such as the TSS enrichment score per cell is introduced recently [17], but its
utility may be limited for cell types that have a large fraction of active TSS-distal peaks. Having
a comprehensive annotation of cis-regulatory elements across all human cell types will facilitate
the task of evaluating quality of gene-distal ATAC-Seq peaks.
Because there is no clear optimal method for many analytical tasks, scATAC-pro provides
multiple methods that allow users to tailor their analyses and to address dataset-specific
characteristics. To guide the users, we have provided carefully evaluated default setting for each
analytical task, including both method choice and parameter setting of the selected method(s).
The open-source and modular design of scATAC-pro facilitates the maintenance and future
development of the software. Several experimental protocols exist for generating scCAS data.
Data generated using these protocols have different characteristics and qualities. scATAC-pro is
the first software tool that enables analysis of all types of scCAS data. By doing so, scATAC-pro
facilitates the integration of rapidly growing scCAS data.
The current version of scATAC-pro generates a static summary report. It can be
enhanced by generating dynamic summary report in future versions of the software. For
example, for downstream analyses, the results can be updated in real time based on the cell
clusters compared. Display of cis-interactions within an arbitrary genomic region specified by
the user will be another very useful feature to add.
Conclusions
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scATAC-pro is a comprehensive open source software tool for processing, analyzing and
visualizing single-cell chromatin accessibility sequence data. With the rapid accumulation of
single-cell chromatin accessibility sequencing data, application of scATAC-pro will facilitate a
better understanding of epigenomic heterogeneity in healthy and diseased tissues.

Methods
scATAC-pro workflow
scATAC-pro consists of two units, data processing unit and downstream analysis unit (Figure
1). The data processing unit takes raw fastq files for reads and barcodes as the input and outputs
peak-by-cell count matrix, QC report and genome track files. It consists of the following
modules: demultiplexing, adaptor trimming, read mapping, peak calling, cell calling, genome
track file generation and quality control assessment. The downstream analysis unit consists of the
following modules: dimension reduction, cell clustering, differential accessibility analysis, Gene
Ontology analysis, TF motif enrichment analysis, TF footprinting analysis, linking regulatory
DNA sequences with gene promoters, and integration of multiple datasets. We provide flexible
options for all modules.
We designed the workbench to be user friendly. In each run, users just need to specify the input
file (“--input” flag), the module name (“--step” flag) and a configuration file (“--config” flag), in
which users provide additional parameters or options for the analysis modules. Users can choose
to run the entire or partial workflow. By default, all results are saved in the “output” directory
under the current directory (--output_dir “./output”).
Demultiplexing
Given the fastq files and the barcode fastq files, the barcode sequences are written into the name
of each read sequence (in the format as @BARCODE:ORIGINAL_READ_NAME) to facilitate
the tasks of downstream modules, such as generating peak-by-cell matrix and quality assessment
at single cells. For data generated using 10x genomics, sciATAC-seq and dsciATAC-seq
protocols, users need to provide the paired-end read fastq files and the index fastq file (also
supports multiple index fastq files). For scTHS-seq data, users need to specify the parameter
isSingleEnd=TRUE in the configuration file because scTHS-seq data are single-end reads. This
module is skipped if the barcode for each read is recorded in the required format. For example, in
the mouse sci-ATAC-seq atlas data, [2,5], the barcode for each read is saved in the name of each
read in the SRA file.
Adaptor trimming
To map sequencing reads confidently to the reference genome, scATAC-pro first trims off the
adaptor sequence and primer oligo sequence from raw reads using trim_galore
(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/) as the default, which can
automatically detect and trim the adaptor and primer sequences. Alternatively, users can also use
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Trimmomatic [39], which is faster but users need to specify the sequence of the adaptor in the
configuration file.
Read mapping
Different alignment methods make different compromise between mapping accuracy and speed.
BWA, Bowtie and Bowtie2 are three popular and top-ranked aligners based on previous
benchmarking studies [20,27]. scATAC-pro enables all three aligners for read mapping. Based
on its popularity for single cell ATAC-seq studies, cellranger-atac use BWA as its aligner, we
use BWA (bwa-mem) as the default aligner based on its balance between mapping speed and
accuracy. Users can provide addition options in the configuration file by specifying
MAPPTING_METHOD and corresponding parameters. For instance, if users want to use 10
CPUs for parallel computing, they can set BWA_OPTS = -t 10 if BWA is used, BOWTIE_OPTS
= -p 10 if BOWTIE is used and BOWTIE2_OPTS = -p 10 if Bowtie2 is used. After mapping,
scATAC-pro uses samtools [40] to sort, index, mark duplicates and filter low quality reads in the
bam file.
The position sorted bam file, filtered bam file (default MAPQ score > 30), and the mapping
statistics are automatically generated and saved for downstream modules. A file called
fragment.txt that records the genomic location, barcode and the number of duplicates of each
unique fragment is generated using a custom R script to facilitate downstream analysis.
Peak calling
By default, we identify open chromatin regions by identifying peaks using aggregated fragments
across all barcodes. MACS2 is a popular peak calling tool for ATAC-Seq and ChIP-Seq data. We
also enable the GEM algorithm for peak calling. It is recommended by the ENCODE consortium
for its good performance on calling TF motif enriched peaks. The processed scCAS data is then
summarized as the peak-by-barcode matrix. Peaks that only appear in rare cell types are
challenging to call by the above approach of using aggregated fragments across all barcodes. An
alternative approach is to bin the genome without peak calling or combination of binning the
genome and peak calling [5]. For the combination strategy, we first segment the genome into 5
kb bins and generate bin-by-barcode count matrix, removing barcodes with low total number of
fragments (e.g. 1,000). We then cluster the barcodes followed by peak calling for each cluster.
Peaks or bins overlapped with blacklisted genomic regions are removed for downstream
analysis. Users can specify PEAK_CALLER to be one of MACS2, GEM, BIN, or, COMBINED in
the configuration file.
Cell calling
Not all barcodes are real cells in a typical scCAS dataset due to cell collision and/or cell debris.
How to distinguish cell barcodes from non-cell barcodes is still a challenging problem.
Generally, users select cell barcodes either by filtering out low quality barcodes based on some
summary statistics, such as total number of fragments and fraction of fragments in peak regions.
Alternatively, users can use model-based approaches. For example, the cellRanger-atac method
fits a mixture of two zero-inflated negative binomial models to discriminate cell barcodes and
non-cell barcodes. EmptyDrops [41], originally designed to identify cells from scRNA-Seq data,
9
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models the counts using a Dirichlet-multinomial distribution. scATAC-pro provides all of the
aforementioned strategies/methods. Based on our experience, cellranger-atac and EmptyDrops
(with the default fdr of 0.001) tend to call too many cells,while the knee point approach of
EmptyDrops and cellRanger-atac are too stringent. Therefore, we choose the filtering strategy as
the default since it is simple and intuitive. For the filtering strategy, users can filter barcodes
based on one or multiple summary statistics such as the total number of unique fragments,
fraction of fragments in peaks, fraction of fragments in mitochondrial genome, and fraction of
fragments overlapping with annotated promoters, enhancers, and TSS regions. Since the
implementation of cellRanger-atac cell calling is not publicly available, we implemented the
algorithm using custom R scripts.
Quality assessment
scATAC-pro provides mapping statistics for all reads as well as reads belonging to called cells.
The following QC metrics are reported: total reads, total number of mapped reads, unique
mapping rate, fraction of reads in mitochondrial genome, number of duplicate reads, high-quality
reads (MAPQ >30), library complexity, fraction of reads in annotated genomic regions and TSS
enrichment profile. The same set of summary statistics is also reported for reads belonging to
called cells. scATAC-pro also reports the number of cells called, median number of fragments
per cell, fraction of mapped reads belonging to cells.
Normalization
The default Term Frequency-Inverse Document Frequency (TF-IDF) normalization is
implemented using the TF.IDF function in Seurat v3. We also provides an alternative
normalization method, which first log-transforms the count followed by regression to remove the
confounding factor due to sequencing depth per cell.
Dimension reduction, cell clustering, and visualization
scATAC-pro supports principal component analysis (PCA) (which is also called Latent Semantic
Indexing (LSI) if the data were first normalized by TF-IDF) and latent Dirichlet allocation
(LDA) for dimension reduction. We use the Seurat v3 toolkit to implement PCA, Louvain
clustering algorithm, and the R CisTopic package to implement LDA. We provide t-distributed
stochastic neighbor embedding (tSNE) and uniform manifold approximation and projection
(UMAP) (implemented by Seurat v3) for visualization.
Differential accessibility analysis
Peaks with differential accessibility across different cell clusters are potentially cell-specific gene
regulatory elements. We use Wilcoxon test as the default method to perform differential
accessibility analysis. Alternative methods such as logistic regression based (LR) method
(implemented in Seurat v3), DESeq2 [42] and negative binomial regression based test
(implemented in Seurat v3) are also available. Users can compare any given two clusters or
compare one cluster versus the rest of the clusters using the module runDA and specify group1,
group2 in the configuration file.
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Generation of genome browser track files
scATAC-pro outputs bigWig and bedGraph files for visualizing chromatin accessibility signal in
a genome browser. The signal is normalized by reads per kilobase per million mapped reads, for
aggregated data or for each cell cluster. Those files are generated using the bamCoverage
command in deepTools toolkit [43].
TF motif enrichment analysis
scATAC-pro constructs the TF binding accessibility profile for each single cell using the
chromVAR with a slight modification. chromVAR computes a gain or loss accessibility score for
peaks sharing the same motif by comparing to accessibility score of peaks with similar mean
accessibility and GC contents. To speed up this analysis, in scATAC-pro, instead of using the
whole peak-by-cell matrix, we select top 30% of most variable peaks. This reduces the running
time of chromVAR by eight times compared to using the full matrix of the PBMC data. We then
identify TFs that have significantly higher accessibility in one cell cluster than in the other cell
cluster by conducting a two-sample Wilcoxon test. TFs that are significantly higher chromatin
accessible in each cell cluster is saved in a text file and visualized using heatmap.
TF footprinting analysis
We use Hint-ATAC [30] to perform TF footprinting analysis, which is the first tool designed
specifically for ATAC-seq data. Due to the sparsity of scCAS data, it is impossible to predict TF
footprints at single cell level, but feasible at cell cluster level since the read depth per cluster is
similar to bulk ATAC-seq data. We also use Hint-ATAC to do differential TF footprinting
analysis.
Summary reports
scATAC-pro automatically updates the summary report after processing and/or downstream
analysis were done through custom R scripts. If some analysis modules are not executed,
scATAC-pro still generates the report with results of executed modules.
Benchmarking of clustering algorithms for scCAS data
The single-cell data were simulated by resampling bulk ATAC-seq data on 13 primary human
blood cell types [7]. Specifically, we simulated data for 200 cells for each of the 13 cell types.
For each cell, 10,000 reads were randomly selected from the mapped reads in the bulk data.
Peaks were called using MACS2 using the aggregated single-cell data. The performance of each
method was evaluated using the adjusted rand index and bulk sorted cell types as the ground
truth (Supplementary Fig 2). To investigate the robustness of each method as a function of cell
type composition, we sampled a total of 1,000 cells from the 13 cell types with different cell type
compositions. The fractions of different cell types were generated based on the Dirichlet
distribution (with shape parameter alpha = 3 for each component). For each method, the default
parameters were used, except for the number of clusters, which was set to 13.
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Scasat
Open source

cellranger-atac

scATAC-pro

Yes

No

Yes

Read mapping

Adapter
trimming
Bowtie2

Demultiplexing,
adapter trimming
BWA

Demultiplexing,
adapter trimming
BWA, Bowtie, Bowtie2

Peak calling

MACS2

ZINBA [44]

Cell calling

Filtering

Mixture of NB model

Dimension
reduction and
visualization

MDS, tSNE

PCA, LSI, PLSA,
tSNE

Clustering

k-medoids on
original features

K-means, Louvain on
features of reduced
dimensions

TF binding analysis

No

TF motif enrichment

Preprocessing

No

No

Yes

Yes

Yes

No

Yes

Yes (but need
multiplexed
fastq file)

No

Yes

GO analysis
QC report
Genome browser
track file generation
Support of multiple
experimental
protocols

PCA, LDA, LSI, tSNE,
UMAP
Louvain on features of
reduced dimensions,
cisTopic on original
features
TF motif enrichment, TF
footprinting
DESeq2, Wilcoxon test,
logistic regression,
negative binomial test
Yes

Information
gain, Fisher’s
exact test
Yes

Differential
accessibility

MACS2, GEM, Binning,
COMBINED
Filtering, EmptyDrop,
Mixture of NB model

Custom model

Table 1. Comparison of the features of three comprehensive software for the processing
and analysis of single-cell chromatin accessibility sequencing data. MDS: multidimensional
scaling; NB: negative binomial; PLSA: probability latent semantic analysis; LSI, latent semantic
indexing; LDA, latent Dirichlet allocation; UMAP, uniform manifold approximation and
projection (UMAP); tSNE, t-distributed stochastic neighbor embedding.
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Figure legend
Figure 1. The scATAC-pro workflow. The workbench consists of two units, data processing
unit and downstream analysis unit. Modules of the data processing unit include demultiplexing
and adaptor trimming of the raw reads, followed by mapping of reads to the reference genome,
filtering of low-quality reads. Aggregated reads are used for generating genome browser tracks,
peak calling and cell calling. Quality check (QC) reports are generated based on both aggregated
data and single cell data. Modules of the downstream analysis unit consists of dimension
reduction, clustering, differential accessibility between different cell populations, genome
browser track generation, TF binding motif and footprinting analyses, and prediction of
chromatin interactions. Most modules provide more than one analytical methods.
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Figure 2. Summary statistics for read mapping, library complexity, and cell calling.
scATAC-Seq data of human peripheral blood mononuclear cells (PBMCs) was used for
illustration purpose. Global mapping statistics are based on all data (A). Cell barcode mapping
statistics are based on called cells (B, C). MAPQ, mapping quality score.
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Figure 3. Quality assessment metrics for called single cells. scATAC-Seq data of human
PBMCs was used for illustration purpose. (A) Plot of the fraction of fragments in peaks versus
the total number of unique fragments. The plot can be used to distinguish cell barcodes from
non-cell barcodes. (B) Distribution of insert fragment sizes. The plot can be used to evaluate the
quality of transposase reaction. (C) Transcription start site (TSS) enrichment profile. (D)
Distribution of the total number of unique fragments for cell and non-cell barcodes. The plot can
be used to evaluate the amount of cell debris sequenced. (E) Boxplot of fragments overlapping
annotated genomic regions per cell. (F) Overall statistics of data aggregated from all called cells.
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Figure 4. Summary report for downstream analyses. scATAC-Seq data of human PBMCs
was used for illustration purpose. Results of the following analyses are shown: clustering
analysis (A), transcription factor (TF) motif enrichment analysis (B), differential footprinting
analysis between cluster0 and cluster1 (C) , enriched gene ontology (GO) terms for cluster0 (D),
and predicted cis-interactions at CD14 locus (E).
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Figure 5. Visualization of scATAC-Seq data. (A) Chromatin accessibility signal of single
cells. Normalized chromatin accessibility signal for peaks overlapping with transcriptional start
sites of selected marker genes. Data is visualized using visCello. (B) Chromatin accessibility
signal of aggregated cells along the genome. Genome browser view of normalized chromatin
accessibility signal at the CD14 locus across cell clusters. (C) Cell type assignment based on
chromatin accessibility signals of known cell type marker genes. Inset, clustering result without
cell type assignment.
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Supplementary figure legend
Supplementary Figure 1. Performance comparison of principal component analysis (PCA)
implemented in Seurat and scATAC-pro. (A) Computation time as a function of the fraction
of features (peaks) used. (B) Similarity of the clustering results based on PCA by Seurat and
scATAC-pro. Clustering was done using the Louvain algorithm. Similarity was measured using
the adjusted rand index.

Supplementary Figure 2. Performance comparison of different clustering algorithms using
simulated data. (A) Adjusted rand index for different algorithms using the FACS-sorted cell
types as the ground truth. Cells from 13 types were sampled with equal probability. (B)
Computation time of each method. (C) Adjusted rand index of 100 sets of simulated data. Cells
were sampled from the 13 types with different proportions. The proportions of different cell
types were generated based on the Dirichlet distribution (with shape parameter alpha = 3 for each
component).

Supplementary Figure 3. Screenshot of the user interface of the visualization tool, VisCello.
scATAC-Seq data of human peripheral blood mononuclear cells (PBMCs) was used for
illustration purpose. Chromatin accessibility score of peak overlapping with the transcriptional
start site of MS4A1 is displayed. Users can use gene name or peak coordinate as the search
keyword to explore the accessibility of interested regions. The raw and normalized data can be
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visualized using uniform manifold approximation and projection (UMAP) or t-distributed
stochastic neighbor embedding (tSNE) with different numbers of principal components

Supplementary Figure 4. Chromatin accessibility of transcription start site (TSS) of two
dendritic cell markers CST3 (A) and FCER1A (B) shown in UMAP and UCSC genome
browser, respectively.

20

bioRxiv preprint doi: https://doi.org/10.1101/824326; this version posted October 31, 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.

References
1. Buenrostro JD, Wu B, Litzenburger UM, Ruff D, Gonzales ML, Snyder MP, et al. Single-cell
chromatin accessibility reveals principles of regulatory variation. Nature. 2015;523:486–90.
2. Cusanovich DA, Daza R, Adey A, Pliner HA, Christiansen L, Gunderson KL, et al. Multiplex
single cell profiling of chromatin accessibility by combinatorial cellular indexing. Science.
2015;348:910–4.
3. Lake BB, Chen S, Sos BC, Fan J, Kaeser GE, Yung YC, et al. Integrative single-cell analysis
of transcriptional and epigenetic states in the human adult brain. Nat Biotechnol. 2018;36:70–80.
4. Lareau CA, Duarte FM, Chew JG, Kartha VK, Burkett ZD, Kohlway AS, et al. Droplet-based
combinatorial indexing for massive-scale single-cell chromatin accessibility. Nat Biotechnol.
2019;37:916–24.
5. Cusanovich DA, Hill AJ, Aghamirzaie D, Daza RM, Pliner HA, Berletch JB, et al. A SingleCell Atlas of In Vivo Mammalian Chromatin Accessibility. Cell. 2018;174:1309–24.e18.
6. Preissl S, Fang R, Huang H, Zhao Y, Raviram R, Gorkin DU, et al. Single-nucleus analysis of
accessible chromatin in developing mouse forebrain reveals cell-type-specific transcriptional
regulation. Nat Neurosci. 2018;21:432–9.
7. Corces MR, Buenrostro JD, Wu B, Greenside PG, Chan SM, Koenig JL, et al. Lineagespecific and single-cell chromatin accessibility charts human hematopoiesis and leukemia
evolution. Nat Genet. 2016;48:1193–203.
8. Buenrostro JD, Corces MR, Lareau CA, Wu B, Schep AN, Aryee MJ, et al. Integrated SingleCell Analysis Maps the Continuous Regulatory Landscape of Human Hematopoietic
Differentiation. Cell. 2018;173:1535–48.e16.
9. Satpathy AT, Saligrama N, Buenrostro JD, Wei Y, Wu B, Rubin AJ, et al. Transcript-indexed
ATAC-seq for precision immune profiling. Nat Med. 2018;24:580–90.
10. Schep AN, Wu B, Buenrostro JD, Greenleaf WJ. chromVAR: inferring transcription-factorassociated accessibility from single-cell epigenomic data. Nat Methods. 2017;14:975–8.
11. Ji Z, Zhou W, Ji H. Single-cell regulome data analysis by SCRAT. Bioinformatics.
2017;33:2930–2.
12. Urrutia E, Chen L, Zhou H, Jiang Y. Destin: toolkit for single-cell analysis of chromatin
accessibility. Bioinformatics [Internet]. 2019; Available from:
http://dx.doi.org/10.1093/bioinformatics/btz141
13. Zamanighomi M, Lin Z, Daley T, Chen X, Duren Z, Schep A, et al. Unsupervised clustering
and epigenetic classification of single cells. Nat Commun. 2018;9:2410.
14. Bravo González-Blas C, Minnoye L, Papasokrati D, Aibar S, Hulselmans G, Christiaens V,

21

bioRxiv preprint doi: https://doi.org/10.1101/824326; this version posted October 31, 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.

et al. cisTopic: cis-regulatory topic modeling on single-cell ATAC-seq data. Nat Methods.
2019;16:397–400.
15. Baker SM, Rogerson C, Hayes A, Sharrocks AD, Rattray M. Classifying cells with Scasat, a
single-cell ATAC-seq analysis tool. Nucleic Acids Res. 2019;47:e10.
16. Sinnamon JR, Torkenczy KA, Linhoff MW, Vitak SA, Mulqueen RM, Pliner HA, et al. The
accessible chromatin landscape of the murine hippocampus at single-cell resolution. Genome
Res. 2019;29:857–69.
17. Fang R, Preissl S, Hou X, Lucero J, Wang X. Fast and Accurate Clustering of Single Cell
Epigenomes Reveals Cis-Regulatory Elements in Rare Cell Types. bioRxiv [Internet].
biorxiv.org; 2019; Available from: https://www.biorxiv.org/content/10.1101/615179v2.abstract
18. Zhang Y, Liu T, Meyer CA, Eeckhoute J, Johnson DS, Bernstein BE, et al. Model-based
analysis of ChIP-Seq (MACS). Genome Biol. 2008;9:R137.
19. Packer JS, Zhu Q, Huynh C, Sivaramakrishnan P, Preston E, Dueck H, et al. A lineageresolved molecular atlas of C. elegans embryogenesis at single-cell resolution. Science [Internet].
2019; Available from: http://dx.doi.org/10.1126/science.aax1971
20. Hatem A, Bozdağ D, Toland AE, Çatalyürek ÜV. Benchmarking short sequence mapping
tools. BMC Bioinformatics. 2013;14:184.
21. Li H, Durbin R. Fast and accurate short read alignment with Burrows–Wheeler transform.
Bioinformatics. Narnia; 2009;25:1754–60.
22. Langmead B, Trapnell C, Pop M, Salzberg SL. Ultrafast and memory-efficient alignment of
short DNA sequences to the human genome. Genome Biol. 2009;10:R25.
23. Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nat Methods.
2012;9:357–9.
24. Guo Y, Mahony S, Gifford DK. High resolution genome wide binding event finding and
motif discovery reveals transcription factor spatial binding constraints. PLoS Comput Biol.
2012;8:e1002638.
25. Thomas R, Thomas S, Holloway AK, Pollard KS. Features that define the best ChIP-seq
peak calling algorithms. Brief Bioinform. 2017;18:441–50.
26. Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, Mauck WM 3rd, et al.
Comprehensive Integration of Single-Cell Data. Cell. 2019;177:1888–902.e21.
27. Otto C, Stadler PF, Hoffmann S. Lacking alignments? The next-generation sequencing
mapper segemehl revisited. Bioinformatics. 2014;30:1837–43.
28. McInnes L, Healy J, Melville J. UMAP: Uniform Manifold Approximation and Projection
for Dimension Reduction [Internet]. arXiv [stat.ML]. 2018. Available from:

22

bioRxiv preprint doi: https://doi.org/10.1101/824326; this version posted October 31, 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.

http://arxiv.org/abs/1802.03426
29. Baek S, Goldstein I, Hager GL. Bivariate Genomic Footprinting Detects Changes in
Transcription Factor Activity. Cell Rep. 2017;19:1710–22.
30. Li Z, Schulz MH, Look T, Begemann M, Zenke M, Costa IG. Identification of transcription
factor binding sites using ATAC-seq. Genome Biol. 2019;20:45.
31. Welch JD, Kozareva V, Ferreira A, Vanderburg C, Martin C, Macosko EZ. Single-Cell
Multi-omic Integration Compares and Contrasts Features of Brain Cell Identity. Cell.
2019;177:1873–87.e17.
32. Pliner HA, Packer JS, McFaline-Figueroa JL, Cusanovich DA, Daza RM, Aghamirzaie D, et
al. Cicero Predicts cis-Regulatory DNA Interactions from Single-Cell Chromatin Accessibility
Data. Mol Cell. 2018;71:858–71.e8.
33. Zhu YP, Thomas GD, Hedrick CC. 2014 Jeffrey M. Hoeg Award Lecture: Transcriptional
Control of Monocyte Development. Arterioscler Thromb Vasc Biol. 2016;36:1722–33.
34. Nechanitzky R, Akbas D, Scherer S, Györy I, Hoyler T, Ramamoorthy S, et al. Transcription
factor EBF1 is essential for the maintenance of B cell identity and prevention of alternative fates
in committed cells. Nat Immunol. 2013;14:867–75.
35. Yu Y, Wang J, Khaled W, Burke S, Li P, Chen X, et al. Bcl11a is essential for lymphoid
development and negatively regulates p53. J Exp Med. 2012;209:2467–83.
36. Kurotaki D, Sasaki H, Tamura T. Transcriptional control of monocyte and macrophage
development. Int Immunol. 2017;29:97–107.
37. Halene S, Gaines P, Sun H, Zibello T, Lin S, Khanna-Gupta A, et al. C/EBPepsilon directs
granulocytic-vs-monocytic lineage determination and confers chemotactic function via Hlx. Exp
Hematol. 2010;38:90–103.
38. Schinnerling K, García-González P, Aguillón JC. Gene Expression Profiling of Human
Monocyte-derived Dendritic Cells – Searching for Molecular Regulators of Tolerogenicity
[Internet]. Frontiers in Immunology. 2015. Available from:
http://dx.doi.org/10.3389/fimmu.2015.00528
39. Bolger AM, Lohse M, Usadel B. Trimmomatic: a flexible trimmer for Illumina sequence
data. Bioinformatics. 2014;30:2114–20.
40. Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et al. The Sequence
Alignment/Map format and SAMtools. Bioinformatics. 2009;25:2078–9.
41. Lun ATL, Riesenfeld S, Andrews T, Dao TP, Gomes T, participants in the 1st Human Cell
Atlas Jamboree, et al. EmptyDrops: distinguishing cells from empty droplets in droplet-based
single-cell RNA sequencing data. Genome Biol. 2019;20:63.

23

bioRxiv preprint doi: https://doi.org/10.1101/824326; this version posted October 31, 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.

42. Love MI, Huber W, Anders S. Moderated estimation of fold change and dispersion for RNAseq data with DESeq2. Genome Biol. 2014;15:550.
43. Ramírez F, Ryan DP, Grüning B, Bhardwaj V, Kilpert F, Richter AS, et al. deepTools2: a
next generation web server for deep-sequencing data analysis. Nucleic Acids Res.
2016;44:W160–5.
44. Rashid NU, Giresi PG, Ibrahim JG, Sun W, Lieb JD. ZINBA integrates local covariates with
DNA-seq data to identify broad and narrow regions of enrichment, even within amplified
genomic regions. Genome Biol. 2011;12:R67.

24

