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In brief

Tang et al. developed Parallel-seq, a

high-throughput method for

simultaneous single-cell chromatin

accessibility and gene expression

profiling. Applied to 40 lung tumor

samples, it generated >200,000 high-

quality joint scATAC-and-scRNA profiles,

uncovering cancer-specific regulatory

programs, oncogenic enhancer

mutations, and therapeutic

vulnerabilities, demonstrating its utility in

advancing multiomics cancer research.
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SUMMARY
Biological analyses conducted at the single-cell scale have revealed profound impacts of heterogeneity and
plasticity of chromatin states and gene expression on physiology and cancer. Here, we developed Parallel-
seq, a technology for simultaneouslymeasuring chromatin accessibility and gene expression in the same sin-
gle cells. By combining combinatorial cell indexing and droplet overloading, Parallel-seq generates high-
quality data in an ultra-high-throughput fashion and at a cost two orders of magnitude lower than alternative
technologies (103Multiome and ISSAAC-seq). We applied Parallel-seq to 40 lung tumor and tumor-adjacent
clinical samples and obtained over 200,000 high-quality joint scATAC-and-scRNA profiles. Leveraging this
large dataset, we characterized copy-number variations (CNVs) and extrachromosomal circular DNA
(eccDNA) heterogeneity in tumor cells, predicted hundreds of thousands of cell-type-specific regulatory
events, and identified enhancer mutations affecting tumor progression. Our analyses highlight Parallel-
seq’s power in investigating epigenetic and genetic factors driving cancer development at the cell-type-spe-
cific level and its utility for revealing vulnerable therapeutic targets.
INTRODUCTION

The cellular heterogeneity and plasticity of the tumor microenvi-

ronment (TME) strongly affect both cancer progression and the

responsivity of tumors to therapies.1 The advent of single-cell

sequencing technologies has revealed intratumor heterogeneity

at the genomic,2 epigenomic,3 transcriptomic,4 and proteomic

levels.5 These technologies can profile the multimodal land-

scape (i.e., ‘‘multiomics’’) of a sample in a collective way; howev-

er, each technology was originally ‘‘mono-omic,’’ only analyzing

a data modality in each single cell.6 Joint analysis of multiple mo-

dalities in the same single cells from a tumor sample can reveal a

more complete picture of the regulatory processes occurring at

distinct layers and facilitate the discovery of vulnerable cell pop-

ulations and molecular targets for therapeutic development.7

Multiple methods for joint analysis of the same single cells

have been reported. Notable examples include G&T-seq,8 which

integrates genome and transcriptome analyses, ScTrio-seq,9

which analyzes the genome, DNA methylome, and transcrip-
Cell Systems 16, 101266,
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tome, and CITE-seq,10 which measures the transcriptome and

protein levels of cell surface markers. Methods for joint analysis

of chromatin accessibility and gene expression in single cells

have also been reported.11–15 These methods have been instru-

mental in dissecting the cell composition of organs and to un-

cover epigenetic regulatory mechanisms and developmental

transitions. Recently, such methods have been applied for can-

cer study and identified candidate cancer-associated epigenetic

drivers.16

Here, we present paired analysis of RNA and accessible chro-

matin in the same single cell by sequencing (Parallel-seq), a sin-

gle-cell analysis technique that combines combinatorial index-

ing and droplet-based single-cell sequencing (dsc-seq) to

simultaneously measure chromatin accessibility and gene

expression in the same cell (i.e., joint scATAC-and-scRNA

profiling). By ‘‘overloading’’ chromium droplets with multiple

cells (�10 cells, making highly efficient use of generated drop-

lets) and performing both pre- and post-indexing to distinguish

the cells within each droplet, Parallel-seq achieves technological
May 21, 2025 ª 2025 The Authors. Published by Elsevier Inc. 1
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reliability, high data quality, and a vast barcoding space that sup-

ports ultra-high-throughput and cost-effective analysis, outper-

forming state-of-the-art competing methods for joint scATAC-

and-scRNA profiling. We performed Parallel-seq on 40 lung

tumor and tumor-adjacent samples and obtained an extensive

dataset encompassing over 200,000 high-quality joint scATAC-

and-scRNA profiles, demonstrating its application scope and

power for the identification of cell-type-specific regulatory pro-

grams in both tumor cells and TME immune cells.

RESULTS

Parallel-seq analyzes RNA and accessible chromatin in
the same single cells
Parallel-seq combines combinatorial indexing with dsc-seq

overloading17–19 (Figure 1A; STAR Methods). Briefly, (1) Paral-

lel-seq starts by fixing and permeabilizing cells distributed in a

96-well plate, followed by Tn5 transposition to label open chro-

matin regions with a well-specific barcode (BC1); (2) mRNAs

are reverse transcribed using poly(T)15 and random hexamer

primers with the same sets of barcodes (BC1); (3) cells from

different wells are combined and randomly distributed into a

96-well plate to ligate splint adapters containing the second

sets of well-specific barcodes (BC2) to transposed chromatin

and first strand cDNA; (4) after removal of RNA using RNases,

a randomly primed second-strand synthesis is performed, which

also appends the second PCR anchor to cDNA; (5) all the cells

are pooled together and overloaded into a chromium scATAC-

seq chip, followed by within-droplet cell lysis and adding of a

droplet-specific indexed p5 adapter (BC3) with linear amplifica-

tion; (6) droplets are aliquoted to tubes and DNA products from

each tube are purified and divided into two parts for separate

transcriptome and accessible chromatin library construction us-

ing corresponding primers (BC4); (7) finally, joint profiles of chro-

matin accessibility and gene expression with the same barcode

combination are identified computationally from the same sin-

gle cell.

In comparison with combinatorial indexing-based high-

throughput methods (e.g., Paired-seq and SHARE-seq), Paral-

lel-seq is distinct in four notable ways. First, Parallel-seq

minimizes the number of splint adapter ligation rounds, which at-

tenuates both the loss of ligated molecules and the damage to

cells that occurs with each successive ligation. Second, by

incorporating second-strand synthesis instead of template

switching, Parallel-seq increases cDNA library construction effi-

ciency.20 Third, the use of in-droplet linear amplification obviates

the need for pre-amplification purification, which substantially

reduces both material loss and also amplification bias as

compared with PCR used by other methods. Finally, the use of

a general permeabilization protocol (adapted from Omini-

ATAC21) enables Parallel-seq to analyze samples containing a

broad range of cell types, making it especially suitable for inves-

tigating complex tissue samples.

Collectively, these improvements allow the reliable and sensi-

tive profiling of chromatin accessibility and gene expression in

the same single cells. Moreover, Parallel-seq exploits overload-

ing on the chromium system to enable ultra-high-throughput and

cost-effective profiling with a low expected collision rate.19 In

principle, the barcoding space after four rounds of barcoding
2 Cell Systems 16, 101266, May 21, 2025
is �1.473 1010 (963 963 100,0003 16), which endows Paral-

lel-seq the potential to assess more than 1 million cells in one

experiment.

Parallel-seq obtains high-quality joint scATAC-and-
scRNA profiles in cell lines
We benchmarked Parallel-seq’s performance using a mixture of

K562 (human), HEK293T (human), GM12878 (human), and NIH/

3T3 (murine) cells. We obtained joint scATAC-and-scRNA pro-

files for 3,010 cells, with a median RNA unique molecular identi-

fier (UMI) ranged from 3,636 (GM12878) to 9,125 (HEK293T) and

a median number of unique ATAC reads in peaks ranged from

3,807 (GM12878) to 13,992 (K562) after stringent quality filtering

(Figures S1A and S1B; Table S1; STAR Methods). All reads were

assigned to 802 mouse cells and 2,208 human cells, with very

few doublets, indicating a low collision rate of 0.1%�0.2%

(Figure 1B).

The aggregated data of Parallel-seq’s scATAC libraries ex-

hibited a typical size distribution of nucleosome binding pattern

for ATAC-seq insert fragments22 (Figure S1C) and was highly

enriched around the transcription start sites (TSSs), with

TSS enrichment scores ranged from 9.93 (K562) to 12.03

(GM12878) (Figure S1D). Further, the aggregated Parallel-seq’s

scATAC-and-scRNA data showed high concordance with pub-

lished bulk RNA sequencing (RNA-seq) (R = 0.81), bulk ATAC-

seq (R = 0.83),23 scRNA-seq (R = 0.77),24 and scATAC-seq

(R = 0.74)25 datasets for K562 cells, respectively (Figures 1C

and S1E–S1H).

We compared Parallel-seq with competing methods, evalu-

ating data quality (Figures 1D and S1I–S1N; Table S1),

throughput (Table S2), and costs (Table S3) on multiple cell lines.

Taking K562 cells as an example, for scRNA data, we found that

the median numbers of RNA UMIs and RNA-detected genes ob-

tained by Parallel-seq were 7,014 and 3,181, which were similar

to that obtained by 103 Multiome (7,523 and 2,865) and were

substantially higher than that of ISSAAC-seq (4,830 and 2,307),

SHARE-seq (248 and 212), and SNARE-seq (412 and 329). For

scATAC data, we found that the median number of unique

ATAC reads in peaks obtained by Parallel-seq is 13,992, which

was lower than 103 Multiome (20,191) but higher than

ISSAAC-seq (11,361), SHARE-seq (292), and SNARE-seq (507).

By combining droplet overloading with combinatorial index-

ing, Parallel-seq allows analysis for dozens of samples in one

experiment and enables an ultra-high analysis throughput,

much higher than 103Multiome and ISSAAC-seq (200,000 cells

vs. 10,000 cells) (Table S2). It bears emphasis that, Parallel-seq

achieved high data quality with very low cost, with an expense of

�1/30 ($0.013/cell) of 103 Multiome ($0.38/cell) and �1/15 of

ISSAAC-seq (>$0.2/cell) (Table S3). Overall, these results

demonstrate Parallel-seq’s capacity to achieve high data quality

and ultra-high-throughput at a remarkably low cost.

Parallel-seq obtains high-quality joint scATAC-and-
scRNA profiles for lung tumor samples
Much effort has been dedicated to characterizing the composi-

tion and states of cell types within the heterogeneous microenvi-

ronment of human lung tumors using scRNA-seq.26–30 We

applied Parallel-seq to 40 clinical samples (22 lung tumor sam-

ples and 18 tumor-adjacent samples) from 22 lung tumor
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Figure 1. Parallel-seq enables ultra-high throughput simultaneous profiling of accessible chromatin and gene expression in single cells

(A) Parallel-seq combines combinatorial indexing and droplet overloading to measure chromatin accessibility and gene expression in the same single cells.

(B) The number of UMI counts of scRNA (left) and unique fragment counts of scATAC (right) data, mapped to the human and mouse genomes. This experiment

examined a mixture of K562 (human), HEK293T (human), GM12878 (human), and NIH/3T3 (murine) cells.

(C) The aggregated single-cell chromatin accessibility and gene expression profiles from a Parallel-seq analysis accurately reproduced the bulk ATAC-seq

(ENCFF048XLS) and nucleus RNA-seq (ENCFF631TDY) profiles in K562 cells from ENCODE, respectively.

(D) Scatterplot showing the number of unique ATAC reads in peaks and RNAUMIs per cell for Parallel-seq, 103Multiome, ISSAAC-seq, and SNARE-seq in K562.

Every dot represents a single cell, with aggregated distribution shown along the x and y axes. We only compared the droplet version of ISSAAC-seq in our study.

Owing to the inability to match the barcodes between scATAC and scRNA in the SHARE-seq dataset, we were unable to include the SHARE-seq dataset in

the figure.

ll
OPEN ACCESSMethods

Please cite this article in press as: Tang et al., Joint analysis of chromatin accessibility and gene expression in the same single cells reveals cancer-
specific regulatory programs, Cell Systems (2025), https://doi.org/10.1016/j.cels.2025.101266
patients (Figures 2A and S2A). After data quality filter (STAR

Methods), we obtained 206,263 high-quality joint scATAC-and-

scRNA profiles with 1,050 median number of unique ATAC reads

in peaks and 1,233 median RNA UMIs (Figures 2B and S2A).

We performed clustering analysis based on the joint scATAC-

and-scRNA profiles and revealed 8 major clusters of cells

(Figure 2C; STAR Methods). Cells from different tissues and pa-

tients exhibit a well-mixed distribution of normal cell types

(Figures S2B and S2C), demonstrating the advantage of Paral-

lel-seq in profilingmultiple samples in a single experiment tomiti-

gate batch correction.We annotated these clusters usingmarker
gene expression and identified T cells, B cells, plasma cells,

macrophages, dendritic cells, epithelial cells, endothelial cells,

and fibroblasts (Figure S2D). Almost all (99%) of the fluores-

cence-activated cell sorting (FACS)-sorted CD45+ and CD3+

cells were accurately annotated as immune cells and T cells,

respectively (Figures S2E and S2F; STAR Methods), demon-

strating that our workflow for cell clustering and annotation

based on marker genes is consistent with that based on sorted

cell surface markers. We also conducted clustering exclusively

based on either Parallel-seq’s scATAC profiles or scRNA profiles

(Figures S2G and S2H). We then compared the results obtained
Cell Systems 16, 101266, May 21, 2025 3
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Figure 2. Parallel-seq obtained high-quality joint profiles and revealed distinct T cell subtypes in lung tumor microenvironment

(A) The overall experimental design for the application of Parallel-seq to characterize the microenvironment of human lung tumor. The tumor and paired tumor-

adjacent samples were collected for each patient. After dissociation, the single cells were sorted into four groups based on their cell surface markers, and their

abundance was balanced for the input of the experiment.

(legend continued on next page)
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from the three different approaches and found that the major

cell-type annotations derived from the joint analysis exhibited

good agreement31 with those obtained exclusively from Paral-

lel-seq’s scATAC profiles or scRNA profiles (adjusted Rand in-

dex [ARI] score: 0.680 or 0.793. Figures S2I–S2L).

We performed an analysis to identify cell-type ‘‘signature

genes’’ that exhibited significantly increased expression within

each cell type comparing with all other cell types (STAR

Methods). We calculated gene activity scores32 from Parallel-

seq’s scATACdata for the top 100 signature genes of eachmajor

cell type ranked by fold changes of expression level (STAR

Methods). We observed that these scores showed high concor-

dance with the gene expression profile for each cell type

(Figures 2D and S3A). Specifically, the gene activity scores of

the marker gene showed very specific patterns in their matched

cell types compared with the others (Figure S3B). These findings

supported the above observation of the overall congruence be-

tween Parallel-seq’s scATAC and scRNA profiles for each major

cell type. We also calculated transcription factor (TF) motif activ-

ity from Parallel-seq’s scATAC data for each cell type with

chromVAR.33 We identified many well-known cell-type-specific

TFs, such as TBX21 in T cells,34,35 POU2F2 in B and plasma

cells,36 SPIB in macrophage cells,37 and SOX9 in endothelial

cells38,39 (Figure S3C). Interestingly, we observed that the spec-

ificity of TF gene expression was markedly lower than that of TF

motif activity (Figure S3D). This divergence suggests a temporal

disconnect, potentially arising from the fact that TF gene expres-

sion often precedes the establishment of motif accessibility.40

Joint clustering analysis reveals T cell subtypes of
distinct gene expression and chromatin
accessibility marks
Tumor-infiltrating Tcells are a hallmark of the cancer immune sur-

veillance system, and characterization of T cells in the TME has

been used for both prognostic and therapeutic applications.30

We focused on the T cell populations in our samples and identi-

fied 14 T cell subtypes, based on clustering of joint scATAC-

and-scRNA profiles (Figures 2E and S3E–S3J; STAR Methods).

In contrast to the strong agreement observed for major cell-

type annotations, we observed substantial differences for
(B) Violin plot of the numbers of unique ATAC reads in peaks and RNA UMIs (le

206,263). White dot: median; black bar: interquartile range (IQR).

(C) UMAP visualization of embedding of joint scATAC-and-scRNA profiles of the P

and-scRNA profiles were processed with Seurat v4 for weighted nearest neighbo

based on marker gene expression.

(D) Heatmap showing the standardized mean gene expression (top) and gene act

cell types.

(E–G) UMAP visualization of embedding of joint scATAC-and-scRNA profiles (E)

(N = 77,681). RNA profiles were processed with Seurat v4 for principal-compo

analysis via latent feature extraction (SCALE) for dimension reduction, and joint s

Clusters of joint scATAC-and-scRNA profiles were annotated based on marker g

helper 17 (Th17) cells, CD4 CXCL13+ T follicular helper (Tfh) cells, CD4 CXCL13�
cells, CD8 T naive (Tn) cells, CD8 T memory (Tm) cells, CD8 early T effectory mem

(Temra) cells, CD8 natural killer (NK)-like cells, and CD8 T exhausted (Tex) cells.

(H) Sankey plot shows the correspondence between T cell subtypes identified

identified within scRNA or scATAC profiles.

(I and J) Matrixplot shows the top 30 signature genes (by gene expression fold-o

(J) of T cell subtypes. The red arrow highlights the signature genes and signature a

widely expressed in other T cell subtypes, especially CD8 Tn and CD8 Tem cells,

representing a unique chromatin accessibility state.
T cell subtype annotations based on Parallel-seq’s joint profiles

and based on Parallel-seq’s scATAC profiles alone (ARI score:

0.400) or scRNA profiles alone (ARI score: 0.494) (Figures 2E–

2H, S3K, and S3L). For instance, we noted two subtypes of T

follicular helper (Tfh) cells (i.e., the CD4 CXCL13+ Tfh cells and

the CD4 CXCL13� Tfh cells) in the clustering results from Paral-

lel-seq’s joint profiles, which both aligned with the ATAC_6 clus-

ter of Parallel-seq’s scATAC profiles (Figures 2H, S3K, and S3L).

Notably, we observed a subtype of previously reported ‘‘CD8

early T effector memory (Tem) cells’’41 in the clustering results

from Parallel-seq’s joint profiles. These CD8 early Tem cells

came from four distinct clusters of Parallel-seq’s scRNA profiles

(e.g., the RNA_1, RNA_3, RNA_4, and RNA_5 clusters), but most

of these cells (82%) formed one cluster of Parallel-seq’s scATAC

profiles (Figures 2H, S3K, and S3L). We identified signature

genes, as well as signature chromatin accessibility peaks, for

each T cell subtype using the above-mentioned pipeline

(Figures 2I and 2J; STAR Methods). Intriguingly, we found that

the top 30 signature genes of CD8 early Tem were shared by

the other CD8 Tem cells (Figure 2I), while the top 30 signature

accessible peaks were specifically open in the CD8 early Tem

cells (Figure 2J). This suggests that although these CD8 early

Tem cells exhibit similar gene expression to the other CD8

Tem cells, they possess a distinct chromatin accessibility state.

In sum, these results illustrate that joint scATAC-and-scRNA

profiles can reveal unique gene expression and/or chromatin

accessibility marks in some cell populations (e.g., CD4

CXCL13+ Tfh cells, CD4 CXCL13� Tfh cells, and CD8 early

Tem cells) that would likely elude detection in analyses relying

exclusively on RNA data or ATAC data.

Parallel-seq joint analysis reveals aggressive tumor cell
subclones through improved CNV detection
Copy-number variations (CNVs) describe duplications or losses

of large genomic segments >1,000 bp in size and are a major

driving force underlying cancer development.42 Traditionally,

scATAC-seq and scRNA-seq data have been employed inde-

pendently to identify CNVs in cancer research.3,43 We here

compared CNVs calling based on Parallel-seq’s joint scATAC-

and-scRNA profiles with those based on Parallel-seq’s scATAC
ft), and RNA-detected genes (right) per single cell of lung tumor samples (N =

arallel-seq lung tumor dataset for major clusters (N = 206,263). Joint scATAC-

r (WNN) analysis. Clusters of joint scATAC-and-scRNA profiles were annotated

ivity (bottom) of 100 top-ranked cell-type-specific genes in the indicated major

, scRNA (F), and scATAC (G) of the Parallel-seq lung tumor dataset for T cells

nent analysis (PCA); ATAC profiles were processed by single-cell ATAC-seq

cATAC-and-scRNA profiles were processed with Seurat v4 for WNN analysis.

ene expression. Identified subtypes include CD4 T memory (Tm) cells, CD4 T

Tfh cells, CD4 T regulatory (Treg) cells, CD4MKI67+ Treg cells, CD4 HSP+ Treg

ory (Tem) cells, CD8 Tem cells, CD8 T effector memory re-expressing CD45RA

using joint scATAC-and-scRNA profiles, as well as the clusters exclusively

f-change) (I) and accessible peaks (by chromatin accessibility fold-of-change)

ccessible peaks of the CD8 early Tem cells. CD8 early Tem signature genes are

while signature accessible peaks are specifically open in CD8 early Tem cells,
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Figure 3. Parallel-seq improves CNV and eccDNA studies by joint analysis of ATAC-seq and RNA-seq data in the same single cell

(A) Comparison of CNVs detected with the examined Parallel-seq derived scRNA, scATAC, and joint scATAC-and-scRNA data (using the CNVs detected from a

WGS dataset in the same K562 cell line as a reference). Color bars indicate CNV score ranges. Pearson correlation coefficients are indicated on the right.

(legend continued on next page)
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profiles alone or scRNA profiles alone (Figure 3A; STAR

Methods). For benchmark, we used the known CNVs detected

by CNVpytor44 from a whole genome sequencing (WGS) dataset

for K562 cells (GSE176762)23 as a reference. We observed that,

overall, the CNV gain and loss patterns obtained from the three

different approaches were all well correlated across the genome

(Pearson r = 0.68, Figure 3B). Yet, the CNVs detected using the

joint profiles were (1) the most similar to the reference CNVs, as

indicated by the highest Pearson correlation coefficients and the

smallest Euclidean distance (Figures 3A and S4A), and (2)

achieved the highest sensitivity, specificity, and F1 scores over-

all, especially for CNV loss regions (Figures S4B–S4J).

Notably, some CNVs were only identified from Parallel-seq’s

scRNA profiles and some were only identified from the scATAC

profiles. We respectively termed these CNVs as ‘‘RNA-specific’’

and ‘‘ATAC-specific’’ CNVs (Figure 3B). We discovered that, for

CNV gains, RNA-specific CNVs tended to co-occur with exonic

regions and gene regions, while ATAC-specific CNVs tended to

co-occur with intergenic regions, but for CNV losses, the results

were opposite (Figures 3C and 3D). Overall, these results sup-

port that integration of scATAC-and-scRNA data improves

CNVs detection.

Next, we leveraged Parallel-seq’s joint scATAC-and-scRNA

profiles to identify CNVs in 22 lung tumor samples (Figures

S5A–S5E). Normal epithelial cells were consistently clustered

together, whereas malignant cells formed patient-specific clus-

ters, highlighting the inter-tumor heterogeneity among non-small

cell lung cancer (NSCLC) patients. Tumor cells from patient LT17

were divided into two distinct CNV clusters, designated Malig-

nant 3 and Malignant 12, which were clearly separate from the

tumor cells of other patients (Figures S5A–S5G). Further analysis

of LT17 epithelial cells based on CNV profiles (Figures S5H–S5K)

identified four tumor subclones45 (Figures 3E, 3F and S5L;

STARMethods). To investigate the functional differences among

these subclones, we performed gene-set variation analysis

(GSVA)46 to examine oncogenic signatures and identified
(B) Scatter-density plot showing the CNV scores calculated from Parallel-seq deri

genome. The two vertical dashed lines correspond to the 20th and 80th percen

correspond to the 20th and 80th percentiles of CNV scores from scRNA data. The

specific CNV’’), while the blue bins are CNVs uniquely identified from scRNA data

are shown.

(C and D) The fraction of exonic, intronic, gene, and intergenic regions of ATAC-s

displays the median (center line), interquartile range (IQR, box), and data points be

rank-sum test, NS, not significant; *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0

NATAC-specific loss = 143.

(E) UMAP visualization of embedding of joint CNVs called from joint scATAC-and-s

annotation of subclones.

(F) Heatmap of the scRNA (top) and scATAC (bottom) CNV scores of LT17 epithelia

the CNV score range. Color-coded short lines indicate ATAC-specific or RNA-sp

clone. The gray lines highlight clonal-specific CNVs in LT17-1 harboring specifi

genes in LT17-1 are indicated at the bottom. Red arrowheads highlight specific

(G) Heatmap of the standardized GSVA scores of the enriched cancer hallmark p

(H) UMAP visualization of embedding of joint scATAC-and-scRNA profiles of the

cells and normal epithelial cells. The color bar indicates eccDNA counts.

(I) Density plot shows the distribution of the number of eccDNAs identified in tumor

Mann-Whitney U test.

(J) The distribution of eccDNA number detected in tumor cells. The tumor cells we

(Non_eccDNA cells) groups.

(K) Cancer hallmark pathways enriched within eccDNA signature genes. The red

(L) Heatmap showing the expression based on log transformed transcripts per

transition pathway in eccDNA and Non_eccDNA cell groups. The color bar indic
distinct cancer hallmark pathways enriched for these subclones

(Figure 3G).

We were particularly interested in the ‘‘LT17-1’’ subclone,

which exhibited a highly enriched oncogenic signature associ-

ated with angiogenesis compared with other subclones (Fig-

ure 3G). We noted higher expression levels of several genes

associated with the angiogenesis pathway in this LT17-1 sub-

clone compared with the other subclones (Figure S5M). Specif-

ically, SLCO2A1 were linked to an ATAC-specific CNV gain in

chromosome 3q, while ITGAV were linked to an RNA-specific

CNV gain in chromosome 2q, which both are exclusively identi-

fied in LT17-1 subclone (Figure 3F). Interestingly, elevated levels

of ITGAV predicted unfavorable survival outcomes in lung ade-

nocarcinomas (LUAD) (Figure S5N; STAR Methods). Moreover,

we noted specific CNV loss on chromosome 22q for this

LT17-1 subclone (Figure 3F). The allelic loss of chromosome

22q is commonly observed across various cancer types.47–51

Particularly, in advanced-stage NSCLC, the incidence of allelic

loss in the 22q region is significantly higher compared with

early-stage NSCLC.52 These findings collectively suggest that

the LT17-1 subclone is in a more aggressive state during the

development of lung cancer.

Parallel-seq joint analysis characterizes the eccDNA
heterogeneity of tumor cells
Extrachromosomal circular DNAs (eccDNAs) were recently

found to be abundant in multiple human tumor cells and were

shown to promote cancer development by amplifying the

expression of certain oncogenes.53–55 As ATAC-seq can cleave

DNA from eccDNAs,56 we reasoned that Parallel-seq’s joint

profiling data obtained could identify eccDNAs in lung tumor

cells and support association analysis of gene expression in

the same cell. Pursuing this, we used Circle_finder56 to identify

eccDNAs based on the Parallel-seq’s scATAC profiles from the

lung tumor samples. We confirmed that the length distribution

of the identified eccDNA was similar to previous reports56
ved scRNA and scATAC data in K562 cells for sliding windows along the whole

tiles of CNV scores from scATAC data, while the two horizontal dashed lines

orange bins are CNVs uniquely identified from scATAC data (termed as ‘‘ATAC-

(termed as ‘‘RNA-specific CNV’’). Pearson correlation coefficient and p value

pecific CNV and RNA-specific CNV gain (C) and loss (D) regions. Each box plot

yond 1.53 IQR (whiskers). Statistical significance was calculated by Wilcoxon

.0001. NRNA-specific gain = 202, NRNA-specific loss = 150, NATAC-specific gain = 209,

cRNA data of Parallel-seq for epithelial cells (N = 4,097) of LT17 patient with the

l cells, grouped by subclones. Color bars on the right of each heatmap indicate

ecific gains (red) or losses (blue) exclusively identified within the LT17-1 sub-

c angiogenesis pathway genes. The highly expressed angiogenesis pathway

CNV losses on chromosome 22q for LT17-1 subclone.

athways for each subclone of LT17.

Parallel-seq lung tumor dataset, colored by the number of eccDNAs in tumor

cells (N = 18,306) and normal epithelial cells (N = 6,261). p value = 8.853 10�17,

re divided into eccDNAs detected (eccDNA cells) and eccDNAs non-detected

line indicates a cutoff of p value < 0.05 calculated by GSEApy.

million (TPM) of the eccDNA signature genes of the epithelial-mesenchymal

ates the log transformed TPM values.
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(Figure S5O), and also found, as expected, that tumor cells

possessedmore eccDNAs compared with normal epithelial cells

(p value = 8.85 310�17) (Figures 3H and 3I).

We classified the tumor cells into two groups: cells with eccD-

NAs detected (‘‘eccDNA cells’’) and cells without eccDNAs

(‘‘Non_eccDNA cells’’) (Figure 3J; STARMethods).We then iden-

tified genes that were differentially expressed in the eccDNA

cells compared with the Non_eccDNA cells (‘‘eccDNA signature

genes’’). We noted that the eccDNA signature genes were en-

riched for known cancer hallmark pathways (Figure 3K),

including the apoptosis and ‘‘UV response up’’ pathways, a

finding consistent with a report that eccDNAs are apoptotic

products and that UV treatment results in strong induction of

eccDNA production.57 Of particular note, we observed an upre-

gulated expression of SOX4, a well-established epithelial-

mesenchymal transition (EMT) master regulator58 known to pro-

mote metastasis,59,60 in eccDNA cells (Figure 3L). These results

illustrate how Parallel-seq joint analysis can reveal the heteroge-

neity of eccDNA in tumor cells and support investigations of their

potential functions in cancer progression.

Parallel-seq joint profiles predict cell-type-specific
gene expression regulatory events
The ability to capture both chromatin accessibility and gene

expression in the same single cells provide a unique opportunity

to predict gene expression regulatory eventsmediated by cis-reg-

ulatory elements.13,14 We developed an analysis framework

based on mutual information (MI)61 to link accessible chromatin

peaks to each gene (STAR Methods). Briefly, we calculated MI

values between peak accessibility and gene expression and iden-

tified those peak-gene pairs with significantly high MI as ‘‘peak-

gene associations.’’ We evaluated the analysis pipeline using

K562 datasets generated through Parallel-seq, 103 Multiome,

and ISSAAC-seq. With a limited number of cells, 103 Multiome

and ISSAAC-seq identified more peak-gene associations than

Parallel-seq, likely due to their higher overall data quality. Howev-

er, we found that increasing the cell count enhances the number of

identified peak-gene associations (Figure S6A). Most chromatin

peaks in these associations were located close to the TSSs (Fig-

ure S6B). Interestingly, we found that most chromatin peaks were

associatedwith only one gene, whereasmost genes were associ-

ated with more than one peak (Figures S6C and S6D). A majority

(93.7%) of the predicted associations involved distal chromatin

peaks overlapped with cis-regulatory elements annotated by the

ENCODE project,62 suggesting that these associated peaks plau-

sibly represent putative enhancers. To validate the predicted as-

sociations, we compared them with the publicly available chro-

matin loop datasets for the corresponding cell lines obtained

with HiChIP using an antibody against H3K27ac.63 Compared

with randomly shuffled associations, we detected enrichment

for chromatin loops identified by HiChIP within these predicted

peak-gene associations (Figure S6E).

We applied the analysis on the Parallel-seq lung tumor dataset

and identified 466,959 peak-gene associations. We then defined

cell-type-specific peak-gene associations based on whether an

association involves (1) genes specifically expressed in partic-

ular cell types or with (2) chromatin peaks specifically detected

in particular cell types (consequently, the chromatin peaks

were defined as cell-type-specific enhancers). We identified
8 Cell Systems 16, 101266, May 21, 2025
tens of thousands of cell-type-specific peak-gene associations

and associated enhancers (Figures S6F–S6H; Table S4). Inter-

estingly, the cell-type-specific enhancers showed higher cell-

type specificity than genes or promoters, which is consistent

with a previous report64 (Figure S6I).

The lung tumor samples included 3 patients with lung squa-

mous cell carcinoma (LUSC) and 16 patients with LUAD. To

investigate the distinct regulatory programs underlying these

two patient groups, we compared the predicted peak-gene as-

sociations within the tumor cells of the two lung tumor subtypes.

This analysis identified several peak-gene associations, which

only occur in LUSC tumor cells, may promote MIR205HG

expression (Figure 4A; Table S4). For context, it has been re-

ported thatMIR205HG is highly expressed in LUSC clinical sam-

ples with expression level positively correlated with the degree of

malignancy.65 Suppression of MIR205HG expression in LUSC

cell lines reduces cell proliferation, migration, and EMT progres-

sion, while promoting cell apoptosis.66

We found a set of tumor-cell-specific enhancers that positively

correlate with MIR205HG expression in LUSC tumor cells. Both

MIR205HG gene specifically expressed, and these enhancers

specifically opened in LUSC tumor cells (Figure 4A). Among

these enhancers, some are supported by previous H3K27ac

HiChIP analysis of lung squamous cancer cell lines.67 We per-

formed a motif analysis and discovered that these enhancers

are enriched with the TP63-binding motif (Figure 4B; Table S5).

A previous study on miR-205 in prostate cancer indicated

TP63 binding to the chr1:209415937-209416437 region.68 These

results, together with the elevated expression of TP63 in the

three LUSC patients (Figure 4A), suggest a potential mechanism

through which TP63 may contribute to the elevated MIR205HG

expression in LUSC patients.

We also analyzed T-cell-subtype-specific regulatory events

(Figure S6J; Table S6) and identified peak-gene associations

that may regulate BACH2 expression in CD8 Tn cells (Figure 4C).

For context, BACH2 functions in maintaining T cells in a naive

state69 and regulates the differentiation of naive CD8+ T cells

into effector and memory cells, thereby ensuring an effective

and balanced immune response.70 Our analysis found a set of

enhancers that positively correlated with BACH2 expression.

We found an ETS-1-binding motif was enriched in these en-

hancers (Figure 4D; Table S7); this finding, along with the expres-

sion of ETS-1 in CD8 Tn cells, suggests that ETS-1 may promote

BACH2 expression in CD8 Tn cells. It bears note that CD8 Tn

marker genes, including BACH2, predicted favorable prognostic

results for LUAD in The Cancer Genome Atlas (TCGA) cohort71

(Figure 4E; STAR Methods). Interestingly, BACH2 overexpres-

sion skews exhaustion phenotypes toward stem-like CD8

T cells states.72 These findings suggest that targeting these reg-

ulatory events could be harnessed to enhance the antitumor re-

sponses in chimeric antigen receptor (CAR)-T cell immuno-

therapy for lung tumors.

Parallel-seq joint profiles predict enhancer mutations
that affect target gene expression in tumor cells
We further leveraged Parallel-seq data for the identification of

candidate somatic enhancer mutations that may differentially

regulate target gene expression. We predicted such ‘‘enhancer

mutations’’ based on (1) comparative genomic analysis searching
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Figure 4. Parallel-seq joint profiles enable detection of cell-type-specific regulatory events in the lung tumor microenvironment

(A) The upper tracks show the aggregated scATAC profiles of the promoter (blue triangle) and associated enhancers (yellow triangle) (chr1: 209364680–

209365180, chr1: 209411492–209411992, chr1: 209415937–209416437, chr1: 209815785–209816285, and chr1: 209823387–209823887) of MIR205HG in

different tumor cells. The violin plots on the right show the gene expression of MIR205HG and TP63. The dashed box highlights patients with LUSC. The loops

below denote the predicted peak-gene associations forMIR205HG, colored by their Z scores, wherein peak-gene associations certified by H3K27ac HiChIP of

lung squamous cancer cell lines67 highlighted in red.

(B) The binding motif for the transcription factor TP63 is enriched from the MIR205HG enhancers.

(C) The upper tracks show the aggregated scATAC profiles of the promoter (blue triangle) and associated enhancers (yellow triangle) (chr6: 90156854–90157354,

chr6: 90233862–90234362, and chr6: 90458534–90459034) of BACH2 in distinct CD8 T cell subtypes. The violin plots on the right show the gene expression of

BACH2 and ETS1. The loops below denote the predicted peak-gene associations for BACH2, colored by their Z scores.

(D) The binding motif for the transcription factor ETS1 is enriched from the BACH2 enhancers.

(E) Kaplan-Meier plot for a TCGA LUAD patient dataset, indicating that the CD8-Tn-high subgroup exhibited a more favorable prognosis in terms of overall

survival compared with the CD8-Tn-low subgroup. The CD8-Tn high and low groups were defined based on the 75%quantile value of themean expression levels

of BACH2, SELL, CCR7, and LEF1. p value from univariate Cox regression.
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Figure 5. Parallel-seq identifies regulatory enhancer mutations in lung tumors

(A) The tracks show the aggregated data for scATAC profiles of Parallel-seq, P300ChIP-seq, H3K27ac ChIP-seq andUBP1ChIP-seq in the regions near SLC2A3.

Loops denote H3K27ac HiChIP loops colored by their q values. The sequences of the putative binding site of UBP1 (containing the mutation site chr12: 8243443)

are shown, along with the binding motif of UBP1.

(legend continued on next page)
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for differential alleles in tumor vs. normal cells and (2) whether

these mutations result in differential expression of the relevant

associated target genes (STAR Methods). We refer to the pairing

of suchmutations and their target genes as ‘‘mutation-gene asso-

ciations’’ (FigureS7A). In total, we identified 320 and 219 enhancer

mutations for LT17 and LT18, corresponding to 884 and 400 mu-

tation-gene associations, respectively (Table S8). Among them,

there were 33 mutations and 13 mutation-gene associations

shared between the two patients (Figures S7B and S7C). The

mutated allele ratio was indeed much higher in tumor cells than

in normal cells (Figure S7D). Many mutations did have additional

supporting evidence from the H3K27ac HiChIP interaction data-

sets63,67 (Figures S7E–S7H, STAR Methods), and many muta-

tion-gene associations involved cancer-related genes, such as

chr20:63641960/DNAJC573 (Figures S7I and S7J).

Among these enhancer mutations identified in LT17 was one

mutation chr12:8243443 associated with SLC2A3 (Figure 5A),

whichwas located in an open chromatin region with a consensus

positive signal of H3K27ac chromatin immunoprecipitation

sequencing (ChIP-seq) and P300 ChIP-seq, and SLC2A3 was

previously reported as an indicator of poor survival in NSCLC.74

The mutation from A to G was associated with significantly

decreased expression of SLC2A3 (Figure 5B). We performed a

motif search and identified that the UBP1 binding motif was en-

riched in this loci; this potential UBP1 binding was also sup-

ported by a ChIP-seq experiment.75 Moreover, the expression

of UBP1 and SLC2A3 are positively correlated (Figure 5C).

Together, these imply that UBP1 probably regulates SLC2A3,

and this mutation may decrease the expression of SLC2A3 in tu-

mor cells by disrupting the UBP1 binding.

Finally, to visualize the cis-regulatory elements and mutations

identified in tumor cells of our lung tumor dataset, we prepared a

Circos plot comprising tracks for peak-gene associations and for

mutation-gene associations, as well as tracks for the scATAC

and scRNA of Parallel-seq (Figure 5D). These results highlight

the capability of Parallel-seq’s joint scATAC-and-scRNA profiles

in identifying enhancer mutations that potentially contribute to

the dysregulation of target gene expression in tumor cells.

DISCUSSION

Parallel-seq achieves simultaneous measurement of chromatin

accessibility and gene expression data in the same single cells.

Parallel-seq combines combinatorial indexing with dsc-seq

technology (currently the two main approaches for high-

throughput single-cell sequencing) using an overloading strategy

that has been adopted by the recently developed dsci-ATAC-

seq,17 scifi-RNA-seq,18 and SCITO-seq.19 Its design allows Par-

allel-seq to reduce the number of combinatorial indexing rounds
(B) Violin plot for the expression of SLC2A3 in epithelial cells, grouped by the alle

interquartile range (IQR). Adjusted p value = 0.0075, two-sided unpaired Student’

(C) Scatterplot of the expression of UBP1 and SLC2A3 in the epithelial cells (N =

relation, and the p value indicates the statistical significance of the correlation.

(D) In the Circos plot, which integrates various data tracks from outer to inner circl

from the ENCODE project, aggregated chromatin accessibility profiles, and gene

associations and mutation-gene associations of chromosome 17 in LT17, with the

in purple, orange, or gray to indicate whether they are supported by H3K27ac and

or not supported by either.
and the consequent loss of target molecules and to reduce dam-

age to cells. This, together with other innovations including the

use of second-strand synthesis,20 in-droplet linear amplification,

and a general permeabilization protocol,21 enables Parallel-seq

to reliably obtain high-quality data from complex samples, doing

so in an ultra-high-throughput and highly cost-effective fashion.

Methods for joint analysis of chromatin accessibility and gene

expression in the same single cells have the potential to reveal

the complex regulatory programs of the diverse cells present in

tumors. However, it is challenging to generate data of sufficiently

high quality for various cell types (immune cells in particular) to

enable association analyses between genomic structural varia-

tions and mutations and the transcriptome in the same cell.

Here, we successfully applied Parallel-seq to 40 lung tumor

and tumor-adjacent samples and obtained over 200,000 high-

quality joint scATAC-and-scRNA profiles, which allowed us to

obtain a more complete picture of for example the CNVs and

eccDNAs within single tumor cells, as inferred from both the

chromatin accessibility and gene expression profiles.

Perhaps most interestingly, the joint scATAC-and-scRNA pro-

files obtained by Parallel-seq enabled us to deduce cell-type-

specific gene expression regulatory events mediated by cis-reg-

ulatory elements for both immune cells (e.g., T cells) and tumor

cells and also supported the identification of mutations located

in open chromatin regions that affect gene expression in tumor

cells. These example analyses based on Parallel-seq data from

lung tumor samples illustrate the power of Parallel-seq as a

tool to investigate genetic and epigenetic factors that affect can-

cer progression (at the cell-type-specific level) and potentially to

reveal vulnerable therapeutic targets.

It should be straightforward to expand the capacity of Parallel-

seq to encompass other analytical modalities such as DNA

methylation,76 histone modifications,77 nascent transcrip-

tomes,78 proteomics,79 and genetic perturbations.80 Of partic-

ular note, a very attractive and readily extension could be the

combination of Parallel-seq with the spatial barcoding81,82 to

enable joint profiling with spatial information. We anticipate

that Parallel-seq is especially well suited for large-scale cancer

analyses and should greatly facilitate the discovery of recurrent

or context-specific genetic and epigenetic regulatory programs

within particular cell types in the TME.

Limitations of the study
While this study has produced encouraging results, we acknowl-

edge that there remain opportunities for further refinement.

First, Parallel-seq’s coverage on the transcriptome and open

chromatin regions is limited. For the scRNA part, the coverage

is currently bias to the 30 end of transcripts, resulting in insuffi-

cient coverage of full-length transcripts. This limitation hampers
le types at chr12: 8243443 in the LT17 patient. White dot: median; black bar:

s t test were used and p value were corrected by Benjamini-Hochberg method.

95) from the LT17 patient. The R value was calculated using Spearman cor-

es, the following information is depicted: the P300 and H3K27ac ChIP-seq data

expression profiles obtained from Parallel-seq. The loops present peak-gene

region chr17: 49,000,000–51,000,000 enlarged. Associations are color-coded

P300 ChIP-seq peaks, supported by either H3K27ac or P300 ChIP-seq peaks,

Cell Systems 16, 101266, May 21, 2025 11



ll
OPEN ACCESS Methods

Please cite this article in press as: Tang et al., Joint analysis of chromatin accessibility and gene expression in the same single cells reveals cancer-
specific regulatory programs, Cell Systems (2025), https://doi.org/10.1016/j.cels.2025.101266
the investigation of alternative splicing events, which were often

dysregulated during tumorigenesis,83 as well as the chara-

cterization of T cell receptor (TCR) and B cell receptor (BCR) rep-

ertoires for T cells and B cells, respectively, which provides vital

information on adaptive immunity in TME.84 Integrating technol-

ogies such as EasySCI-RNA85 and SHERRY286 may help

address this issue. For the scATAC part, �50% of fragments

have identical adapters on both ends, which cannot be success-

fully sequenced.87 This leads to a natural loss of about 50% of

information, significantly affecting the analysis of chromatin

accessibility differences. Adopting techniques such as THS-

seq88 for capturing open chromatin regions may yield more

comprehensive information.

Moreover, we observed a decrease in the data quality of Par-

allel-seq in tumor samples compared with cell lines, a trend also

seen with other methods (Table S10). To improve data quality in

primary samples, several enhancements could be made. These

include performing reverse transcription and RNase digestion

before ATAC-seq to reduce RNA degradation and prevent Tn5

from cutting RNA/DNA hybrids,89 as well as increasing the trans-

posase concentration to enhance transposition efficiency.17

Additionally, fully utilizing the barcoding space of Parallel-seq

requires dozens of samples and a large number of cells for each

sample in a single experiment. This can be challenging for clinical

samples, which often require sophisticated preparation to be

dissociated into cells and/or a long time frame to collect. Alterna-

tively, using nuclei extracted from properly preserved pre-

collected samples could mitigate this challenge.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be

directed to and will be fulfilled by the lead contact, Qiangfeng Cliff Zhang

(qczhang@tsinghua.edu.cn).

Materials availability

This study did not generate new materials.

Data and code availability

d The raw FASTQ files of Parallel-seq data derived from human samples

have been deposited in the Genome Sequence Archive (GSA) for Hu-

man at the National Genomics Data Center (NGDC), under accession

number: HRA006440 and HRA001829. The processed data have been

deposited at OMIX database at NGDC: OMIX009208. Both raw and pro-

cessed data were available upon request for scientific research, in

compliance with the national legal guidelines outlined in the Regulations

of the People’s Republic of China on the Administration of Human Ge-

netic Resources, ensuring the protection of human patient privacy.

The publicly available dataset analyzed in this paper with their accession

number are listed in the key resources table.

d All original code has been deposited at GitHub: https://github.com/

yqshao17/Parallel-seq and Zenodo90: https://doi.org/10.5281/zenodo.

10728191 with the MIT License and is publicly available as of the date

of publication.

d Any additional information required to reanalyze the data reported in this

paper is available from the lead contact upon request.
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-CD45 PE BioLegend Cat#304039; RRID: AB_2562057

Anti-CD3 BV421 BioLegend Cat#317344; RRID: AB_2565848

Anti-EpCAM PE/Cy7 BioLegend Cat#324222; RRID: AB_2561506

Biological samples

Human lung tumor tissues Beijing 301 Hospital N/A

Chemicals, peptides, and recombinant proteins

Dulbecco’s Modified Eagle’s Medium (DMEM) ThermoFisher C11995500BT

fetal bovine serum (FBS) PAN BIOTECH P30-3302

PBS ThermoFisher C10010500BT

Trypsin-EDTA ThermoFisher 25200114

RPMI 1640 Medium ThermoFisher C11875500BT

MACS Tissue Storage Solution Miltenyi Biotec 130-100-008

DMEM/F-12 ThermoFisher 11320033

Liberase TL Sigma Aldrich 05401020001

Elastase Worthington NC9301601

DNase I Sigma Aldrich 11284932001

Dimethyl sulfoxide (DMSO) Sigma Aldrich D2650

UltraPure DNase/RNase-Free Distilled Water ThermoFisher 10977023

Transposase Robustnique M0221

Methanol-free formaldehyde ThermoFisher 28906

Bovine serum albumin (BSA) VWR V0332-100G

1M Tris-HCl pH 7.4 Sigma Aldrich T2663-1L

5M NaCl ThermoFisher AM9759

1M MgCl2 ThermoFisher AM9530G

RiboLock ThermoFisher EO0384

SUPERase,In RNase Inhibitor ThermoFisher AM2694

10% Nonidet P40 Substitute Sigma Aldrich 11332473001

10% Tween 20 Sigma Aldrich 11332465001

Digitonin Sigma Aldrich D141-100MG

10% Triton X-100 Sigma Aldrich 93443

500 mM EDTA ThermoFisher AM9260G

50% PEG 8000 NEB B1004SVIAL

Klenow fragment NEB M0212L

Critical commercial assays

C-Chip Disposable Hemocytometer As One DHC-N01N

1.5 ml Microcentrifuge Tubes Axygen MCT-150-C

70 mm Cell Strainers BIOLOGIX 15-1070

Red Cell Lysis Buffer TIANGEN 4992957

Trypan Blue Solution ThermoFisher 15250061

Cell staining buffer BioLegend 420201

Human TruStain FcX BioLegend 422302

Calcein-AM BioLegend 425201

APC Annexin V BioLegend 640941

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

7-AAD Viability Staining Solution BioLegend 420404

35 mm BD cell strainers BD Falcon 352235

10 mM dNTP NEB N0447L

Maxima H Minus Reverse Transcriptase ThermoFisher EP0753

NEBuffer 3.1 NEB B7203S

T4 DNA ligase Robustnique M0082

RNase Cocktail Enzyme Mix ThermoFisher AM2286

RNAse H Enzymatics Y9220L

Chromium Next GEM Chip H 10x Genomics PN-1000162

Chromium Single Cell ATAC Reagent Kits 10x Genomics PN-1000176

SPRI beads Beckman Coulter B23318

Elution Buffer QIAGEN 19086

Qubit dsDNA HS Assay Kit ThermoFisher Q32851

Agilent High Sensitivity D1000 ScreenTape Assay Agilent 5067-5584 and 5067-5585

Deposited data

Raw and analyzed data This paper GSA: HRA006440 and HRA001829;

OMIX database: OMIX009208

Bulk RNA-seq and ATAC-seq data of K562 cell line Consortium et al.23 ENCODE: ENCFF631TDY

and ENCFF048XLS

scRNA-seq data of K562 cell line Zhao et al.24 GSE188639

scATAC-seq data of K562 cell line Granja et al.25 GSE162690

Joint scATAC-and-scRNA data of cell

lines generated by 10x Multiome, and ISSAAC-seq

Xu et al.15 E-MTAB-11264

Joint scATAC-and-scRNA data of

cell lines generated by SNARE-seq

Chen et al.12 GSE126074

Joint scATAC-and-scRNA data of

cell lines generated by SHARE-seq

Ma et al.14 GSE140203

Joint scATAC-and-scRNA data of

cell lines generated by Paired-seq

Zhu et al.13 GSE130399

Joint scATAC-and-scRNA data of

cell lines generated by sci-CAR

Cao et al.11 GSE117089

scRNA-seq data of T cells generated

by 10x Genomics RNA kit

Zheng et al.41 GSE156728

scATAC-seq data of T cells generated

by 10x Genomics RNA kit

Satpathy et al.3 GSE129785

WGS dataset of K562 cell line Consortium et al.23 GSE176762

H3K27ac HiChIP data of K562 cell line Mumbach et al.63 GSE101498

H3K27ac HiChIP data of lung cancer cells Liu et al.67 GSE166234

ChIP-seq data of UBP1 Partridge et al.75 GSE104247

Experimental models: Cell lines

Human: HEK293T ATCC CRL-3216

Human: HeLa-S3 ATCC CCL-2.2

Human: K562 ATCC CCL-243

Mouse: NIH/3T3 ATCC CRL-1658

Oligonucleotides

See Table S9 for a full list This paper N/A

Software and algorithms

Cutadapt v3.4 Martin91 https://cutadapt.readthedocs.io/en/stable/

STAR v.2.7.0 Dobin et al.92 https://github.com/alexdobin/STAR/releases

samtools Li et al.93 http://samtools.sourceforge.net/
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Parallel-seq pipeline This paper; Mendeley Data https://doi.org/10.5252/zenodo.10728191.

and https://github.com/yqshao17/Parallel-seq

Scrublet Wolock et al.94 https://github.com/swolock/scrublet

MACS2 v2.2.7.1 Feng et al.95 https://github.com/macs3-project/MACS/releases

BEDtools v2.31.0 Quinlan and Hall96 https://github.com/arq5x/bedtools2/releases

Seurat v4 Hao et al.97 https://satijalab.org/seurat/articles/

install_v5.html#install-previous-versions-of-seurat

Scanpy v1.9.6 Wolf et al.98 https://scanpy.readthedocs.io/en/

stable/installation.html

SCALE v 1.1.2 Xiong et al.99 https://github.com/jsxlei/SCALE

Harmony Korsunsky et al.100 https://github.com/immunogenomics/harmony

Cicero Pliner32 https://cole-trapnell-lab.github.io/

cicero-release/docs_m3/

inferCNV Trinity CTAT Project https://github.com/broadinstitute/inferCNV

GSVA H€anzelmann et al.46 https://github.com/rcastelo/GSVA

Circle_finder Kumar et al.56 https://github.com/pk7zuva/Circle_finder

GSEApy Fang et al.101 https://gseapy.readthedocs.io/en/latest/index.html

FIMO Grant et al.102 https://meme-suite.org/meme/doc/fimo.html
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EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cell Culture
HEK293T, HeLa-S3, and NIH/3T3 cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM) (C11995500BT,

ThermoFisher) supplementedwith 10% fetal bovine serum (FBS) (P30-3302, PANBIOTECH) at 37 �Cwith 5%CO2. Cells were rinsed

with PBS (C10010500BT, ThermoFisher) and detached by incubating for 3-5 min at 37 �C with 1 ml of 0.25% Trypsin-EDTA

(25200114, ThermoFisher). K562 cells were cultured in RPMI 1640 Medium (C11875500BT, ThermoFisher) supplemented with

10% FBS at 37 �C with 5% CO2. Detached HEK293T, HeLa-S3, and NIH/3T3 cells and K562 cell suspensions were harvested via

centrifugation, washed with PBS, and counted using a C-Chip Disposable Hemocytometer (DHC-N01N, As One).

Lung tumor sample collection and ethics statement
Tumor samples were collected from resected specimens of 22 patients who were pathologically diagnosed with lung tumor and un-

derwent surgery at the Department of Thoracic Surgery of the Beijing 301Hospital. The paired normal samples were collected at least

5 cm away from the tumor border in the same surgery operation. This study was approved by the Medical Research Ethics Commit-

tee of the Beijing 301Hospital (S2019-310-01), andwritten informed consent was obtained from all participants included in this study.

METHOD DETAILS

Lung tumor sample preparation
Fresh, solid tumor samples for lung tumor and paired normal samples were collected and placed in pre-chilled MACS Tissue Storage

Solution (130-100-008, Miltenyi Biotec) (2–8 �C). The sample was completely covered with the MACS Tissue Storage Solution and

transported from the hospital to the research laboratory. For the dissociation mixture, we used 4677 ml DMEM/F-12 (11320033,

ThermoFisher); 250 ml of 2.5 mg/ml Liberase TL (05401020001, Sigma Aldrich) to a final concentration of 250 mg/ml; 23 ml of

2 mg ml�1 elastase (NC9301601, Worthington) to a final concentration of 9.2 mg/ml; and 50 ml of 10 mg/ml DNase I

(11284932001, Sigma Aldrich) to a final concentration of 100 mg/ml. The tissue was minced using scissors in 1.5 ml Microcentrifuge

Tubes into pieces under 0.4mm. The dissociationmixwas incubated at 37 �Cand rotated horizontally at 90 rpm for 60min. Single cell

suspensions were filtered through 70 mmCell Strainers (15-1070, BIOLOGIX) and centrifuged at 5003g for 5 min at 4 �C. Cells were

resuspended with 1 ml PBS and 3 ml Red Cell Lysis Buffer (4992957, TIANGEN) was added. The mix was incubated at room tem-

perature for 5 min and centrifuged at 5003g for 5 min at 4 �C. Cells were resuspended in 500 ml FBS, then 5 ml cells were aliquoted

andmixed with 5 ml Trypan Blue Solution (15250061, ThermoFisher) for cell number counting with a C-Chip Disposable Hemocytom-

eter. The single cell suspension was diluted with FBS supplemented with Dimethyl sulfoxide (DMSO) (D2650, Sigma Aldrich) to a final

concentration of 10%.

We cryopreserved the cells with each tube containing 1x106 single cells. Before experiments, cells were gently thawed at 37 �C for

5 min and centrifuged at 5003g for 5 min at 4 �C. Cells were resuspended with 80 ml cell staining buffer (420201, BioLegend) and 5 ml

Human TruStain FcX (422302, BioLegend) and incubated for 5 min at 4 �C. The cell mixture was stained by adding 5 ml anti-CD45 PE

(304039, BioLegend), 5 ml anti-CD3 BV421(317344, BioLegend), and 5 ml anti-EpCAM PE/Cy7 (324222, BioLegend) antibody and
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incubated for 15 min at 4 �C with protection from light. The stained cells were washed with 1 ml PBS and centrifuged at 500 3g for

5min at 4 �C. The supernatant was discarded and single cells were resuspendedwith 1mLPBS supplemented with 0.02 mMCalcein-

AM (425201, BioLegend) followed by incubation at room temperature for 15 min while protected from light. Then, cells were centri-

fuged and resuspended with 90 ml Annexin V Binding Buffer, 5 ml APC Annexin V (640941, BioLegend), and 5 ml 7-AAD Viability Stain-

ing Solution (420404, BioLegend), followed by incubation at room temperature for 10min. Finally, we added 400 ml PBS to themixture

and filtered cells with 35 mmBD cell strainers (352235, BD Falcon). Single cells stained as Calcein-AM positive, 7-AAD negative, and

Annexin V negative were sorted with MoFlo Astrios EQ Cell Sorter (Beckman Coulter). We found that tumor cells or T cells may domi-

nate the sequencing data. To balance the sequencing effort on different cell types, we first sorted cells based on their staining with

CD45 and EpCAM antibody into four groups of cells as illustrated in Figure 2A, and balanced their abundance in the input of an

experiment.

Parallel-seq protocol
Transposon preparation

Tn5Merev, Tn5ME-A, Tn5ME-B, and barcoded R1BxME (x for 1-96) were ordered from Sangon Biotech (Shanghai) Co., Ltd. And

sequences are listed in Table S9. Tn5Merev (10 mM) was annealed with 10 mM Tn5ME-B and 10 mMR1BxME of each barcode sepa-

rately with the protocol: denaturing at 95 �C for 2 min, cool to 20 �C with ramp rate of 0.1 �C/s, and hold at 4 �C. To assemble the

barcoded transposons, we combined 2 ml annealed Tn5ME-B (Parallel-seq), 2 ml annealed Tn5ME-R1Bx, 2 ml 10x TPS, 4 ml Trans-

posase (M0221, Robustnique), and 10 ml UltraPure DNase/RNase-Free Distilled Water (10977023, ThermoFisher) and incubated the

mixture at room temperature for 30 min. Assembled transposons were split into 4 ml in each tube for storage nomore than onemonth

at -20 �C.
Fixation

We counted 50k single cells for cell lines or sorted 50k primary cells for lung tumor samples as the starting materials for each tube.

Single cells were centrifuged at 5003g for 5min at 4 �Cand resuspendedwith 250 ml PBS. Fixationswere performed by adding 750 ml

PBS containing 1.33%methanol-free formaldehyde (28906, ThermoFisher) and incubating on ice for 10 min. Then 50 ml 20% bovine

serum albumin (BSA) (V0332-100G, VWR) was added, and the fixed cells were collected by swinging-bucket centrifugation at 10003

g for 3 min at 4 �C followed by fixed-angle centrifugation at 10003g for 1 min. After centrifugation, the cell pellet was on one side of

the 1.5 ml microcentrifuge tubes (MCT-150-C, Axygen) and the supernatant was carefully removed with two pipetting steps without

disturbing the cell pellet. We found that adding BSA and the centrifugation strategy used here helped recovermore primary cells, thus

the centrifugation step in the following protocol used the same strategy if not specified.

Permeabilization

Weprepared the 50ml 2x RSB buffer as described in Omni-ATAC21 by combining 1ml 1MTris-HCl pH 7.4 (T2663-1L, Sigma Aldrich),

200 ml 5M NaCl (AM9759, ThermoFisher), 300 ml 1M MgCl2 (AM9530G, ThermoFisher), and 48.5 ml UltraPure DNase/RNase-Free

Distilled Water. Permeabilization buffer was prepared for fixation by combining 50 ml 2x RSB buffer, 1 ml RiboLock (EO0384,

ThermoFisher), 1 ml SUPERase,In RNase Inhibitor (AM2694, ThermoFisher), 1 ml 10% Nonidet P40 Substitute (11332473001, Sigma

Aldrich), 1 ml 10% Tween 20 (11332465001, Sigma Aldrich), 1 ml 1%Digitonin (D141-100MG, Sigma Aldrich), 5 ml 20%BSA, and 40 ml

UltraPure DNase/RNase-Free Distilled Water for each sample. Wash buffer was prepared by combining 500 ml 2 x RSB buffer, 10 ml

10% Tween 20, 1 ml RiboLock, 50 ml 20% BSA, and 439 ml UltraPure DNase/RNase-Free Distilled Water for each sample. Permeabi-

lization was performed by adding 100 ml permeabilization buffer immediately after removing the fixation reagent and pipetting eight

times, followed by incubation on ice for 5min. After permeabilization, 1mlwash buffer was added into tubes of each sample. The cells

were collected by centrifugation.

Transposition

We prepared the ATAC-seq reaction solution by combining 10 ml 5x LM buffer (M0221, Robustnique), 16.5 ml PBS, 0.5 ml RiboLock,

0.5 ml SUPERase,In RNase Inhibitor, 0.5 ml 10% Tween 20, 0.5 ml 1% Digitonin, and 17.5 ml UltraPure DNase/RNase-Free Distilled

Water for each sample. The permeabilized single cells were resuspended with 46 ml ATAC-seq reaction solution supplemented with

4 ml barcoded transposon (BC1) into each tube. ATAC-seq reaction was conducted at 37 �C at 550 rpmwith a heated lid on the Ther-

momixer. After the ATAC-seq reaction, cells were washed with 949 ml PBS, 10 ml 10% Triton X-100 (93443, Sigma Aldrich), 1 ml

RiboLock, and 50 ml 20% BSA and collected by centrifugation.

In-cell reverse transcription

Weprepared 16 ml suspension solution for each sample by combining 8 ml PBS, 0.5 ml RiboLock, 0.5 ml SUPERase,In RNase Inhibitor,
and 7 ml UltraPure DNase/RNase-Free Distilled Water. The reverse transcription mixture was prepared by combining 8 ml 5 x RT

buffer, 2 ml 10 mM dNTP (N0447L, NEB), 0.5 ml RiboLock, 0.25 ml SUPERase,In RNase Inhibitor, 4 ml Maxima HMinus Reverse Tran-

scriptase (EP0753, ThermoFisher), and 5.25 ml UltraPure DNase/RNase-Free DistilledWater. Then 20 ml reverse transcription mixture

was distributed into each tube and the 2 ml random and 2 ml polyT reverse transcription primers with matched barcode (BC1) were

added into corresponding tubes (Table S9). We resuspended the transposed cells with 16 ml resuspension solution and added them

into barcode matched PCR tubes. The reaction wasmixed thoroughly and the reverse transcription reaction was conducted at 50 �C
for 10 minutes, followed by three thermal cycles (8 �C for 12 s, 15 �C for 45 s, 20 �C for 45 s, 30 �C for 30 s, 42 �C for 120 s, and 50 �C
for 180 s), then incubating at 50 �C for 5 minutes and finally holding at 4 �C. The reverse transcription reactions from different tubes

were combined into one 1.5 ml tube on ice. Cells were centrifuged and washed with 1 ml PBS supplemented with 10 ml 10% Triton

X-100 and 50 ml 20% BSA.
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Preparation of ligation plates

Parallel-seq used a ligation reaction to add second round barcodes (Barcode2). The ligation adapters were annealed before in-cell

barcode ligation by combining 11 mMdscB’ oligos and 12 mMbarcoded dscBxx oligos (Table S9), resulting in a final reaction volume

of 100 ml per well of a 96-well plate. Then we incubated the plate at 95 �C for 2 minutes, cooled it to 20�C at the ramp rate of 0.1�C per

second, and split the plate into 10 ligation plates with each well containing 10 ml barcoded splint ligation adapters.

In-cell ligation

The ligation reaction was conducted using the SPLiT-seq protocol103 without RNase inhibitor. We prepared 2 ml 1x NEBuffer 3.1

(B7203S, NEB) and 2 ml ligation solution (500 ml 10x T4 DNA ligation buffer, 100 ml T4 DNA ligase (M0082, Robustnique), 50 ml

10% Triton X-100, and 1,350 ml UltraPure DNase/RNase-Free Distilled Water). We resuspended the pooled single cells with 1x buffer

3.1 and thoroughly mixed them with the ligation solution. Then 40 ml cells in the ligation mixture were added into each well of the pre-

pared ligation plate. The plate was incubated at room temperature with rotation at 15 rpm for 1 hour. After ligation, 2 ml 500 mMEDTA

(AM9260G, ThermoFisher) was added to eachwell and cells were pooled. The pooled cells were supplemented with 50 ml 10% Triton

X-100 and 50 ml 20% BSA and centrifuged to remove supernatant. Then the cells were washed with 940 ml PBS, 10 ml 10% Triton

X-100, and 50 ml 20% BSA one more time.

RNase digestion

Barcode ligated cells were ready for RNase digestion. We resuspended the cells with RNase digestion reaction (40 ml 5 x RT buffer,

8 ml RNase Cocktail EnzymeMix (AM2286, ThermoFisher), 8 ml RNAse H (Y9220L, Enzymatics), and 144 ml UltraPure DNase/RNase-

Free Distilled Water) and incubated the mixture at 37 �C for 30 min with interval mixing (15s at 300 rpm and 45s hold) on the thermo-

mixer. After digestion, cells were washed by adding 790 ml PBS and 10 ml 10% Triton X-100 and centrifugated. BSA should not be

added in this step because the remaining BSA would aggregate with PEG 8000 in the reaction of the next step.

Second strand synthesis

The cells collected from the RNase digestion step were resuspended with second strand synthesis reaction mixture (40 ml 5 x RT

buffer, 48 ml 50% PEG 8000 (B1004SVIAL, NEB), 20 ml 10mM dNTP, 2 ml 1mM dN-P3short primer (for Parallel-seq) (Table S9),

5 ml Klenow fragment (M0212L, NEB), and 85 ml UltraPure DNase/RNase-Free Distilled Water) and incubated at 37�C for 1 hour

with interval mixing (15s at 300 rpm and 45s hold) on the thermomixer. After second strand synthesis, the cells were washed twice

with PBS containing 0.1 Triton X-100 and 1% BSA. Then the cells were resuspended with 40 ml 0.5x PBS and counted with a C-Chip

Disposable Hemocytometer in trypan blue.

Overloading with Chromium ATAC-seq kit

Theoretically, 1.53 M cells can be loaded into one channel of a Chromium Next GEM Chip H (PN-1000162, 10x Genomics).18 In this

study, 100k cells were centrifuged and resuspended with 7 ml ATAC-seq buffer B and replenished to 15 ml with 1x nuclei buffer. Then,

56.5 ml Barcoding Reagent B, 1.5 ml Reducing Agent B, and 2 ml Barcoding Enzyme (PN-1000176, Chromium Genomics) were com-

bined with the cells and loaded into one channel of a ChromiumNext GEMChip H. After GEMGeneration, the droplets were split into

16 tubes with each tube containing 6.25 ml droplets. Linear amplification was performed as follows: 72�C for 5 mins, 98�C for 30s,

then 12 cycles at 98�C for 10 s, 59�C for 30 seconds, 72�C for 1 min, and hold at 15 �C. Then the cells were combined with droplet

barcodes (BC3).

Parallel-seq libraries construction

Post GEM incubation cleanup was conducted and scaled down as Chromium Next GEM Single Cell ATAC Reagent Kits V1.1. Re-

covery Agent (7.8 ml) was added to each tube and the tubes were gently inverted 10 times to mix. Samples were centrifuged briefly

and 12.5 ml Dynabeads Cleanup Mix was added. The mixture was pipetted five times and incubated for 10 min at room temperature.

The product was elutedwith 81 ml Elution Solution I and split into two parts, 40 ml for scATAC and 40 ml for scRNA. The scATACportion

was cleaned with 1.2x SPRI beads (B23318, Beckman Coulter), and the scRNA portion with 0.8x SPRI beads. scATAC libraries were

amplified with SI-PCR primer B (PN-2000128, 10 x Genomics) and N7xx primers (BC4) (Table S9). RNA-seq libraries were amplified

with SI-PCR primer B (PN-2000128) and P3xx primers (BC4) (Table S9). After amplification, the scATAC portion was cleaned with

1.2x SPRI beads and the scRNA portion with 0.8x SPRI beads. The libraries were eluted with 20 ml Elution buffer (19086,

QIAGEN) and the concentration was determined using a Qubit dsDNA HS Assay Kit (Q32851, ThermoFisher). Each sub-library

was expected to recover more than 20 ng product. Quality control of the libraries was performed with Agilent High Sensitivity

D1000 ScreenTape Assay (5067-5584 and 5067-5585, Agilent).

Sequencing

Parallel-seq libraries were sequenced using an Illumina NovaSeq 6000 Sequencing System with 16-nt i5 index, 8-nt i7 index, and

PE150 sequencing.

Design of the barcodes with phase nucleotides
The cellular barcodes and ligation linkers of Parallel-seqwere recorded in Read1. To balance sequencing nucleotide composition, we

added phase nucleotides between BC2 and the ligation linker. In detail, the 1st-24th barcodes did not have any phase nucleotides

added; the 25th-48th barcodes had one T phase nucleotide added; the 49th-72nd barcodes had two phase nucleotides, CA, added;

and the 73rd-96th had three phase nucleotides, ACA, added. For cells whose barcode2 was 1-24, the BC1 andBC2 should be located

within 36-41 and 11-18th of Read1, respectively. For cells whose BC2 was 25-48, 49-72, or 73-96, the barcode location should be

moved one nucleotide step down. TheBC3 andBC4 correspond to i5 index and i7 index, respectively. The uniquemolecular identifier

(UMI) is located within 1-10 of Read1.
Cell Systems 16, 101266, May 21, 2025 e5



ll
OPEN ACCESS Methods

Please cite this article in press as: Tang et al., Joint analysis of chromatin accessibility and gene expression in the same single cells reveals cancer-
specific regulatory programs, Cell Systems (2025), https://doi.org/10.1016/j.cels.2025.101266
Processing of Parallel-seq data
A customized pipeline was used for processing the Parallel-seq data including preprocessing the reads, parsing barcodes, mapping,

and quality filtering. Briefly, raw reads were trimmed with cutadapt (v3.4)91 to remove general sequencing adaptors. The cell barc-

odes were parsed based on Read1 and a single edit was allowed for each round of barcodes as measured by FREE Divergence.104

We further filtered out reads with mosaic end sequence for scRNA libraries and reads without the sequence for scATAC libraries.

Reads were aligned to the human genome for the human lung tumor sample and a combined genome of human (hg38) and mouse

(mm10) for cell line mixture using STAR92 with paired-end reads served as input for scATAC and Read2 served as input for scRNA.

After mapping, amodified Python script from the SPLiT-seq pipeline103 was used to collapse UMI and quantify the number of UMIs

in the scRNA data or the number of unique fragments in the scATAC data for each barcode combinations. For scATAC data, reads

mapped to mitochondria were removed. Then, a ‘‘knee’’ plot was applied to automatically choose putative cells. Specifically, the

barcode combinations were ranked by their number of unique fragments for scATAC data or the number of UMIs for scRNA data,

and those above the transition point, where there is a dramatical decrease in unique fragments or UMIs, were selected for further

filtering (Figures S1A and S1B).

We further quantified the number of detected genes in the scRNA data, and calculated the the TSS enrichment score15 in the scA-

TAC data, for each unique barcode combination. Following the approaches of the Kun Zhang and Bing Ren groups,12,13 we set cut-

offs >300 unique fragments and TSS enrichment > 6 for scATAC data, and >200 detected genes for scRNA data, to filter out barcode

combinations.

Finally, a digital gene x cell matrix was generated for the scRNA data and a bin x cell matrix was generated by counting the Tn5

insertions on 2-kb bins across the genome for the scATAC data.

We used Scrublet94 to predict doublet probability and remove doublets at the default threshold. For mixed cell line data, cells with

<90% UMIs mapped to one species were regarded as mixed cells.

Comparison of data quality to other methods
We compared Parallel-seq with competing methods, including droplet-based methods 10x Multiome, ISSAAC-seq, and SNARE-

seq, and combinatorial indexing based methods SHARE-seq, Paired-seq, and sci-CAR, using K562, HEK293T, GM12878, and

NIH/3T3 cell lines, and evaluated both data quality (using a pipeline reported in the ISSAAC-seq study15), throughput, and costs.

We only compared the droplet version of ISSAAC-seq in our study. We applied a uniform cutoff of 100 unique fragments for scATAC

data and 100 UMIs for scRNA data across Parallel-seq and other competing methods to ensure a fair comparison of data quality.

Clustering of the joint profiles of lung tumor samples
RNA profiles were processed with Seurat v497 for principal component analysis (PCA) and ATAC profile was processed by SCALE99

for dimension reduction. Briefly, the raw cell-gene matrix was normalized with ‘SCTransform’ and reduced dimensions with

‘RunPCA’ by Seurat v4 with default parameters. Raw ATAC count matrix was input into SCALE (n_top_features=50000, batch_

size=64) and the output adata.obsm[‘latent’] was extracted for further analysis. We found that the latent features of RNA showed

batch effects, while ATAC did not. So, we first removed batch effects of the PCA features of RNA with Harmony100 and then used

the corrected PCA features and SCALE latent features for joint clustering by weighted nearest neighbor (WNN) analysis using Seurat

v4. Uniform Manifold Approximation and Projection (UMAP) was used for visualization. The confusion matrix illustrates the relation-

ship between cell types identified using joint scATAC-and-scRNA profiles, as well as the clusters identified within separate scRNA

and scATAC profiles. The ARI score was used to assess the agreement between the clusters.

Calculation of gene activity scores
We calculated gene activity scores by Cicero as previously described.32 Briefly, Cicero identifies enhancer-promoter associations

based on their co-accessibility. Then gene activity scores are calculated based on the overall accessibility of its promoter and asso-

ciated distal peaks. Gene activity scores (GA) are further transformed by ‘log10(GA*1000000 + 1)’.

CNV analysis
ATACCNVwas estimated as previously described.3 Briefly, insertionswere calculated across the genome by 5Mbinswith a step size

of 1M. Then 100 background regionswith similar GC content were compared to the target region to calculate amplification. RNACNV

was calculated by inferCNV (https://github.com/broadinstitute/inferCNV).

For comparing ATAC and RNA CNV, we first converted features of the inferCNV matrix from genes to bins which are the same as

the bins used in ATAC CNV, by calculating the average data value of genes within one bin as the new score for each bin. Then we

calculated the Spearman correlation of average CNV scores along all bins between ATAC andRNA. Those binswith RNACNV scores

between the 20th and 80th percentile and ATAC CNV scores larger than the 80th percentile or smaller than the 20th percentile were

termed as ATAC-specific CNV regions, while the counterparts were termed as RNA-specific CNV regions. To calculate the ratio of

exonic and intronic regions, we annotated all bins by nucleotide by GENCODE GTF file.

For subclone analysis, we reduced dimensions of ATAC and RNA CNV scores by PCA. Then we used WNN for joint embedding of

ATAC and RNA CNVs and the Leiden method for clustering to identify subclones. For pathway analysis of subclones, we used the R

package GSVA46 to calculate the variation of gene set enrichment of cancer hallmark pathways through cells.
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EccDNA analysis
eccDNAs were identified by Circle_finder56 from scATAC data. Circle_finder identifies eccDNAs from paired-end reads with one end

mapping on the body of an eccDNA and the other end mapping on the ligation junction as a split read. We assigned all eccDNAs to

single cells and classified all epithelial cells into two groups based on whether eccDNAwas detected. Cells with at least one eccDNA

detected are called ‘‘eccDNA cells’’ and cells without eccDNA are called ‘‘Non_eccDNA cells’’. Genes that were specifically ex-

pressed in eccDNA cells were identified by Wilcoxon rank-sum test (adjusted p-value < 0.05, log2 foldchange > 1), and were termed

as eccDNA signature genes. We used GSEApy101 to identify the enriched cancer hallmark pathways from MsigDB105 with eccDNA

signature genes.

Metacells analysis
To reduce the sparsity of single-cell profiles, we first performed high-resolution clustering for each major cell type using Seurat’s

FindClusters function with parameters algorithm = 3, resolution = 50, based on the joint embedding of cells. Then we generated

the metacells by averaging the information of the cells from the same clusters identified by the high-resolution clustering.

Identification of peak-gene associations
For each cluster, peakswere called byMACS295 (–nomodel –shift -75 –extsize 150) on Tn5 insertions. Then the cluster-specific peaks

were merged by BEDtools96 merge and extended to 500 bp. We counted Tn5 insertions on peaks to generate the cell-peak matrix.

To identify peak-gene associations, we calculated mutual information to measure the mutual dependency between gene expres-

sion and peak accessibility. Only peaks within 500 kb from the TSS of the gene were considered.

Specially, we binned the expressions of certain gene g and the chromatin accessibilities of certain peak p across the cells of in-

terest into a fix number of 8 bins, separately, to construct a contingency matrix, and calculated the MI between gene g and peak p

using the following formula with the sklearn.metrics.mutual_info_score function:

MIðU;VÞ =
XjUj

i = 1

XjVj

j = 1

��UiXVj

��
N

log
NjUiXVj

��
jUij

��Vj

��

where jUij is the number of cells in bin i for the expression of gene g, and jVij is the number of cells in bin i for the chromatin acces-

sibility of peak p.

To remove the probable bias toward higher accessibility regions, we calculated Z scores against the background distribution of the

open chromatin regions. Briefly, we generated 100 random peaks as background for each peak with similar accessibility and GC

content. Mutual information between the corresponding gene and background peaks served as the background distribution. The

Z score of the peak-gene association was calculated with

z = ðm � m Þ=s
in which m is the mutual information between the gene expression and peak accessibility, and¯m and s are the average and standard

deviation, respectively, of mutual information between the gene expression and the background peaks. P-valueswere determined by

a one-sided z-test and adjusted by the Benjamini-Hochberg procedure with FDR=0.05.

We conducted regulatory analysis on the K562 dataset fromParallel-seq, 10xMultiome and ISSAAC-seq.15We randomly sampled

the same numbers of cells (180, 350, and 700 cells) from both datasets for the comparison.

For the identification of cell type-specific regulatory events in lung tumors, we first used Scanpy98 to calculate cell type-specific

genes and peaks by Wilcoxon rank-sum test with log2 foldchange > 1 and adjusted p-value < 0.05. Then we identified peak-gene

associations within each cell type and required them to involve either cell type-specific genes or peaks.

Prediction of TF binding motifs at cell type-specific enhancers
To predict the TFs occupied at enhancers, we extracted enhancer sequences with SAMtools93 faidx from the hg38 reference

genome. Then we used Find Individual Motif Occurrences (FIMO)102 to scan motifs in the JASPAR20 database,102,106 with a cutoff

of q value < 0.05.

Identification of mutation-gene associations
We generated allele frequency for each site by pileup output with BAM files using SAMtools on ATAC peaks called from tumor cells.

Those sites with at least two kinds of alleles in all epithelial cells and where each allele occurred in at least five tumor cells were kept

for downstream analysis. Thewild-type allele was identified as the allele that occurred inmore than 80%of normal epithelial cells with

readsmapped to the particular site. For each site, the epithelial cells were grouped by whether they contained amutated or wild-type

allele for differential gene expression analysis using Scanpy. To increase the confidence of mutation-gene associations, we only kept

those genes whose flanking region (500 kb) of TSS contains the mutations as candidates. We then performed a Z-test for each gene,

taking into account the distribution of fold changes observed for all detected genes. The candidate genes with p-values < 0.05 were

deemed to be associated with the mutation site. We further used the average expression of housekeeping genes (ACTB, GAPDH,

PPIA, PGK1) as the control in the illustration.
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Overlap of peak-gene associations and mutation-gene associations with H3K27ac HiChIP data
To evaluate the confidence of peak-gene associations, we mapped the gene promoter and associated peaks to the loops identified

by H3K27ac HiChIP of the corresponding cell line.107 We then compared the overlap with that identified from random peaks by

Fisher’s exact test. The peak-gene associations were significantly enriched in HiChIP loops in the K562 cell line (odds ratio =

7.13, p-value = 10�83) and the GM12878 cell line (odds ratio = 6.82, p-value = 10�37).

For mutation-gene associations identified from lung tumors, mutation-gene associations mapped to HiChIP interactions from any

of the three cell lines (K562, GM12878, and CD4 naı̈ve T cells) were regarded as supported by HiChIP.

Comparison of mutation-gene association analysis between Parallel-seq and 10x Multiome
To evaluate the performance of mutation-gene association analysis across different technologies, we analyzed publicly available 10x

Multiome data from B-cell lymphoma samples (obtained from the 10x Genomics website) and compared it with Parallel-seq data

from lung tumor samples. Although these datasets originate from different tumor types, this comparison provides insights into the

relative capabilities of the two approaches.

For the 10x Multiome dataset, we annotated the major cell types, including B cells, T/NK cells, and macrophages/monocytes (Fig-

ure S7E). Based on CNV analysis, we further classified the B-cell population into 792 normal B cells and 2,436 tumor cells

(Figures S7F and S7G). Using our mutation-gene association identification pipeline, we detected 13,614 mutations, each supported

by at least five cells carrying the wild-type allele and five carrying the mutated allele (consistent with the threshold applied to the Par-

allel-seq data). Among these, 772mutations were associated with differential expression of their corresponding target genes, leading

to 1,670 mutation-gene associations.

For comparison, in lung tumor samples profiled by Parallel-seq, we identified 2,661 and 1,669 mutations in tumor cells from LT17

and LT18 patients, respectively. Among these, 320 and 219 mutations were associated with differential expression of their target

genes, resulting in 884 and 400 mutation-gene associations, respectively.

Approximately 30% of the enhancer mutation-gene associations identified in the Parallel-seq data were supported by H3K27ac

HiChIP, whereas only 10% of those identified in the 10x Multiome dataset had such support (Figure S7H).63,67 Although this com-

parison involves different tumor types, the results suggest that Parallel-seq may provide higher sensitivity in detecting functionally

relevant mutation-gene associations.
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