
Supplementary Figures 

Fig S1. Effect of data binarization on clustering performance using simulated data with 
different levels of noise. Data was simulated using a binomial distribution of read counts in peaks. 
Noise level was controlled using the parameter q. q = 0 indicates no noise while q = 1 indicates the 
highest level of noise. See methods for details. cisTopic and LSI can only use binarized data. The 
rest of the methods use non-binarized data by default although they can also use binarized data. (A) 
Adjusted rand index (ARI) for different methods, using the FACS-sorted cell types as the ground 
truth. (B, C) Performance of the same clustering algorithm using binarized and non-binarized data. 
ARI of Louvain clustering algorithm (B) and K-means algorithm (C) using 30 principal 
components calculated on different numbers of variable peaks.   

 

 

 

 

 



Fig S2. Performance comparison of different clustering algorithms of existing tools using 
simulated and real data.  Simulated data was generated by subsampling aligned reads directly 
from bulk ATAC-seq data and no noise was introduced.  (A) Adjusted rand index (ARI) for 
different algorithms using the FACS-sorted cell types as the ground truth. Cells of each type were 
subsampled with equal probability from a bulk ATAC-seq data set. (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). (D) Adjusted rand 
index for different algorithms using a real single-cell ATAC-seq data set (Buenrostro2018).   

 

 

 

 

 

 

 

 



Fig S3. Performance comparison of principal component analysis (PCA) implemented in 
Seurat and scATAC-pro (Seurat_correct).  (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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Fig S4. Summary statistics for read mapping, library complexity, and cell calling of 
Buenrostro 2018 data set. Global mapping statistics are based on all data (A). Cell barcode 
mapping statistics are based on called cells (B, C). MAPQ, mapping quality score. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Fig S5. Summary statistics for read mapping, library complexity, and cell calling of 
Cusanovich 2018 data set. Global mapping statistics are based on all data (A). Cell barcode 
mapping statistics are based on called cells (B, C). MAPQ, mapping quality score. Note that this 
data was processed using a downloaded bam file since the barcode index file is not publicly 
available. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Fig S6. Quality assessment metrics for called single cells of Buenrostro 2018 data set. (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. 

 

 

 

 

 

 

 

 

 

 



Fig S7. Quality assessment metrics for called single cells of Cusanovich 2018 data set. (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. 

 

 

 

 

 

 

 

 

 

 



Fig S8. Summary report for downstream analyses of Buenrostro 2018 data set. Results of the 
following analyses are shown: clustering analysis (A), transcription factor (TF) motif enrichment 
analysis (B), differential footprinting analysis (between one cluster and the rest of the clusters (C), 
enriched gene ontology (GO) terms for cluster0 (D), and predicted cis-interactions at GATA1 locus 
(E). 

 

 

 

 

 

 

 

 

 

 

 



Fig S9. Summary report for downstream analyses of Cusanovich 2018 data set. Results of the 
following analyses are shown: clustering analysis (A), transcription factor (TF) motif enrichment 
analysis (B), differential footprinting analysis (between one cluster and the rest of the clusters) (C), 
enriched gene ontology (GO) terms for cluster8 (D), and predicted cis-interactions at CEBPB locus 
(E). 

 

 

 

 

 

 

 

 

 

 

 



Fig S10. 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. (A) 
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 visualized using uniform 
manifold approximation and projection (UMAP) or t-distributed stochastic neighbor embedding 
(tSNE) with different numbers of principal components. (B) Differential chromatin accessibility 
analysis. The comparison can be done between any two groups of cells specified by the user. The 
resulting set of differential accessible regions and the heatmap are downloadable. Shown is the 
comparison between monocytic cell clusters (clusters 0, 6, 7, 8) versus T cell clusters (clusters 1, 2, 
5).  



 

 

 

 



Fig S11. 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. 

 

 


