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ABSTRACT 33 

 34 

Recently, multiple single cell assays were developed for detecting histone marks at the single cell levels. These 35 

techniques are either limited by the low cell throughput or sparse reads which limit their applications. To 36 

address these problems, we introduce indexing single-cell immunocleavage sequencing (iscChIC-seq), a 37 

multiplex indexing method based on TdT terminal transferase and T4 DNA ligase mediated barcoding strategy 38 

and single-cell ChIC-seq, which is capable of readily analyzing histone modifications across tens of thousands 39 

of single cells in one experiment. Application of iscChIC-seq to profiling H3K4me3 and H3K27me3 in human 40 

white blood cells (WBCs) enabled successful detection of more than 10,000 single cells for each histone 41 

modification with 11K and 45K non-redundant reads per cell, respectively. Cluster analysis of these data 42 

allowed identification of monocytes, T cells, B cells, and NK cells from WBCs. The cell types annotated from 43 

H3K4me3 single cell data are specifically correlated with the cell types annotated from H3K27me3 single cell 44 

data.  Our data indicate that iscChIC-seq is a reliable technique for profiling histone modifications in a large 45 

number of single cells, which may find broad applications in studying cellular heterogeneity and differentiation 46 

status in complex developmental and disease systems. 47 

 48 
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 67 

Introduction 68 

Histone modifications, which are typically measured by chromatin immunoprecipitation (ChIP) with massively 69 

parallel DNA sequencing(Barski et al. 2007; Johnson et al. 2007; Mikkelsen et al. 2007; Robertson et al. 2007) 70 

at the bulk-cell level, are associated with transcriptional regulation. Chromatin regions enriched in H3K4 71 

methylation and H3K27 acetylation are potentially active promoters or enhancers that activate the transcription 72 

of target genes; on the other hand, genes enriched in H3K27me3 signals are usually repressed(Kim et al. 2005; 73 

Barski et al. 2007; Mikkelsen et al. 2007; Wei et al. 2009; Creyghton et al. 2010). While the genomic profiles of 74 

various histone modifications have been extensively characterized at the bulk cell level, several single-cell 75 

epigenomic techniques for detecting histone modification marks are reported recently(Rotem et al. 2015; Ai et 76 

al. 2019; Carter et al. 2019; Grosselin et al. 2019; Hainer et al. 2019; Harada et al. 2019; Kaya-Okur et al. 2019; 77 

Ku et al. 2019; Wang et al. 2019).   78 

 79 

Although single cell assays including scChIL-seq(Harada et al. 2019), scChIC-seq(Ku et al. 2019), 80 

uliCUT&RUN(Hainer et al. 2019), scCUT&Tag(Kaya-Okur et al. 2019), iACT-seq(Carter et al. 2019), 81 

CoBATCH(Wang et al. 2019), itChIP-seq(Ai et al. 2019) and scChIP-seq(Rotem et al. 2015; Grosselin et al. 82 

2019) were developed recently for measuring histone marks (Supplemental Table S1), they have specific 83 

limitations. While scChIP-seq combined the droplet barcoding approach with ChIP-seq (Barski et al. 2007; 84 

Rotem et al. 2015; Grosselin et al. 2019), all other methods except for itChIP-seq replaced the traditional 85 

immunoprecipitation with antibody guided digestion of chromatin either via antibody-directed, transposase-86 

mediated integration of a DNA tag and fragmentation (for scChIL-seq(Harada et al. 2019) and 87 

scCUT&Tag(Kaya-Okur et al. 2019), iACT-seq(Carter et al. 2019), CoBATCH(Wang et al. 2019)), or via DNA 88 

cleavage specifically around nucleosomes containing the target modification(Schmid et al. 2004) (for 89 

uliCUT&RUN(Hainer et al. 2019) and scChIC-seq(Ku et al. 2019)). scChIP-seq(Rotem et al. 2015; Grosselin et 90 

al. 2019), with a relatively complicated workflow, could detect about 2000-4000 cells in one experiment with 91 

an average of 4000 reads per cell. Although iACT-seq, scCUT&Tag, uliCUT&RUN, itChIP-seq and scChIC-92 

seq have simpler workflows and more cost-effective, iACT-seq and scCUT&Tag could detect an average of 93 

2000-6000 reads per cells and the cell throughput of uliCUT&RUN, itChIP-seq and scChIC-seq is low. While 94 

scChIL-seq and CoBATCH worked well for detecting active marks, they were not optimal for detecting 95 

repressive marks in fixed samples considering the attenuated activity of Tn5 in non-accessible chromatin 96 

regions and its intrinsic bias towards open regions(Harada et al. 2019). Therefore, there is a need to develop a 97 

single cell technique for profiling histone marks with higher cell throughput, more widely applications and 98 

detection of more reads per cell. 99 

 100 
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Results 101 

 102 

The simultaneous addition of several dG nucleotides to DNA ends by TdT enzyme and ligation of oligo-dC 103 

barcode adaptors by T4 DNA ligase is an efficient strategy to barcode chromatin regions following DNase 104 

digestion.  We adapted this barcoding strategy to label the DNA ends generated by antibody-guided MNase 105 

cleavage in ChIC-seq assays to profile histone modifications in more than tens of thousands of single cells in 106 

one experiment through three levels of barcoding and indexing strategy (Fig. 1A-B). Briefly, following 107 

antibody-guided MNase digestion of cells cross-linked with formaldehyde and disuccinimidyl glutarate (DSG), 108 

several dGs were added to the DNA ends by the activity of TdT in the presence of T4 DNA ligase and oligo-dC 109 

barcode adaptors in a 96-well plate. The cells were then pooled from 96 wells and aliquoted into new 96-well 110 

plates with 30 cells per well by flow cytometry sorting, followed by two consecutive rounds of PCR 111 

amplification. The samples were then pooled, purified, and sequenced using Illumina HiSeq 3000. The barcodes 112 

and PCR indexes (Supplemental Table S2) were identified and resolved to reveal single cells using a previous 113 

strategy(Cusanovich et al. 2015).  114 

 115 

We first examined the collision rate by applying iscChIC-seq to a mixture of mouse NIH3T3 and human 116 

HEK293T cells. We found that reads from cells were mainly mapped either to the mouse genome (n=439) or 117 

the human genome (n=2,371), while 149 barcodes were categorized as human and mouse doublets. The human-118 

mouse cell doublet rate is approximately 10% (Supplemental Fig. S1; Methods ), which is similar to the 119 

collision rate of 12% obtained from the estimation based on the number of cells per well(Rubin et al. 2019). We 120 

then applied iscChIC-seq to white blood cells isolated from human blood for profiling the H3K4me3 121 

modification, which is an active histone modification mark, at a single cell resolution. Using a cutoff to filter 122 

cells with less than 1,000 reads, we detected 10,000 single cells and about 9,000 reads per cell on average in one 123 

single experiment (Supplemental Table S3). Using a more stringent filtering criteria (a cell has at least 3,000 124 

reads), this resulted in ~7,800 single cells each having about 11,000 reads on average. Note that the number of 125 

total reads in some wells of the PCR plate are much lower than other wells (Supplemental Table S3), which 126 

could be caused by the irregularities of the PCR machine, for example, temperature control at those few wells. 127 

The cell number and unique reads number per cell detected by iscChIC-seq are significantly improved as 128 

compared with the previous published single-cell methods (Supplemental Table S3), while the precision of 129 

reads detected by iscChIC-seq is comparable to other methods(Grosselin et al. 2019; Kaya-Okur et al. 2019). 130 

The duplication rate of iscChIC-seq reads is about 73% while it is 87% for scCUT&Tag (Kaya-Okur et al. 131 

2019) and 23% for scChIP-seq (Grosselin et al. 2019). The genomic profiles of the sequencing read from 132 

pooled single cells displayed specific peaks around transcription start site (TSS) and were highly consistent with 133 

that of the bulk cell H3K4me3 ChIP-seq data from ENCODE (Fig. 2A; Supplemental Fig. S2A, B). Using 134 
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SICER(Zang et al. 2009; Xu et al. 2014), 36,169 H3K4me3 peaks were detected from the pooled single cells. 135 

Using a similar strategy, 52,798 H3K4me3 peaks were detected from the ENCODE ChIP-seq data from 136 

different immune cells in human WBCs (Supplemental Table S4). Comparison of the ENCODE data with our 137 

single-cell data revealed that 31,432 out of 36,169 (87%) H3K4me3 peaks from the pooled cells overlapped 138 

with the peaks from the bulk cell H3K4me3 ChIP-seq data (Fig. 2B).  The read densities of the pooled single 139 

cells and the bulk cell ChIP-seq data were highly correlated (r=0.89) (Fig. 2C). Also, the pooled single cell data 140 

showed high enrichment and nucleosome phasing around the transcription start site (TSS) (Fig. 2D), as found 141 

from ChIP-seq data(Barski et al. 2007). Together, these results indicate that our iscChIC-seq data can 142 

effectively detect H3K4me3 marks in single cells.  143 

 144 

To further study the performance of iscChIC-seq, we compared the sensitivity (i.e., percentage of true peaks 145 

recovered) and precision (i.e., percentage of reads located in true peaks) of iscChIC-seq to both scCUT&Tag 146 

(Kaya-Okur et al. 2019) and scChIP-seq(Grosselin et al. 2019). Note that H3K4me2 from scCUT&Tag was 147 

compared to H3K4me3 from either iscChIC-seq and scChIP-seq due to the lack of published single cell 148 

H3K4me3 data using scCUT&Tag. The results showed that iscChIC-seq has the best performance in sensitivity, 149 

while its precision is either compatible with or slightly lower than scChIP-seq or scCUT&Tag (Supplemental 150 

Fig. S3). To check the reproducibility of iscChIC-seq, we generated two sets of single cell H3K4me3 data. We 151 

pooled the single cells in each set of data and compared the H3K4me3 density between the two pooled sets. The 152 

results showed that the two replicates are highly correlated (r=0.96, Supplemental Fig. S4). 153 

 154 

Next, we examined if different cell types of the human WBCs, which contain T cells, NK cells, monocytes, and 155 

B cells, could be identified from the iscChIC-seq data. For this purpose, a combined reference set of H3K4me3 156 

peaks for human WBCs were first computed using the ENCODE bulk cell H3K4me3 ChIP-seq data (Methods). 157 

By applying the silhouette analysis(Rousseeuw 1987), a number of six were found to be the optimal number of 158 

clusters (Supplemental Fig. S5A; Fig. 3A). To annotate the cells in each cluster, we pooled the cells from each 159 

cluster and identified the H3K4me3 peaks that are specific to each cluster. Using the ENCODE T cell, B cell, 160 

NK cell, monocyte bulk cell H3K4me3 ChIP-seq data, we identified the peaks that are specific to each cell type. 161 

Next, the statistical significance of the overlap between the two types of specific peaks was calculated using 162 

hypergeometric test, which robustly annotated four of the six clusters to be monocytes, T cells, B cells, and NK 163 

cells while the other two clusters could not be clearly annotated (Fig. 3A, B; Methods). Sub-sampling using 164 

33% of single cells from each cluster confirmed the accurate and reproducible annotation of these cells 165 

(Supplemental Fig. S5B; Methods). From the four annotated clusters, 1,610 monocytes, 1,265 T cells, 898 NK 166 

cells, and 446 B cells were obtained.  167 

 168 
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Next, we compared the genomic profiles of the annotated pooled single cell data (from cluster T, B, NK, and 169 

monocyte) with the genome profiles of ENCODE bulk cell ChIP-seq data for the corresponding cell types. The 170 

analysis revealed that the annotated cluster of single cells showed a genomic profile highly similar to that of the 171 

corresponding bulk cells at the cell type–specific gene loci including PAX5, CD19, CD14, CD93, CD3D, CD5, 172 

TBX21 and NCR1 (Fig. 3C). By comparing the cell type–specific peaks identified from the ENCODE data and 173 

cluster-specific peaks identified from the pooled single cells, we found that about 80% to 90% of cell type–174 

specific peaks were detected in the pooled single cells from the NK, monocyte and T clusters while only 26% of 175 

cell-specific peaks were detected in the pooled single cells from the B cluster (Supplemental Fig. S6), which 176 

may be related to the relatively small number of cells in the B cluster. But, in all cases, much lower fractions of 177 

cell type–specific peaks were detected from other cell types than the annotated cell type in the single-cell 178 

cluster, indicating the signals from the pooled single cells are specific. Since H3K4me3 is an active mark, we 179 

compared the expression levels of genes associated with the specific peaks identified in the pooled single cells 180 

from each annotated cluster. The analysis indicated that the genes associated with cluster-specific peaks are 181 

expressed at significantly higher levels in the annotated cell type than the other cell types (Supplemental Fig. 182 

S7).  183 

 184 

At the single cell level, the majority of cells annotated as T cells, B cells, NK cells, monocytes exhibited high 185 

H3K4me3 density in regions associated with CD3D+CD3E+CD3G+ (T cell-specific), PAX5 (B cell-specific), 186 

TBX21 (NK and T cell-specific), CD14+CD93+ (monocyte-specific), respectively (Fig. 3D). Overall, these 187 

results indicate that iscChIC-seq could reliably identify different cell types from a complex population of cells 188 

such as WBCs. To estimate the minimum number of reads that was required for reliable clustering analysis, we 189 

have subsampled the reads in single cell H3K4me3 data using different percentage (90%, 80%, 70%, 60%, and 190 

50%) of reads from the original set of reads for each cell.  An original cluster is considered to be successfully 191 

recovered if there is only one new cluster that has more than 40% of cells overlap with that of the original 192 

cluster. For H3K4me3, about 90% of reads were required in order to recover the original six clusters 193 

(Supplemental Figs. S8A and B). Similarly, to estimate the minimum number of cells that was required for 194 

reliable clustering analysis we have subsampled the cells in single cell H3K4me3 data using different 195 

percentage (90%, 70%, 50%, 30%). We observed that about 50% of cells (3,000 cells) were required for 196 

H3K4me3 single cell data to recover the six clusters (Supplemental Fig. S8C and D). 197 

 198 

To test if iscChIC-seq works for detecting repressive histone marks, we applied it to profiling H3K27me3 in 199 

WBCs. Using a filtering approach similar to that used for H3K4me3 iscChIC-seq libraries, we detected 10,000 200 

single cells each having about 40,000 unique reads on average. Using a more stringent filtering criteria such that 201 

a cell has at least 4,000 unique reads, it resulted in ~9,000 single cells each having about 45,000 reads on 202 
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average. The genomic profiles of the pooled single cells were highly consistent with the profiles of the bulk cell 203 

H3K27me3 ChIP-seq data from ENCODE (Fig. 4A; Supplemental Fig. S9). We detected a total of 79,110 and 204 

35,246 enriched regions from the ENCODE bulk cell ChIP-seq data and the pooled single cell data, 205 

respectively. Comparison of the ENCODE data with our single-cell data revealed that 31,726 of 35,246 (90%) 206 

H3K27me3 peaks from the pooled single-cells overlapped with the peaks from the ENCODE H3K27me3 ChIP-207 

seq data (Fig. 4B). The read densities of the pooled single cells and the bulk cell ChIP-seq data were highly 208 

correlated (r=0.92) (Fig. 4C). Applying the silhouette analysis to H3K27me3 iscChIC-seq data, an optimal 209 

number of clusters equal to six was found (Supplemental Fig. S2C), which was the same as the H3K4me3 210 

iscChIC-seq data. Similar to the H3K4me3 data, the clustering analysis of the H3K27me3 iscChIC-seq data 211 

revealed six clusters of cells (Fig. 4D, Methods). After pooling the cells from each cluster, the cluster-specific 212 

peaks were identified and compared to the T cell, B cell, NK cell, monocyte specific peaks identified from the 213 

ENCODE bulk cell ChIP-seq data. Four cell clusters, including 1,146 T cells, 432 B cells, 749 NK cells, 2,192 214 

monocytes, were annotated by the significant overlap between the two types of peaks (Fig. 4E). Similar to 215 

H3K4me3, we estimated the minimum of number of reads and cells that was required for reliable clustering 216 

analysis. We found that about 80% of reads for H3K27me3 were required in order to recover the original six 217 

clusters (Supplemental Fig. S10A and B) while about 70% of cells (4,900 cells) were required for H3K27me3 218 

single cell data to recover the six clusters (Supplemental Fig. S10C and D). Overall, these results indicate that 219 

iscChIC-seq could also reliably profile repressive histone marks in a mixed population of cells.  220 

 221 

Different from ChIP-seq, ChIC-seq depends on antibody-guided cleavage of chromatin by MNase and thus may 222 

have bias toward open chromatin regions. To address this question, we identified all the DHSs from the 223 

ENCODE DNase-seq datasets from T, B, NK and monocyte cells and analyzed the fraction of the ENCODE 224 

bulk cell H3K4me3 ChIP-seq reads that overlapped with DHSs in each cell type. The analysis revealed that 225 

about 60% to 67% of H3K4me3 ChIP-seq reads from the ENCODE bulk cell H3K4me3 ChIP-seq libraries fell 226 

into the DHS regions (Supplemental Table S5A). In contrast, about 52% to 56% of the H3K4me3 reads from 227 

the pooled single cells fell into the DHS regions (Supplemental Table S5A), suggesting that the specificity of 228 

the H3K4me3 reads from the iscChIC-seq libraries is slightly lower than that of the bulk cell ChIP-seq libraries, 229 

which may be caused by differences in washing conditions and/or differences in cell numbers used for the 230 

experiments. We also similarly analyzed the H3K27me3 data. Our results indicate that while about 38% to 53% 231 

of H3K27me3 reads from the ENCODE bulk cell H3K27me3 ChIP-seq libraries fell into the DHS regions 232 

(Supplemental Table S5B), about 33% to 41% of the H3K27me3 reads from the pooled single cells fell into 233 

the DHS regions. Thus the percentage of the H3K27me3 reads from the iscChIC-seq libraries in DHS regions is 234 

slightly lower than that from the bulk cell libraries, indicating that the H3K27me3 reads detected by iscChIC-235 

seq are not substantially biased toward open chromatin regions. To test if the iscChIC-seq reads are depleted 236 
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from heterochromatic regions, we compared the overlap of the H3K27me3 iscChIC-seq reads or ENCODE 237 

Bulk cell H3K27me3 ChIP-seq reads with the ENCODE H3K9me3 ChIP-seq peaks. We found that a quarter of 238 

them are overlapping with H3K9me3 peaks. (Supplemental Fig. S11). The similar percentage between 239 

H3K27me3 iscChIC-seq data and ENCODE H3K27me3 bulk cell ChIP-seq data suggested that the iscChIC-seq 240 

reads are depleted from heterochromatic regions. To further estimate the true positive and false positive rates of 241 

the iscChIC-seq reads, we assumed that the peaks from pooled single cells that overlap with those from 242 

ENCODE data are true positives while the peaks not overlapping with the ENCODE peaks are false positives. 243 

The analysis revealed that while the false positive rate ranges from 1.6 to 2.0%, the true positive rate is about 244 

27% to 22% for H3K4me3 and H3K27me3, respectively (Supplemental Table S5C). For scCUT&Tag(Kaya-245 

Okur et al. 2019), the false positive rate ranges from 11 to 7%, the true positive rate is about 44% to 51% for 246 

H3K4me2 and H3K27me3, respectively. For scChIP-seq(Grosselin et al. 2019), the false positive rate ranges 247 

from 14 to 28%, the true positive rate is about 77% to 57% for H3K4me3 and H3K27me3, respectively. While 248 

iscChIC-seq has a lower true positive rate compared to other methods, it has also much lower false positive rate. 249 

 250 

Since the same WBC populations were used in profiling single cell H3K4me3 and single cell H3K27me3, it 251 

would be important to examine if a cluster annotated with a cell type from H3K4me3 iscChIC-seq data is 252 

specifically correlated with the cluster annotated with the same cell type from H3K27me3 iscChIC-seq data. 253 

H3K4me3, an active modification, and H3K27me3, a repressive modification, are co-localized at some key 254 

regulatory genomic regions due to either bivalent modifications or cellular heterogeneity (Bernstein et al. 2006; 255 

Roh et al. 2006; Wang et al. 2009; Wei et al. 2009). The relative levels of these two modifications at these 256 

regions are related to each other and influence the expression of underlying genes(Roh et al. 2006). To test this 257 

possibility, we first identified 7,873 TSS regions (+/- 2.5kb) which exhibited overlapping H3K4me3 and 258 

H3K27me3 peaks from the bulk cell H3K4me3 and H3K27me3 ChIP-seq data in monocytes, T cells, B cells, 259 

and NK cells. Next, we identified cluster-specific H3K4me3 peaks among the 7,873 bivalent genes from the 260 

H3K4me3 iscChIC-seq data, which are peaks that have higher H3K4me3 methylation level in one cell cluster 261 

compared to all other clusters. To relate the H3K4me3 modification with H3K27me3 modification in the 262 

iscChIC-seq datasets, we reasoned that when H3K4me3 level becomes higher, the H3K27me3 level should 263 

become lower. Thus, from the four cell clusters based on the H3K27me3 iscChIC-seq data, we identified the 264 

cluster-specific peaks among the 7,873 bivalent genes, which are peaks that have lower H3K27me3 methylation 265 

level in one cluster compared to all other clusters. Comparison between these two kinds of cluster-specific 266 

peaks revealed that the specific peaks of a H3K4me3 cluster is significantly overlapped with the specific peaks 267 

of the H3K27me3 cluster if they are annotated as the same cell type (Fig. 5A). These results indicate that the 268 

H3K4me3 level is negatively correlated to the H3K27me3 level in the bivalent genes. Further, we observed that 269 

cell-to-cell variation in H3K4me3 and H3K27me3 was positively correlated at bivalent domains in monocytes 270 
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(Fig. 5B). To match the clusters from single cell H3K4me3 and H3K27me3 data, we repeated the correlation 271 

analysis for B cells, NK cells and T cells. Therefore, clusters annotated as B, T, monocyte, and NK from 272 

H3K4me3 data were compared with the clusters annotated as B, T, monocyte, and NK from H3K27me3 data. 273 

By computing the correlation between the cell-to-cell variation in these clusters (Methods), we found that B, T, 274 

monocyte, NK clusters from H3K4me3 data have the highest correlation with B, T, monocyte, NK clusters from 275 

H3K27me3 data, respectively (Fig. 5C). The p-value of this observation is 4 � 10
�� (Methods). This result 276 

suggests that cell-to-cell variations in H3K4me3 and H3K27me3 are potentially coregulated in the bivalent 277 

domains, which can be used to correlate the cell clusters identified from H3K4me3 and H3K27me3 single cell 278 

data.  279 

 280 

In this study, we developed iscChIC-seq to profile histone modification marks in single cells. This technique 281 

employs the highly efficient TdT enzyme combined with T4 DNA ligase to add a unique barcode to the DNA 282 

ends generated by antibody-guided MNase cleavage in each cell. Overall, we conclude that iscChIC-seq is a 283 

reliable method for studying histone modifications at the single cell level, which provide important information 284 

for the differentiation status of cells.  285 

 286 

 287 

DISCUSSION 288 

 289 

H3K4me3 is usually associated with gene activation, while H3K27me3 is associated with gene repression. Our 290 

previous single-cell H3K4me3 data indicated that the cell-to-cell variation in H3K4me3 is correlated with the 291 

cell-to-cell variation in gene expression(Ku et al. 2019), suggesting that single-cell histone modification data is 292 

useful in understanding the cellular heterogeneity in gene expression. However, due to the relatively small 293 

number of single-cells (scChIC-seq assay) or relatively sparse unique reads (iACT-seq and scCUT&Tag), the 294 

application of current techniques are limited.  In this study, we combined the TdT+T4 DNA ligase-mediated 295 

barcoding strategy with the scChIC-seq protocol for iscChIC-seq, which enabled the analysis of either active or 296 

repressive histone modification profiles in more than 10,000 single cells in one experiment. The assay captured 297 

11,000 unique reads for H3K4me3 or 45,000 reads for H3K27me3 per single cell, which are better than other 298 

high throughput techniques for histone modifications. Different from PA-TN5-based techniques, iscChIC-seq 299 

works well for both active and repressive marks. Comparison with the bulk cell ChIP-seq data indicated that 300 

iscChIC-seq does not have substantial bias toward open chromatin regions for either active or repressive histone 301 

modification marks. In addition, iscChIC-seq does not require expensive equipment or special reagents and thus 302 

easily accessible to most laboratories with molecular biology capabilities. Since PA-MNase effectively cleaves 303 

chromatin even in the presence of formaldehyde crosslinking, which stabilizes chromatin binding proteins, bulk 304 
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cell ChIC-seq is capable of detecting genome-wide binding sites of transcription factors and other chromatin 305 

proteins. Thus, although the specificity of iscChIC-seq appears to be comparable or slightly lower than PA-TN5 306 

based methods for detecting histone modifications, it is potentially applicable to profiling transcription factors 307 

and chromatin modifying enzymes at a single cell level. 308 

 309 

Our analysis in this study indicated that both the active H3K4me3 and repressive H3K27me3 iscChIC-seq data 310 

are effective in clustering the complex WBCs and sorting out different cell types. H3K4me3 and H3K27me3 311 

are colocalized to a subset of genomic regions, which are termed “bivalent domains” (Bernstein et al. 2006; Roh 312 

et al. 2006). Bivalent modifications are usually associated with key differentiation regulator genes and thus 313 

show substantial changes during cell development or differentiation (Bernstein et al. 2006; Wei et al. 2009) and 314 

the expression of a bivalent gene is correlated with the relative level of H3K4me3 and H3K27me3 signals at the 315 

gene locus(Roh et al. 2006). Although the overlap of H3K4me3 and H3K27me3 peaks at these genomic regions 316 

may be caused by different mechanisms including true bivalent modifications and cellular heterogeneity, the 317 

dynamic equilibrium of the two opposing modifications at these regions result from the competition of the 318 

corresponding enzymes to these regions. Hence, the two functionally opposite modifications may be co-319 

regulated but demonstrate opposite directions. Indeed, our data showed that the increased H3K4me3 levels in 320 

bivalent genes in one type of cell cluster are positively correlated with the decreased H3K27me3 levels in the 321 

same bivalent genes in the same type of cell cluster. The cell-to-cell variations in H3K4me3 and H3K27me3 are 322 

positively correlated and exhibit the highest correlation when the cell cluster annotated from the H3K4me3 323 

iscChIC-seq data matches with the same type of cell cluster annotated from the H3K27me3 iscChIC-seq data. 324 

Thus, these properties of bivalent modifications can be used to specifically correlate the cell clusters annotated 325 

from different single cell H3K4me3 and H3K27me3 data. 326 

 327 

Overall, our data show that iscChIC-seq is a reliable single-cell technique for measuring histone modifications 328 

and potentially for chromatin binding proteins, which may find broad applications in studying cellular 329 

heterogeneity and differentiation status in complex developmental and disease systems.  330 

 331 

 332 

METHODS 333 

 334 

iscChIC-seq method 335 

Reagents 336 

Histone H3 trimethyl Lys4 antibody were purchased from Millipore (catalog no. 07-473), histone H3 trimethyl 337 

Lys27 antibody were purchased from Diagenode (catalog no. pAb-069-050). Methanol-free formaldehyde 338 
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solution and DSG (disuccinimidyl glutarate) were purchased from Thermo Fisher Scientific (catalog no. 28906, 339 

20593). Terminal Transferase was purchased from New England BioLabs (catalog no. M0315L). 340 

 341 

PA-MNase induction and purification 342 

PET15b-PA-MNase plasmid (Addgene#124883) was transformed into BL21 Gold (DE3) following standard 343 

protocol and grow in 40 ml LB medium (containing Ampicillin) overnight. Culture was diluted (1:50) into 344 

prewarmed LB medium (containing Ampicillin) and shake for 2 hours at 37°C till OD600 reached ~0.6. Fresh 345 

IPTG was added to the culture to final 1mM and shake for another 2.5 hours. For PA-MNase purification, cells 346 

pellet was collected, resuspended in 30ml lysis buffer (50mM NaH2PO4, 300mM NaCl, 10mM Imidazole, 1x 347 

EDTA-free protease inhibitor cocktails, 0.5 mM PMSF) supplemented with 30mg Lysozyme (Thermo Fisher 348 

Scientific) and incubated on ice for 30 min. Cell lysate was sonicated for 10 cycles (10 sec on, 10 sec off) and 349 

centrifuged at 10,000g for 20 min. Sonicator Misonix 4000 is used for sonication. In the meantime, 2ml 50% 350 

bead slurry were washed with lysis buffer. Then the supernatant was collected, mixed with beads slurry and 351 

rotated at 4°C for 1h. After spinning down, the beads were washed 4 times with 8ml wash buffer (50mM 352 

NaH2PO4, 300mM NaCl, 20mM Imidazole, 1× EDTA-free protease inhibitor cocktails, 0.5 mM PMSF), 353 

followed by three times elution with elution buffer(50mM NaH2PO4, 300mM NaCl, 250mM Imidazole, 1× 354 

EDTA-free protease inhibitor cocktails, 0.5 mM PMSF). The purified fraction was mixed with glycerol, finally 355 

aliquoted into small tubes and stored in -80°C. 356 

 357 

WBC preparation 358 

Human blood samples were obtained from healthy donors from the NIH Blood Bank. The WBCs were isolated 359 

as described(Ku et al. 2019). Two-step fixation was modified from(Tian et al. 2012) and performed at room 360 

temperature. First, 50M cells were suspended in 50ml PBS/MgCl2 containing 2mM DSG and rotated for 45 361 

min. After washing with PBS, the cells were resuspended in 45ml culture medium DMEM containing 10% 362 

FBS. 3ml 16% formaldehyde was added to 1% final concentration and rotated for 5 min, then the reaction was 363 

stopped by adding glycine, followed by two times washes with PBS. The cells were aliquoted into 2×106 cells 364 

per tube, frozen on dry ice, and stored at -80°C until use. 365 

 366 

MNase digestion 367 

To prepare ProteinA-MNase and antibody complex, 10 μl antibody and 25 μl PA-MNase were pre-incubated on 368 

ice in 40 μl antibody binding buffer (10 mM Tris-Cl (pH 7.5), 1 mM EDTA, 150 mM sodium chloride, 0.1% 369 

Triton X-100) for 30 min. Meanwhile, the fixed cells (0.25 million) were thawed on ice and resuspended in 200 370 

μl antibody binding buffer. For H3K27me3 analysis, chromatin need to be firstly decondensed by suspending 371 
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the fixed cells in 0.5ml RIPA buffer (10 mM Tris-Cl (pH 7.5), 1 mM EDTA, 150 mM sodium chloride, 0.2% 372 

SDS, 0.1% sodium deoxycholate, 1% Triton X-100) and incubated at room temperature for 10min followed by 373 

one time wash in 0.5ml antibody binding buffer. Then the cells were mixed with PA-MNase and antibody 374 

complex, incubated on ice for 60 min, followed by three washes with 500 μl high salt buffer (10 mM Tris-Cl 375 

(pH 7.5), 1 mM EDTA, 400 mM sodium chloride and 1% (v/v) Triton X-100). After washing in 200 μl rinsing 376 

buffer (10 mM Tris pH7.5, 10 mM sodium chloride and 0.1% (v/v) Triton X-100), the cells were resuspended in 377 

40 μl reaction solution buffer (10 mM Tris-Cl (pH 7.4), 10 mM sodium chloride, 0.1% (v/v) Triton X-100, 2 378 

mM CaCl2) to activate MNase digestion and incubated at 37°C for 3min in water bath. The reaction was 379 

stopped by adding 4.4 μl 100mM EGTA. The cells were pelleted by centrifugation at 500g for 5min. 380 

 381 

TdT&T4 ligation 382 

The MNase cleavage sites were end-repaired by T4 Polynucleotide Kinase (PNK) for removal of 3´-phosphoryl 383 

groups and addition of 5´-phosphates to allow subsequent poly(G) tailing and ligation. After digestion, the cells 384 

were washed twice with 1ml 1× T4 ligase buffer containing 0.1% NP40, then suspended in 300 μl mixed T4 385 

PNK buffer (1×  T4 PNK buffer, 1 mM ATP, 30 μl T4 PNK enzyme) and incubated at 37°C for 30min. 386 

Meanwhile, 96 barcode-P7 adaptors (Supplemental Table S2) were thawed, 2.5 μl 10 μM barcode-P7 adaptors 387 

were added to a new 96 well PCR plate with multichannel pipette (1 barcode per well). After incubation, the 388 

cells were washed once with 1ml rinsing buffer, suspended with 516 μl nuclei re-suspension buffer (1.27×  T4 389 

ligase buffer, 2.5 mM dGTP, 0.05% NP40), and mixed with 526 μl enzyme dilution buffer (1.25× T4 ligase 390 

buffer, 52.5 μl Terminal Transferase, 78 μl T4 ligase). Then 10 μl cell suspension was aliquoted, mixed with the 391 

2.5 μl barcode-P7 adaptor in each well. Finally, the 12.5 μl reaction mixture (1×  T4 ligase buffer, 1 mM dGTP, 392 

0.02% NP40, 0.5 μl Terminal Transferase, 0.75 μl T4 ligase) in the 96 well PCR plate was sealed completely 393 

and incubated at 37°C for 60min.  394 

 395 

Pool and split 396 

After barcoding the MNase cleavage sites, the reaction system in the 96 wells were pooled together in a solution 397 

trough containing 500 μl stop buffer (10mM Tris-HCl (pH 8.0), 150mM NaCl, 10mM EDTA, 0.1%(v/v) Triton 398 

X-100), the cells were pelleted, resuspended in 800 μl PBS and send to flow cytometry core. 30 cells were 399 

sorted in each well of a new 96 well plate using a BD FACSAria III cell sorter (BD Biosciences) and collected 400 

in 10 μl PBS containing 0.1% NP40. Totally 5 plates were collected. After adding 3 μl reverse-crosslink buffer 401 

(50mM Tris-HCl (pH 8.0), 25ng/ml Proteinase K and 0.1%NP40) into each well by multichannel pipette, the 402 

plates were sealed completely, incubated in PCR machine for 65 °C overnight and 80 °C 10min to inactivate 403 

Proteinase K.  404 

 405 
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Library preparation and sequencing 406 

After reverse-crosslink, the DNA fragments with barcode adaptors were captured and labeled with second 407 

library indexes through 12 cycles of annealing and extension with 96 PCR1 index primers (Supplemental 408 

Table S2). The reaction was carried out by adding 15 μl 2×  Phusion® High-Fidelity PCR Master Mix with HF 409 

Buffer (New England BioLabs) and 2.5 μl 2 μM index primer (1 index per well) into the reverse-crosslinked 410 

solution in 96 wells. Then all the libraries were pooled together as described above, digested with 96 μl 411 

Exonuclease I (Thermo Fisher Scientific) at 37°C for 30min to degrade the excess index primers. The DNAs 412 

were purified by MinElute® Reaction Cleanup Kit (Qiagen) and eluted with 64 μl EB buffer (Qiagen). The A 413 

tailing was performed in 1×  NEBuffer 2 (New England BioLabs) by adding the Klenow fragment (3′→5′ exo-) 414 

(New England Biolabs) and 1 mM deoxyATP (New England Biolabs). After incubation at 37°C for 30 min, the 415 

DNAs were purified and eluted by 23 μl EB buffer. Then the Illumine P5 adaptor was ligated to the A-tailing 416 

fragments using the T4 DNA ligase (New England BioLabs) by incubation at 16°C overnight. The DNAs were 417 

purified again and eluted by 15 μl EB buffer. PCR2 amplification was performed by adding the Phusion® High-418 

Fidelity PCR Master Mix with HF Buffer, i5 index primer (Supplemental Table S2) and P7-cs2 primer 419 

(Supplemental Table S2) in the following condition:  98 °C 3 min, 57 °C 3 min, 72 °C 1 min, 15 cycles of 98 420 

°C 10s, 65 °C 15s, 72 °C 30s, followed by 72 °C 5 min. Then the PCR products were run on the 2% E-Gel® EX 421 

Agarose Gel (Invitrogen), the 250–600 base pair (bp) fragments were isolated and purified using the MinElute 422 

Gel Extraction Kit (Qiagen). The concentration of the library was measured by Qubit dsDNA HS kit (Thermo 423 

Fisher Scientific). The paired-end sequencing was performed on Illumina HiSeq 3000. 424 

 425 

Data analysis 426 

 427 

Demultiplexing and data analysis of iscChIC-seq libraries 428 

The scripts for de-multiplexing and genome-wide mapping are available at 429 

https://github.com/wailimku/iscChIC-seq.git. For profiling each type of histone marks, 30 single cells were 430 

sorted into each of the 480 wells by FACS and sent to sequencing after the library’s preparation steps. All 431 

sequencing data was paired-end. The R2 reads contained the information of cell barcodes (Supplemental Table 432 

S2), in which the cell barcode sequences followed the common sequence 433 

AGAACCATGTCGTCAGTGTCCCCCCCCC. For each well, R1 reads were mapped to the human reference 434 

genome (UCSC hg18) using Bowtie2 (Langmead and Salzberg 2012).  Using the cell barcode information from 435 

R2 reads, we separated the mapped R1 reads into 96 sets corresponding to the 96 cell barcodes. Reads with 436 

mapping quality less than 10 were removed. To remove duplicated reads, for each barcode, all the identical 437 

reads were set as one read. Note that hg18 was used in this study because the current study is a follow-up study 438 

of scChIC-seq (where hg18 was used). Thus, a direct comparison between the data sets could be performed. We 439 
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have mapped the reads of some samples to both hg18 and hg19 and observed that their mappability and 440 

genome-wide profiles are highly similar. Thus, we believe that the use of hg18 in this study would not affect the 441 

conclusions. 442 

 443 

The estimated number of single cells in each well is based on the calculation strategy in the previous study 444 

(Rubin et al. 2019). In our iscChIC-seq experiment, the cells were distributed into 96 wells such that each well 445 

received 30 cells. Therefore, the number of barcodes predicted to not represent any cells = 96�1 � 1/96��� = 446 

70.12. There are at least 25 (=96-70.12) barcodes representing cells. We assumed that the top-ranked barcodes 447 

based on the number of reads correspond to cells. Similar to the previous study(Rubin et al. 2019), we used a 448 

conservative cutoff of 1,000 reads per cell. As a result, combining all single cell data from the 480 wells, we 449 

identified about 10,000 single cells for both H3K4me3 and H3K27me3. The mapping statistics for each of the 450 

single cells were included in Supplemental Table S3. 451 

 452 

Quality analysis of the single cell data 453 

Visualization in Genome Browser. For H3K4me3 and H3K27me3, 2,000 single cells were randomly selected 454 

(matlab command: randperm (N, 2000)) and pooled together as the pseudo-bulk cell data. This pseudo-bulk cell 455 

data was visualized using the WashU genome browser(Zhou et al. 2011) (Figs. 2A and 4A). For H3K4me3, to 456 

compare with a benchmark, the H3K4me3 ChIP-seq data of different human white blood cells types (see 457 

Supplemental Table S4) was downloaded from the ENCODE(Kazachenka et al. 2018) project shown in the 458 

genome browser (Fig. 2A). For H3K27me3, to compare with a benchmark, we also downloaded the H3K27me3 459 

ChIP-seq data of different human white blood cells types (see Supplemental Table S4) from the ENCODE 460 

Project and visualized in the genome browser (Fig. 4A). 461 

 462 

Peaks calling. To examine the quality of the single cell data, we compared the pooled single cell data to the 463 

bulk cell ChIP-seq data downloaded from ENCODE(Kazachenka et al. 2018). For both H3K4me3 and 464 

H3K27me3 marks, the information of the ENCODE data used in comparison could be found in Supplemental 465 

Table S4. Peaks of this ENCODE data were called using SICER(Zang et al. 2009; Xu et al. 2014). A final set 466 

of peaks for each histone marks was obtained by combining the peaks from different immune cell types. 467 

Totally, the final combined sets of peaks obtained from ENCODE data contained 52,798 and 79,100 peaks for 468 

H3K4me3 and H3K27me3, respectively. Peaks from the pooled single cells were identified using SICER and 469 

their widths were fixed to be 3,000 and 10,000 for H3K4me3 and H3K27me3, respectively. The overlap 470 

between peaks from the pooled single cells and the bulk-cell data were computed using the BEDTools (Quinlan 471 

and Hall 2010) intersect commands “ BEDTools intersect -wa -a  the pooled peak file  -b the bulk cell peak file 472 
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(Supplemental Fig. S12). Therefore, the criteria of overlapped peaks from pooled cell and bulk cell data that 473 

there is at least 1bp overlap. 474 

 475 

Scatter plots. The human genome was equally divided into bins (bin size = 5kb for H3K4me3; bin size = 50kb 476 

for H3K27me3). The 50kb bin size was selected as in a previous study (Grosselin et al. 2019), because 477 

H3K27me3 peaks spanned broad regions. For both bulk cell and pooled single cell libraries, the read density 478 

(counts per million, CPM) at each bin was calculated. The correlation between the logarithm of the read 479 

densities of two libraries was quantified using the Pearson’s correlation coefficient (Figs. 2C and 4C). 480 

 481 

TSS profile plots. For H3K4me3, the software Homer(Heinz et al. 2010) was used to calculate the TSS density 482 

profile (annotatePeaks.pl tss hg18 -size 3000 -hist 20 –len 1) for each single cells. In particular, a region of 3kb 483 

around each TSS was considered. This region was then divided into 150 bins. The density profile was generated 484 

using the number of reads mapped onto the bin divided by the total number of mapped reads and averaged over 485 

all promoters.  486 

 487 

Estimate of the collision rate in Human and mouse mixing experiments 488 

The same procedure of identification of cells were used for the species mixing data set. Reads were mapped to 489 

both hg18 and mm9 reference genome using Bowtie2. Cells were identified using the procedure described 490 

above, in which the top-ranked barcodes based on the number of reads correspond to cells. We also used the 491 

same cutoff of 1,000 reads per cell. We identified human and mouse collision as those that had less than a 15× 492 

enrichment over the minor genome. The collision rate is estimated as two times the number of human and 493 

mouse collision over the total number of cells. Note that we have mapped the reads of some samples to both 494 

mm9 and mm10 and observed that their mappability and genome-wide profiles are highly similar. Thus, we 495 

believe that the use of mm9 in this study would not affect the conclusions. 496 

 497 

Clustering analysis for the iscChIC-seq data 498 

Expression matrix. Single cells with reads more than 3,000 (4,000) were first selected. This resulted in 7798 and 499 

9207 single cells for H3K4me3 and H3K27me3, respectively. Second, it was required that the fraction of reads 500 

in peaks higher than 0.15 (0.15) were selected for clustering analysis for H3K4me3 (H3K27me3) single cell 501 

data.  This resulted in 6,021 and 7,038 single cells for H3K4me3 and H3K27me3, respectively. 502 

 503 

For each cell in H3K4me3 (H3K27me3), reads located within the 52,978 (79,100) combined H3K4me3 504 

(H3K227me3) were counted. We applied a consensus clustering approach, that is similar to SC3(Kiselev et al. 505 

2017), to the iscChIC-seq data. First, we computed a read count matrix �, in which the columns correspond to 506 
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cells and rows correspond to the peaks. 	�� indicates the number of reads at the 
�� peak from the 
th cell. Each 507 

column in the read count matrix was divided by the library size and multiplied by a factor of 106. The resulting 508 

matrix denoted as �. The log2 transformation was further applied resulting �� where ��  � log ��� � 1�. For 509 

filtering the non-informative bins, a binary matrix �� was obtained from �� and defined as, 510 

��
�� � �0, 
� ��

�� � 0,
1, 
� ��

�� � 0.� 
The 
�� row (peak) in the matrix ��would be selected if ∑ ��

��

�
�
 # �� ��



��� �  ����, where   ���� is a cutoff 511 

value equal to 100 for both H3K4me3 and H3K27me3, respectively. The filtering of these bins is based on the 512 

assumption that reads at a bin should be found in more single cells if the bin is more informative. We denoted 513 

the expression matrix after the deletion of rows (peaks) as ���. 514 

 515 

Calculation of the Laplacian matrix. Consider !� to be a vector equal to the 
th column (cells) of ���. First, we 516 

computed the similarity between cells using the Pearson’s correlation, and resulting a correlation matrix ". In 517 

particular,  ��  is the Pearson’s correlation value between the vectors !� and !�. Thus, the rows and columns of 518 

the matrix " correspond to single cells. The Laplacian matrix # is defined by # � $ � %��/�&%��/�, where $ is 519 

the identity matrix. & is a similarity matrix where & � '������/� ! ���"�. Note that % is the degree matrix of &, 520 

a diagonal matrix that contains the row-sums of & on the diagonal ((��� ∑ )��� ). We computed the eigenvectors 521 

of the Laplacian matrix and formed a matrix * where each column represents an eigenvector. The columns of * 522 

from left to right are sorted in ascending order based on their corresponding eigenvalues.  523 

 524 

Optimal number of clusters. We applied the silhouette analysis to determine the optimal number of clusters. 525 

First, we created a matrix  +#�, which is a submatrix of * and ,��
$� � -�� . Note that 
 is from 1 to the total 526 

number of bins and 
=1,…,.�. .� is fixed to be 12 for both H3K4me3 and H3K27me3. Note that we have tried 527 

.� to be larger than 12 up to 20. We observed that the results are the same. Here we showed the results up to 12. 528 

We applied the k-means method to the matrix  +#� for clustering single cells into / clusters and computed the 529 

silhouette coefficient for the clusters.  By varying the number of clusters / from 4 to 12, we determine the 530 

optimal / value by selecting the case of / having the largest silhouette coefficient value. The optimal / is equal 531 

to six for both H3K4me3 and H3K27me3. 532 

 533 

Clustering.  A binary matrix 0 was considered in which its rows and columns correspond to single cells. The k-534 

means method was applied to the matrix +#� to cluster the single cells with / = 6. If cells 
 and 
 belong to the 535 

same cluster, 1�� �  1�� � 1; otherwise 0. We consider  .� is between 2 to 15 and. For each .�, we repeated the 536 
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clustering analysis for 10 times and thus obtaining 10 different 0s. A final matrix 0% is calculated by averaging 537 

all binary matrices from each individual clustering.  538 

 539 

t-SNE visualization. We applied the dimension reduction method t-SNE to the matrix 0%. The position of single 540 

cells is visualized in the two-dimensional t-SNE representative space. Note that t-SNE was used for 541 

visualization while cells were clustered by applying k-means method to 0%. 542 

 543 

Hypergeometric test. A hypergeometric-based test was used to assess the significance of peaks that are both 544 

cluster specific and cell type specific. The rationale behind using the hypergeometric test was that if a cluster 545 

specific peak had any biological and/or functional association to a cell type, they would also be cell type 546 

specific in a higher number of samples than expected by chance. We tested the null hypothesis that the property 547 

for a peak that are cluster specific and that are cell type–specific are independent. 548 

 549 

 550 

Clusters annotation for both H3K4me3 and H3K27me3 551 

Cluster annotations. After clustering single cells from the single cell H3K4me3 or H3K27me3 data, we 552 

annotated the clusters to cell types using the bulk cell ENCODE data. First, we downloaded the H3K4me3 and 553 

H3K27me3 ENCODE data for B cells, monocytes, T cells, and NK cells. There were at least two replicates for 554 

each histone marks and each cell type. For both H3K4me3 and H3K27me3, the density matrices with log2 555 

transformation (*&, *'()(, **, *+, ), which was similar to ��� , were computed for the four cell types, 556 

respectively. The number of rows was equal to the number of peaks while the number of columns was equal to 557 

the number of replicates. Note that the peaks in �*&, *'()(, **, *+,) were the same as those in ���. The two-558 

sided student’s t-test was used to compute the cell type–specific peaks from the four density matrices 559 

(*&, *'()(, **, *+,). The 
th row vector of the matrix *- �2 � 3, !454, 6, 47 89� was denoted as :�
-.  The 560 


th peak (row) was specific to a cell type ; if  :�
- is significantly higher than all :�

. with a p-value of 0.05 and 561 

<'=>?:�
-@ � <'=>?:�

.@ � = AB�C��  (0.4 for H3K27me3, and 0.2 for H3K4me3), where 562 

D � 3, !454, 6 , 89 and  D HZ. Different cutoff values were selected because we assumed that the bulk cell 563 

and the pooled single cells should give similar number of peaks. For the purpose of cluster annotation, the sets 564 

of cell type–specific peaks (specific to cell type ; ) were denoted as I/,�1,2 and  I�3,�1,2 for the H3K4me3 and 565 

H3K27me3 bulk cell data, respectively. Note that the statistical significance of cell type–specific peaks and 566 

cluster-specific peaks were determined by P-value instead of FDR since very few cell type–specific peaks were 567 

discovered from ENCODE ChIP-seq data when using FDR. 568 

 569 
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For each histone mark,  pseudo-bulk log2 density matrices (+�, +�, +4, +5, +6, +7)  were computed for 570 

cluster 1, 2, 3, 4, 5, and 6, respectively. In each of these matrices, the number of columns was equal to the 571 

number of peaks while the number of rows was equal to the number of pseudo-bulk replicates. Note that the 572 

peaks in (+�, +�, +4, +5, +6, +7)  were the same as those in ���. To generate +� �i � 1, 2, 3, 4, 5,6�, six 573 

sub-samples of cells were randomly selected from the cells belonging to cluster 
, in which the size of each 574 

subsample was equal to one-third of the number of cells belonging to cluster 
. By pooling the cells in each sub-575 

sample, the log2 density for each peak was calculated for obtaining +�. The 
th row of +� was denoted as O�
�. 576 

The 
 th peak was specific to a cluster 
  if O�
�  was significantly higher than all O�

� , where 577 

/ � 1,2,3,4,5, 6 =>P / H 
. Note that p-value computed by the two-sided student’s t-test was required to be 578 

smaller than 0.05 and <'=>?O�
�@ � <'=>?O�

�@ was higher than = AB�C��  (0.1 for both H3K4me3 and 579 

H3K27me3). The sets of cluster-specific peaks (specific to cluster 
 ) for the use of cluster annotation were 580 

denoted as W/,�1,� and  W�3,�1,� for the H3K4me3 and H3K27me3 bulk cell data, respectively. 581 

 582 

The set of cluster-specific peaks and cell type–specific peaks were compared. For H3K4me3 data, the p-value 583 

for the intersect between a cell type ; and a cluster 
 (W/,�1,� X I/,�1,2) was computed by the hypergeometric 584 

test. A cluster 
 was considered to be annotated validly to a cell type ; if the p-value for (W/,�1,� X I/,�1,2) is 585 

smaller than 1 Y 10�8 and the p-value for other comparisons (W/,�1,� X I/,�1,9, Z � [, <C>C, \, ]^ _B� H Z) 586 

is greater than 1 Y 10�8. 587 

 588 

Reproducibility of cluster annotations. To check how reproducible the cluster annotations is, we repeated the 589 

computations for 100 times and the cluster density matrices were re-generated each time via the same sub-590 

sampling procedures. The mean and the standard deviation of the p-value in the comparisons were computed 591 

and shown in Figs 3B and 4E. Also, the frequency for a cluster to obtain a valid annotation was recorded and 592 

shown in Supplemental Figs. 2B and 2D. To consider a cluster annotation is valid finally, we required that the 593 

frequency for a cluster to obtaining a valid annotation is greater than 0.9. 594 

 595 

Matching the clusters between H3K4me3 and H3K27me3 marks. For either single cell H3K4me3 or H3K27me3 596 

data, six clusters were found where four of them were annotated as monocytes s T cells, B cells, and NK cells, 597 

respectively. If a cluster obtained from single cell H3K4me3 data annotated with a cell type, this cluster was 598 

expected to correlate with the cluster obtained from single cell H3K27me3 data annotated with the same cell 599 

type.  600 

 601 
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Bivalent domains were defined as regions where H3K4me3 and H3K27me3 peaks obtained from ENCODE 602 

data that were overlapped (command: BEDTools intersect -a ‘H3K27me3 peak file’ -b ‘H3K4me3 peak file’; 603 

Supplemental Fig. S12), and required to be at least 100bp overlap for the estimation of one nucleosome 604 

overlap. 25,951 bivalent domains were obtained, in which 7,989 bivalent domains were overlapped with the 605 

TSS regions. For both single cell H3K4me3 and H3K27me3 data, we computed the pseudo-bulk log2 density 606 

matrices (+&,5, +'()(,5, +*,5, ++,,5  and +&,�:, +'()(,�:, +*,�:, ++,,�: ) for clusters annotated to B 607 

cells, Monocytes, T cells and NK cells, respectively. To generate +-,5 or +-,�:, six sub-samples of cells were 608 

randomly selected from the cells belonging to cluster annotated to cell type ;, in which the size of each 609 

subsample was equal to two-third of the number of cells belonging to that cluster. By pooling the cells in each 610 

sub-sample, the log2 density for each peak was calculated for obtaining +-,5 or +-,�:. The 
th row of +-,5  611 

was denoted as O�
2,/ while the 
th row of +-,�:  was denoted as O�

2,�3. A peak was specific to a H3K4me3 612 

cluster annotated to cell type 2 if O�
2,/was significantly higher than all O�

9,/where Z � [, <C>C, \, ]^ _B� Z H613 

;. Note that FDR of the p-value (computed by the two-sided student’s t-test) was required to be smaller than 614 

0.05 and <'=>?O�
2,/@ � <'=>?O�

9,/@ was larger than 0.3 . A peak was specific to a H3K27me3 cluster 615 

annotated to cell type 2 if O�
2,�3was significantly lower than all O�

9,�3where Z � [, <C>C, \, ]^ _B� Z H ;. 616 

Note that FDR for the p-value  was required to be smaller than 0.05 and 617 

<'=>?O�
2,�3@ � <'=>?O�

9,�3@ was smaller than 0.3 . The sets of cluster-specific peaks (specific to cluster 618 

annotated to cell type ; ) for the use of matching H3K4me3 and H3k27me3 clusters were denoted as W/,;�
,2 619 

and  W�3,;�
,2  for the H3K4me3 and H3K27me3 clusters, respectively. The p-value for the intersection 620 

W/,;�
,2 X W�3,;�
,9 was computed by hypergeometric test, where ;, Z � [, <C>C, \, ]^. 621 

 622 

 623 

Relationship between cell-to-cell variation in H3K4me3 and H3K27me3. Different from the procedures of 624 

matching the H3K4me3 and H3K27me3 clusters, all bivalent domains were considered. Also, instead of 625 

calculating the pseudo-bulk log2 density matrices, the vectors of coefficients of variation (a:&,5,  a:'()(,5,626 

a:*,5, a:+,,5  and a:&,�:, a:'()(,�:, a:*,�:, a:+,,�: ) were calculated for the H3K4me3 and H3K27eme3 627 

clusters annotated to B cells, Monocytes, T cells and NK cells, respectively. Similar to the single cell log2 628 

density matrices ��� , the log2 density matrices for single cells in H3K4me3 and H3K27me3 clusters were 629 

denoted as (�&,5,  �'()(,5, �*,5, �+,,5, �&,�:, �'()(,�:, �*,�: b5c  �+,,�:) referring to H3K4me3 and 630 

H3K27me3 clusters annotated to B cells, Monocytes, T cells and NK cells, respectively. Each of these density 631 

matrices has the dimensions of the number of bivalent domains multiplied by the number of single cells in the 632 

clusters. The vectors of coefficients of variation were computed using these density matrices over the single 633 
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cells. For the purpose of finding the relationship between cell-to-cell variation in H3K4me3 and H3K27me3, the 634 

jth bivalent domain was specific to a H3K4me3 cluster annotated to cell type 2 if  dCe�Af�
2,/  is larger than all 635 

dCe�Af�
9,/ than a cutoff (0.2) where Z � [, <C>C, \, ]^ =>P Z H ;, and the number of non-zero elements in 636 


th row of �-,5 �&,5 is larger than 5% of the mean of the number of non-zero elements overall all rows in 637 

�-,5.  The second requirement is to only include those relatively more confident CV value for each cluster.  638 

The same calculation was applied to obtain the bivalent domains that were specific to a H3K27me3 cluster 639 

annotated to cell type 2. The sets of cluster-specific peaks (specific to cluster annotated to cell type ; ) for the 640 

use of finding the relationship between cell-to-cell variation in H3K4me3 and H3k27me3 were denoted as 641 

W/,"<,2  and  W�3,"<,2  for the H3K4me3 and H3K27me3 clusters, respectively. By considering the bivalent 642 

domains in the set of W/,"<,2 X W�3,"<,9, the Spearman’s correlation between a:-,5 and a:.,�: for and D, 2 �643 

3, !454, 6, b5c 89.  644 

 645 

DATA access 646 

All raw and processed sequencing data generated in this study have been submitted to the NCBI Gene 647 

Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession number GSE139857.  648 

 649 

Software availability 650 

The code can be found in supplemental_code.zip or downloaded from https://github.com/wailimku/iscChIC-651 

seq.git. 652 
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 742 
 743 

 744 

Figure Legends 745 

 746 

Figure 1. Schematic of iscChIC-seq 747 

A. Experimental flow. (1) Bulk cells were split into the first 96 well plate after antibody guided MNase 748 

cleavage and end repair. (2) Barcoded cells were pooled together and sorted into the second 96 well 749 

plate to introduce i7 index. (3) Cells were pooled together again from each plate and labelled with i5 750 

index in PCR2. 751 

B. Illustration of poly(dG) addition to DNA ends by TdT, oligo dC adaptor ligation by T4 DNA ligase, 752 

and PCR-mediated barcoding process.  Cell barcode (red) is designed into the oligo dC P7 adaptor in 753 

which 3’ ends are blocked to prevent non-template tailing by TdT. After reverse crosslinking, 754 

barcoded DNA fragments could be efficiently labeled with i7 index (purple) through annealing and 755 
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PCR extension. The barcoded P5 adaptor is added to the other end of genomic DNA fragments by 756 

ligation and PCR2, which is used to amplify the library DNA for NGS sequencing. 757 

 758 

 759 

Figure 2. iscChIC-seq robustly detects H3K4me3 profiles in human white blood cells. 760 

A. A genome browser snapshot showing panels of H3K4me3 profiles in human white blood cells. The 761 

top blue track shows the pooled single cell data from iscChIC-seq. The bottom track shows 500 762 

randomly selected single cells. The middle tracks display the ENCODE bulk cell ChIP-seq data from 763 

different cells indicated on the left.  764 

B. A Venn diagram showing the overlap of the enriched regions (peaks) of H3K4me3 profiles 765 

measured by ChIP-seq using bulk cells and by the pooled single cell data. 766 

C. A scatter plot of the H3K4me3 read density of ChIP-seq (bulk cell) versus that of pooled single cells 767 

from iscChIC-seq (2,000 cells were randomly selected) at the genome-wide divided bins (the size of 768 

bin is 5kb). The Pearson’s correlation is equal to 0.89. 769 

D. A TSS profile plot showing the H3K4me3 profile around TSS for all single cells (grey) and the 770 

pooled single cells (red). 771 

 772 

Figure 3. Identification of sub-cell types in white blood cells based on clusters generated from single-cell 773 

H3K4me3 profiles  774 

A. A t-SNE visualization of cells by applying the t-SNE analysis on the matrix 0%. Cell type annotations 775 

of clusters are obtained by the analysis in Fig. 3B.   776 

B. A heatmap showing the significance of the overlap between the cluster-specific peaks from the 777 

H3K4me3 iscChIC-seq data (Fig. 3A) and cell type–specific peaks from ENCODE H3K4me3 ChIP-778 

seq data. The Y-axis refers to the cluster-specific peaks and X-axis refer to the cell type–specific 779 

peaks. The values before the +/- sign refer to the average negative logarithm of the P-value for the 780 

overlap between the two types of peaks over 100 subsamples. The values behind the +/- sign refer to 781 

the standard deviation of the negative logarithm of the P-value over 100 sub samples.  782 

C. Genome browser snapshots showing the H3K4me3 profiles from bulk cells ChIP-seq data and pooled 783 

single-cell iscChIC-seq data. The ChIP-seq data for B cells, monocytes, T cells and, NK cells are 784 

downloaded from ENCODE (red). The pooled H3K4me3 iscChIC-seq data for each identified cell 785 

type (Fig. 3A) are displayed (blue). For the iscChIC-seq data, 1,610 monocytes, 1,265 T cells, 898 786 

NK cells, and 446 B cells were used. 787 
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D. A t-SNE visualization of cells by applying the t-SNE analysis on the matrix 0%. H3K4me3 density of 788 

regions associated with different genes is plotted. The color level indicates the H3K4me3 density 789 

level. 790 

 791 

Figure 4. iscChIC-seq robustly detects H3K27me3 profiles in human white blood cells 792 

 793 

A. A genome browser snapshot showing H3K27me3 profiles in human white blood cells. The top blue track 794 

shows the pooled single cell data from iscChIC-seq. The bottom track shows 500 randomly selected 795 

single cells. The middle tracks display the ENCODE bulk cell ChIP-seq data from different cells 796 

indicated on the left. 797 

B. A Venn diagram showing the overlap of the enriched regions (peaks) of H3K27me3 profiles measured by 798 

ChIP-seq using bulk cells and by the pooled single cell data. 799 

C. A scatter plot of the H3K27me3 read density of ChIP-seq (bulk cell) versus that of pooled single cells 800 

from iscChIC-seq (2,000 cells were randomly selected) at the genome-wide divided bins (the size of bin 801 

is 50kb). The Pearson’s correlation is equal to 0.92.  802 

D. A t-SNE visualization of cells by applying the t-SNE analysis on the matrix 0%. Cell type annotations of 803 

clusters are obtained by the analysis in Fig. 4E.   804 

E. A heatmap showing the significance of the overlap between the cluster-specific peaks from the 805 

H3K27me3 iscChIC-seq data (Fig. 4D) and cell type–specific peaks from ENCODE H3K27me3 ChIP-806 

seq data. The Y-axis refers to the cluster-specific peaks and X-axis refer to the cell type–specific peaks. 807 

The values before the +/- sign refer to the average negative logarithm of the P-value for the overlap 808 

between the two types of peaks over 100 subsamples. The values behind the +/- sign refer to the standard 809 

deviation of the negative logarithm of the P-value over 100 sub samples.  810 

 811 

Figure 5. Correlation of cell clusters revealed from the single cell H3K4me3 and H3K27me3 data by bivalent 812 

domains 813 

 814 

A. The cluster-specific peaks identified from the single-cell H3K4me3 and H3K27me3 data exhibit the 815 

highest overlap if they are from the same cell type. For each subplot, the cluster-specific peaks of 816 

H3K4me3 from one annotated cluster (as indicated on the top) were compared with the cluster-specific 817 

peaks of H3K27me3 from different clusters (as indicated below the plot). The Y-axis in each subplot 818 

indicates the -log2 of P-value for the overlap between the cluster-specific peaks of H3K4me3 and 819 

cluster-specific peaks of H3K27me3. 820 
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B. A scatter plot between the cell-to-cell variation of H3K4me3 and H3K27me3 for clusters annotated as 821 

monocytes in bivalent domains (Methods). 822 

C. Cluster-specific bivalent domains associated with H3K4me3 and H3K27me3 were computed for the 823 

purpose of finding the relationship between cell-to-cell variation in H3K4me3 and H3K27me3. For each 824 

comparison between the H3K4me3 and H3K27me3 clusters, the overlap between cluster-specific 825 

bivalent domains was considered, the Spearman’s correlation between the coefficient of variation in 826 

H3K4me3 and H3K27me3 for these selected bivalent domains was calculated. 827 

 828 

 829 

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


A B 

target histone modification 

Antibody-guided PA-MNase cleavage 5J 
3' Indexing design: 

End-repair 
X 5· 96 barcodes : labeling cells 

3' 

l ' 
EGTA inactivating MNase 

96 i7 index : labeling wells 

PNK end repair 16 i5 index : labeling plates 

TdT adding poly G 

-
Label DNA ends with dGs by TdT 

GGGGGGGGG 

Ligate oligo dC adaptors by T 4 ligase GGGGGGGGG 

' l P7 adaptor ligation and reverse crosslink 

ccccccccc e GGGGGGGGG NNNN • • NNNN GGGGGGGGG eccccccccc 

-
Pool cells and sort 30 nuclei / well 

' 
Add i7 index by PCR1 

PCR 1 anneal and extension - One unique index per well 
GGGGGGGGG NNNN • ccccccccc NNNN NNNN 

l ' 
A tailing , P5 adaptor ligation 

T GGGGGGGGG NNNN • Pool cells from one plate A ccccccccc NNNN NNNN 

Ligate P5 adaptor 

' 
Add i5 index by PCR2 

PCR2 amplification 

One unique index per plate 

NNNN T GGGGGGGGG NNNN NNN 
NNNN A ccccccccc NNNN NNN 

Figure 1

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


A 

B 

500 randomly 
selected single 

cells 

ENCODE
ChlP-seq 

52798 

H3K4me3 
117330000 117390000 117450000 117510000 117570000 117630000 117690000 117750000 117810000 117870000 117930000 117990000 118050000 118110000 118170000 118230000 118290000 118350000 118410000 118470000 118530000 118590000 118650000 118710000 118770000 11 

Pooled sc 
iscChlC-seq 

36169

1H 

C Vl 

.:,,!. 10 

� Correlation =0.89 

.2 8 

0.0 
.2 6 

Vl 4 

Q) 

M 
2Q) 

M 
I 2 4 6 8 

H3K4me3 density (logi ) for pooled single cells 

D 

10 

53 5 
0 

I I 

o��-�-���

<o�� 
�-, 

CD3E
CD3D DDX6 MCAM

Figure 2

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


A C

B D CD14+CD93+PAX5

CD3D+CD3E+CD3G+ TBX21

PAX5 CD19 CD14 CD93 CD3D CD3G CD5 TBX21 NCR1

Figure 3

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


Figure 4 

A 

iscChlC-seqo 
64500000 64700000 64900000 65100000 65300000 65500000 65700000 65900000 66100000 66300000 66500000 66700000 66900000 67100000 67300000 67500000 snooooo 67900000 68100000 68300000 68500000 68700000 68900000 69100000 69300000 69500000 69700000 699-

pooled SC L., • t tt4 ·+dt# J,c L WlJ J,kMf ' L .. .j • I •,e➔hLtnltt de l M k lM elk ' .. ., .. .,J. ... J frtt :tnl 

ENCODE
{ 

Bcells .• ;L ....... ,1w+•1H••14.JA,, L.J..l...o.,I.. JJJLIJL.., ....... ,., .... L .... li,J,,.., .• 1 . ........L....,., ... _ .... �., ...... '"""' .iit&l!i::H

Bulk cell Mono J ,1 __.._..l.__L __ dJJlJLJ__.__L._._. ____ . ____ J._.---1-1-1L._._JL __ lL .... ·-··-··--. --·----··-···L···--L .. ., ,.,., • , , 

Ch IP-seq T cells it ...... , ....... iiJ,,'I 111 LJ,. .,IJ, '"'' II ll I JL.__ .. _..1.Ll.lwil1,1.1J..u __ �LL.JL_c_U_ I ,.J .,, 1 J.,,J,J,i. l,lllL..J_"".iJ.J,_J..l...i.J.......uJJ..___J__;�. 

NK cells .. ..,_....,.....i.. ..... �..i....��Ww.1'-.i....----.J...� ........... __.._-!--,,__ _____ �..,_·IJIII� 
500 randomly

selected single cells 

C ....
J?
-

N 0) 0 

9 
8 
7 

- 6 >, Cl) 
�= Cl) Q) 5 
C (.) 

Q) � 4
"O -

C") :::, 3 
Q) (lJ 

r--. 
N � C") 
I 

2 
1 

0 

Correlation=0.92 .-
I::•••·��•

• 

2 4 

·.' ...
.. i: ..•. 

6 

CTCF � 

8 

H3K27me3 density (log2
) for 

pooled single cells 

"" 

DUS2 

D 20 

15 

10 

5 
N 

Z 0 

-5 

-10 

-15 

NFAT5 '"' /L34 � 

• Cius 1: Unkwn1 
• Cius 2: NK 
• Cius 3: B 
• Cius 4: T 
• Cius 5: Unkwn2 

Cius 6: Mono 

-20 � -� --�- -�-�- -�-� 
-15 -10 -5 0 

t-SNE1

5 10 15 

E 

en � 
Q) 
0.. 

(.) 

·13 
Q) 

en 

,!_ 
Q) 

en 
::::l 

0 

B 

ENCODE 

ChlP-seq 

79100 

Pooled 

iscChlC-seq 

35246 

31726 

(90%) 

H3K27me3 

-

"' 
50 

0.54 2.2 0.54 
:, 

u +/-0.58 +/-1.4 +/-0.5 45 

N 
"' 0.019 0 0.46 40 
:, 

u +/-0.03 +/-0 +/-0.4 
35 

(') 

. "' 
:, 

u 

0 2.9e-07 3.3 30 
+ /-0 +/-0 +/-1.4 

25 
. ..,. 

"' 0.04 4.2e-11 0.0028 
:, 

u +/-0.06 +/-0 +/-0.004 20 

"' 
"' 1.1 4.2 1.1 2.3 15 
:, 

u +/-0.6 + / -2.3 +/-0.1 +/-0.13 10 
<O 
"' 
:, 

u 

7.3e-05 2.2e-06 0.031 5 
+ / -0.0001 +/-0 +/-0.03 

0 
Mono T NK 

Cell type-specific peaks 
-log2 P-value 

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


A B

C

-lo
g 2

 (P
-v

al
ue

) f
or

 th
e 

ov
er

la
p 

be
tw

ee
n 

H
3K

4m
e3

 a
nd

H
3K

27
m

e3
 c

lu
st

er
-s

pe
ci

fic
 b

iv
al

en
t d

om
ai

ns

Spearman's
correlation

Figure 5
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