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Here we present advancements in single-cell combinatorial indexedAssay for Transposase Accessible Chromatin (sciATAC)

to measure chromatin accessibility that leverage nanowell chips to achieve atlas-scale cell throughput (>105 cells) at low cost.

The platform leverages the core of the sciATAC workflow where multiple indexed tagmentation reactions are performed,

followed by pooling and distribution to a second set of reaction wells for polymerase chain reaction (PCR)-based indexing.

In this work, we instead leverage a chip containing 5184 nanowells at the PCR stage of indexing, enabling a 52-fold improve-

ment in scale and reduction in per-cell preparation costs. We detail three variants that balance cell throughput and depth of

coverage, and apply these methods to banked mouse brain tissue, producing maps of cell types as well as neuronal subtypes

that include integration with existing single-cell Assay for Transposase Accessible Chromatin (scATAC) and scRNA-seq

data sets. Our optimized workflow achieves a high fraction of reads that fall within called peaks (>80%) and low cell doublet

rates. The high cell coverage technique produces high unique reads per cell, while retaining high enrichment for open chro-

matin regions, enabling the assessment of >70,000 unique accessible loci on average for each cell profiled. When compared

to current methods in the field, our technique provides similar or superior per-cell information with very low levels of cell-

to-cell cross talk, and achieves this at a cost point much lower than existing assays.

[Supplemental material is available for this article.]

The emergence of single-cell assays has reshaped our understand-
ing of cell types and states, with the ability to profile a wide range
of molecular properties in thousands of single cells. One of these
properties, chromatin accessibility, provides valuable insight into
the regulatory state of cells by producing maps of putative regula-
tory element usage genome-wide. Single-cell assays that capture
this property vary, but the large majority leverage some form of
the Assay for Transposase Accessible Chromatin (ATAC-seq)
(Buenrostro et al. 2013), where a hyperactive transposase is used
to simultaneously fragmentDNA and append sequencing adapters
in a single step referred to as tagmentation. This process is con-
strained to regions of open chromatin, due to the steric hindrance
of nucleosomes, much like the DNase hypersensitivity assays that
precededATAC-seq. There are a number of strategies to achieve sin-
gle cell profiles, themajority of which rely on in situ tagmentation
followed by cell indexing during polymerase chain reaction (PCR),
either in droplets (Lareau et al. 2019; Satpathy et al. 2019) or by the
use of multiple tiers of indexing, that is, single-cell combinatorial
indexing (sciATAC), where indexes are incorporated at both the
tagmentation and PCR stage, without the need to isolate individ-
ual cells (Cusanovich et al. 2015). The primary advantages of
sciATAC is that individual reactions are not required for each indi-
vidual cell, reducing overall costs per cell and enabling high cell
throughput without handling large numbers of microwell plates.

Similarly, the use of nanoliter-scale chips for single-cell
ATAC-seq processing provides several advantages over microwell
plate workflows, and has been previously demonstrated for pro-
cessing individual cells in wells which achieved a nearly 20-fold
improvement over existing techniques at the time (Mezger et al.
2018). The first is a reduction in reagent usage, with a 5184-well
chip using the same reagent volumes as a single 96-well PCR plate,
equating to a 52-fold improvement. This allows for far more reac-
tions to be processed simultaneously. Likemicrowell plates howev-
er, chips can be subjected to additive chemistry, with multiple
rounds of reagent additions to perform distinct processing steps,
something that is either extremely difficult or not possible with
droplet-based workflows. This is particularly valuable for tagmen-
tation workflows, where prior to PCR, nuclei must be ruptured
and library fragments freed from the tightly bound transposase,
ideally using detergents often not compatible with droplet-based
platforms.

We reasoned that the advantages of both combinatorial in-
dexing andnanowell chips can be combined to achieve even great-
er cell throughput and per-cell cost savings. The flexibility of the
ICELL8 instrument for 5184 nanowell chip processing allows for
the deposition of an array of 72 ×72 indexing PCR primers and suf-
ficient volumes to distribute hundreds of preindexed nuclei in
each well with enough remaining volume for subsequent indexed
PCR processing. Here we demonstrate this combined technology
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to produce high-throughput data sets on the mouse brain, as well
as a reduced throughput workflow that achieves high coverage per
cell. Due to the scaling of the PCR reaction on-chip, the costs for
each of these techniques are greatly reduced compared to standard
sciATAC or other single-cell ATAC-seq techniques, providing an
avenue for atlas-scale single-cell ATAC-seq.

Results

Chip-based sciATAC enables 105 cell throughput

To establish proof-of-principle, we implemented a reduced-scale
nanowell sciATAC (sciATACv1) experiment on the lymphoblas-
toid cell line, GM12878, that leveraged 864 indexed tagmentation
reactions performed in microwell plates. Reactions were then
pooled and distributed across 2304 nanowells (48 ×48) of a chip
to a target of 150 preindexed nuclei per well (approximately
350,000 loaded), with each well containing a unique pair of in-
dexed forward and reverse primers in a buffer containing the deter-
gent SDS to facilitate DNA fragment release. The chip was then
sealed and incubated to denature nuclei, histones, and Tn5 trans-
posase, and then reloaded onto the instrument for the addition of
PCR master mix, which also diluted the SDS to limit interference
during amplification. PCR was then performed and all reactions
pooled andpurified prior to sequencing, alignment and processing
using previously established methods (Li and Durbin 2009;
Sinnamon et al. 2019; Thornton et al. 2021). In total, we obtained
95,367 sciATAC profiles with amean passing read count per cell of
5833 (median=3290) at amedian sequencing saturation of 14.8%,
approximated as the percentage of duplicate reads observed out of
the total reads sequenced. A total of 224,399 peakswere calledwith
a median fraction of reads in peaks (FRiP) of 0.71, suggesting high
enrichment for open chromatin regions (Fig. 2E).

We then sought to fully leverage thehigh index space provided
using nanowells by preparing a library from mouse brain tissue us-
ing 9×96=864 indexed tagmentation reactions, facilitated using
liquid handling robotics (Agilent Bravo), and the full 72×72=
5184 nanowells at the PCR indexing stage for a total index space
of 4.48 M (Fig. 1A; Thornton et al. 2021). To examine doublet rates

and thepresence of cross-cell-contamination,we included a spike-in
of ∼5% human cells (K562 cell line). In total, 461,103 mouse cell
profiles were produced, with a mean passing read count of 12,445
(median=3275), equating to a mean properly paired fragment
count of 2227 (median=1116) at a median sequencing saturation
of 30%. Using the read data 622,754 peaks were called, with
97.9% fallingwithin previously calledmouseDNase I hypersensitiv-
ity (DHS) sites (The ENCODE Project Consortium et al. 2020), and
with 72.7% of peaks from the droplet single-cell ATAC-seq
(dscATAC) data set overlapping with our peak calls (Fig. 2F; Lareau
et al. 2019). These peaks produced a median FRiP of 0.59 (0.63
when removing blacklist regions) with an aggregate transcription
start site (TSS) enrichment of 18.20 as measured by ENCODEmeth-
ods and a single-cell enrichment of 5.48 (mean) and 6.26 (median)
using ArchR (Granja et al. 2021). Dimensionality reduction and
clustering produced 24 distinct clusters that were visualized in
two-dimensions and assigned to cell types based on canonicalmark-
er gene accessibility profiles and cell typemodule scoring (Fig. 1B–D;
Korsunsky et al. 2019; Granja et al. 2021). Despite the distinct clus-
ters and passing overall qualitymetrics (Fig. 2A–G;Chen et al. 2018;
Preissl et al. 2018; Lareau et al. 2019; Domcke et al. 2020; Mulqueen
et al. 2021; Thornton et al. 2021), an assessment of the human cell
spike-in revealed an underlying cross-cell contamination rate of
22% (Fig. 2G, left). We suspected that this baseline contamination
was due to retained tagmentation adapters that would typically be
removedduring fluorescence-activatednuclei sorting (FANS),which
is used to deposit preindexed nuclei into microwell plates for in-
dexed PCR. The retained adapters can serve as primers during
PCR, resulting in index swapping; however, because these random
reads are derived fromnumerous cells spanning all cell types, the re-
sult is a low-level background with dominant signal from the true
cell type (Fig. 1E).

Optimized nuclei washing retains high-throughput

with minimal cross contamination

To address the cross contamination observed in our initial experi-
ments, we developed several strategies to remove excess tagmenta-
tion adapters by focusing on optimized washing buffers, along

A

B C D

Figure 1. Nanowell-based sciATAC-seq on mouse brain. (A) Experimental setup and workflow schematic using liquid handling robotics for high-index
tagmentation and nanodispensing into 5184 well chips for PCR-based cell indexing. (B) UMAP projection of >420,000 mouse brain single-cell ATAC pro-
files. (C) Cell type module classification of clusters. (D) Marker gene accessibility plots for clusters.
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with numerous other optimization experiments (Methods;
Supplemental Note S1). We then deployed the workflow,
sciATACv2, on mouse brain tissue with a 5% spike-in of human
K562 cells using 864 tagmentation indexes and the full 5185nano-
wells for PCR indexing, producing a total of 224,986 passing
sciATAC profiles and observed minimal cross-cell contamination
at ∼6% (Fig. 2G, middle). Cell profiles exhibited a mean passing
read count of 14,311 (Fig. 2A, median=9360) at a sequencing sat-
uration of only 3.8%, implying additional sequencing would yield
far greater read counts before the libraries reach a saturation level
that leads to excessive diminishing returns. These data were then
used to call 850,991 peaks, with 97.4% overlapping with annotat-
ed DHS sites, and with 83.8% of dscATAC peaks overlapping with

ours. These peaks resulted in amedian FRiP of 0.66 (Fig. 2E), and an
aggregate TSS enrichment of 13.72 using ENCODE metrics (4.88
mean, 5.28 median per-cell using ArchR). When compared to oth-
er methods (Fig. 2D) the ArchR TSS enrichment is similar to
dscATAC and S3 (Lareau et al. 2019, Mulqueen et al. 2021). An as-
sessment of marker genes associated with the clusters as well as
gene modules confirmed that the clusters represent the major ex-
pected cell types (Fig. 3A) which also corresponded to the expected
cell types present within an scRNA-seq reference data set which
was generated on the isocortex and hippocampus (Fig. 3B–D;
Yao et al. 2021). A number of cell types present in the sciATAC
data are not present in the scRNA-seq data set (non-neuronal, ac-
counting for <1% of cells), resulting in ATAC-only clusters. These

A
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C D

Figure 2. Nanowell-based sciATAC-seq quality metrics. (A) Log10 unique, passing reads per cell for nanowell sciATAC experiments compared to other
single-cell ATAC-seq data sets. Data set legend on right. Data from Thornton et al. 2021 are from the nonspatial control experiment. (B) Log10 projected
unique passing reads at 100% sequencing saturation (i.e., total possible unique molecules). (C) Log10 cell counts produced per preparation. (D) TSS
Enrichment as determined by ArchR for single-cell ATAC-seq data sets. (E) Fraction of reads in called peaks (FRiP) for single-cell ATAC-seq data sets. (F )
Called peak overlap between mouse brain data sets from this study and dscATAC (top) as well as for annotated regulatory elements in mouse (bottom).
(G) Human and mouse aligned read comparisons to assess doublet rates and cross-cell contamination rates for nanowell sciATAC.
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non-neuronal cell types were instead assigned using marker gene
profiles and module scores which produced distinct cell type pat-
terns (Fig. 3E,F; Korsunsky et al. 2019; Granja et al. 2021).

Asymmetrical adapter design produces high-coverage

single-cell ATAC data

We reasoned that the improved tagmentation adapter designs
used in s3-ATAC to produce high-coverage sciATAC profiles
(Mulqueen et al. 2021), may enable improved coverage for our
nanowell sciATAC platform (Fig. 4A; sciATACv3). This design in-
cludes an index on only one of the two adapter molecules that is
immediately adjacent to the transposon recognition sequence as
opposed to indexes on both the forward and reverse adapters; it
also allows for a shorter adapter sequence that results in an im-
proved tagmentation efficiency. We carried out a preparation us-
ing a similar adapter design as s3-ATAC, but without leveraging
the full technique that includes single-adapter tagmentation and
adapter switching (Fig. 2A). This variant, sciATACv3, was carried
out on mouse brain tissue, again including a 5% human cell
spike-in (K562) using a single 96-well plate of indexed tagmenta-
tion and deposited a target of 15 indexed nuclei into each of the
5184 nanowells after performing our optimized washing protocol.
Because of the anticipated complexity increase, we used a single
tn5 plate to reduce the total cell count to economize on sequenc-
ing. This yielded 21,239 sciATAC profiles (19,781mouse, 1458 hu-
man) with 0% detectable cross talk (Fig. 2G). Although the
throughput is lower when compared to previous preparations
that utilized more than 96 tagmentation indexes, the mean read
count per cell was 413,504 (median=324,416), equating to a
mean fragment count of 141,487 (median=168,865) at 48% se-
quencing saturation, achieving a higher coverage than the s3-
ATAC technology on the same tissue. The high information con-
tent of sciATACv3 makes large-scale experiments with cell counts

comparable to sciATACv2prohibitive if they are to be sequenced to
the same depth as the data set presented here, on the order of 1.8 ×
1011 sequence reads; however, the improved complexitywould en-
able large experiments sequenced to lower depth to be done so
more efficiently (i.e., less PCR duplicates at the same unique frag-
ment count).We therefore focused on this smaller-scale data set to
illustrate the unique advantages of the sciATACv3 workflow.

The sciATACv3 data were used to call 512,023 peaks (98.6%
overlapping with annotated DHS sites, with 76.3% of dscATAC
peaks overlapping with ours), with a TSS enrichment of 13.39
(ENCODE; single-cell mean=4.89, median=5.23 via ArchR) and
a FRiP of 0.59 (Fig. 2F). This increased efficiency is due to the im-
proved adapter design and optimized pre-PCR processing (similar
to s3-ATAC, where distributed nuclei are subjected to a longer
incubation prior to PCR to remove the bound Tn5 than can
inhibit amplification), coupled with the increased efficiency due
to reduced reaction volumes. The high cell coverage and FRiP
translate to amean of 71,891 identified accessible loci per cell (me-
dian=66,867), with the top 10% of cells providing chromatin ac-
cessibility information for ≥121,006 peaks. Using these high-
coverage data, we identified 25 clusters after topic modeling, again
representing the major cell types in the mouse brain (Fig. 4B–D;
Supplemental File S1). We then further subclustered the
GABAergic neuron populations into 23 subclusters that we first in-
tegrated with scRNA-seq data which enabled many clusters to be
automatically assigned to subtypes (Fig. 4E,F). The remaining clus-
ters that were not present in the scRNA-seq data set, whichwas not
whole brain, and therefore lacks region-specific subtypes, were as-
signed using marker gene accessibility to produce 23 clusters that
also capture well-defined subtypes (Fig. 5A–D; Supplemental File
S1). Finally, we integrated these data directly with data sets using
the 10x Genomics platform and dscATAC (Lareau et al. 2019).
Most of the resulting clusters were comprised of multiple tech-
niques; however, several were methods-specific for each of the

A

E

DCB

F

Figure 3. sciATACv2 on whole mouse brain. (A) UMAP of 224,986 cells colored by cluster and annotated for cell type class. (B) Integration with mouse
isocortex and hippocampus scRNA-seq neuron-enriched data. As expected, the whole mouse brain ATAC data set (red) includes cell populations not pre-
sent in the RNA data set (blue), predominantly for non-neuronal cell types which were depleted in the RNA data set. (C) Label transfer of scRNA cell type
classes on the integrated UMAP, and shown on the ATAC UMAP (D). (E) Gene module scores used to confirm RNA assignments and annotate clusters pre-
sent only in the ATAC data. (F) Marker gene tracks used as the final confirmation of cell type assignment.
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individualmethods, with comparable numbers ofmethod-specific
clusters for each comparison (Fig. 5E). When performing cluster-
ing on the integrated data set between dscATAC (Lareau et al.
2019) and sciATACv3 data, only 2.3% of cells (n =579 of 25,713)
were present in method-specific clusters (Fig. 5F).

To further explore the benefits of the increased coverage pro-
duced by sciATACv3, we first performed a motif analysis on the
GABAergic neuron subset, identifying key transcription factormo-
tifs that define the subpopulations (Fig. 6A). We then performed
transcription factor footprinting in aggregate over the distinct
GABAergic neuron subtypes for each of thesemotifs and compared
profiles to the GABAergic neuron subsets produced from
sciATACv1 and v2. Overall, the quality was greatly improved for
all factors, including theVip-specificmotif for ARXand Sst-specific
motif for TCF12 (Fig. 6B, all motifs: Supplemental File S2). Taken
together, although the lower-coverage data from the initial version
were able to provide cell type resolution, the improved coverage
provided a far greater ability to perform transcription factor foot-
printing, notably without a significant difference in the FRiP or
TSS enrichment of the experiments.

Integration of high-coverage and high-throughput sciATAC

GABAergic neuron data sets

We next sought to integrate data sets from all three versions to
demonstrate cross–data set cell type and cluster concordance. We

isolated all cells classified as GABAergic neurons from all three ex-
periments andperformed iterative latent semantic indexing (LSI) fol-
lowed by batch correction using Harmony (Korsunsky et al. 2019)
and visualization using UMAP (Fig. 7A). This produced clear separa-
tion of cell groupings comprised of all three experiments. Although
some bias remainedwithin each group, cells were largely assigned to
the same clusters or to adjacent clusters that were readily merged
based on shared cell type markers and module scores (Fig. 7B–E).
The resulting subtype clusters produced clearmarker gene accessibil-
ity profiles, indicating successful integration (Fig. 7F). Integration of
the full data sets that include all cell types was attempted; however,
the large cell count (>670,000) resulted in substantial computational
challenges and iterative LSI could only be performed using a small
number of variable features rather than anoptimized value, resulting
in limited cell type separation. However, there is little added benefit
of the entire data set over cell type subsets which is typically thenext
step in any given analysis workflow.

Discussion

Here, we present a high-throughput platform for profiling single-
cell chromatin accessibility that can achieve a cell throughput in
the hundreds-of-thousands in addition to a workflow capable of
producing high-coverage profiles. The core of the technique is sin-
gle-cell combinatorial indexed ATAC-seq, or sciATAC, where mul-
tiple wells of nuclei are subjected to ATAC-seq library construction
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Figure 4. Single-end indexed nanowell sciATAC produces high-coverage profiles. (A) Single-end indexed adapter design for nanowell sciATACv3. (B)
UMAP of 21,239 mouse brain chromatin accessibility profiles produced using nanowell sciATACv3. Dashed line indicates interneuron cell clusters. (C)
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on intact nuclei, leveraging a transposome complex that contains
a barcode unique to each well. These nuclei are then pooled and
distributed to a secondary set of wells where the probability of
two nuclei with the same tagmentation index is low. The second-
ary wells each contain a unique pair of barcoded PCR primers, thus
providing two rounds of cell barcoding: the tagmentation stage
and PCR stage; the combination of which forms the full cell bar-
code. In prior iterations of sciATAC, the secondary PCR indexing
was performed on a 96-well plate, requiring relatively large reac-
tion volumes; however, in this study we leverage a 5184 nanowell
chip that is processed using the ICELL8 instrument, effectively en-
abling a 52-fold increase at the PCR indexing stage, while requiring
approximately the same PCR reagents as a single 96-well PCR
reaction.

We demonstrated the nanowell-based technologies by profil-
ing bankedmouse brain tissue and included a human cell line con-
trol at a low percentage in order to assess cell cross talk and doublet
rates. Our initial workflow produced very high cell counts, though
with a high cell-cell cross talk due to the absence of a sorting step
that is typical for sciATAC assays that leverage 96-well plates.
During tagmentation, a substantial portion of nuclei rupture, re-
leasing tagmented chromatin into solution that is present when
all tagmentation wells are pooled. Subsequent spin downs to in-
crease the concentration retain this ambient chromatin which is
then disbursed to the subsequent PCR indexing wells. When am-
bient chromatin has the same index as one of the intact nuclei
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Figure 6. Motif and footprinting analyses and comparison of
sciATACv3. (A) Motif enrichment analysis for GABAergic neuron subtypes
using sciATACv3. (B) Transcription factor motif footprinting for select mo-
tifs demonstrates cleaner profiles using the higher-coverage sciATACv3. All
motifs can be found in Supplemental File S2.
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in thewell, it becomes associatedwith that nucleus providing cross
talk from other cells. In spite of this, distinct cell type clusters with
expected marker gene accessibility profiles were identified. To
combat the cross talk, we conducted a series of optimization exper-
iments to remove the ambient chromatin, settling on an improved
washing technique that resulted in a high-throughput preparation
without the cross talk present using the initial workflow design.

We next explored an alternative transposome design
(sciATACv3) that leverages an index on only one of the tagmenta-
tion adapters as opposed to both, which has shown to provide
higher efficiency of tagmentation due to the shorter adapter
lengths. Because this technique requires a unique indexed adapter
for each individual well (as opposed to a unique pair as in the prior
versions: one forward and one reverse), we proceeded with a single
96-plex indexed tagmentation. This produced a preparation with
far higher coverage than other techniques, in line with expecta-
tions of the optimal adapter design. We also suspect that the re-
duced surface area of the nanowells compared to traditional 96-
well plates also conveys an advantage with less opportunities for
material to stick to thewalls of thewells. This preparation also pro-
duced nearly undetectable cross talk and only a single doublet was
identified out of over 20,000 cell profiles. With this low doublet
rate (<0.01% total estimated rate), we could achieve a higher cell
throughput (est. ∼75,000) while maintaining a low collision rate
(est. <2%) by simply loadingmore onto the chip or by the addition
of another 96 indexed tagmentation reactions (est. ∼100–
150,000). This throughput increase would also further reduce the
costs per cell for the sciATACv3 assay, compensating for the added
costs associatedwith the use of commercially obtained transposase
complexes as opposed to those produced in-house. The increased
coverage also meant increased sequencing depth, which would
be a barrier if the throughput reached the 105 range, requiring
on the order of 180 billion raw sequence reads. However, the in-

creased coverage that is possible with the workflow would allow
for more efficient shallower sequencing due to a reduce number
of PCR duplicate reads at an equivalent unique read count.

The primary advantage of our technique is the low cost, at
$0.0026–$0.0053 (USD) per cell for sciATACv1/v2 and $0.056
per cell for sciATACv3, with the primary cost coming from the
nanowell chip itself. These cost estimates include the use of trans-
posase complexes produced in-house; however, recently indexed
transposase complex of the same design leveraged in sciATACv3
have become commercially available, increasing accessibility to
the technique, though likely increasing costs. Even if the cost is
doubled, $0.112 per cell is still very economical when compared
to other commercially available options.

Taken together, sciATAC performed using a nanowell chip for
PCR-based indexing is a viable means of producing atlas-scale sin-
gle-cell ATAC-seq libraries at a lowcost per cell. The technique is ca-
pable of producing very high cell counts, or lower counts with
much higher coverage, providing flexibility to balance these pa-
rameters to the needs of the study. We demonstrated these meth-
ods on frozen mouse brain tissue, achieving comparable ATAC-
seq metrics as other assays with respect to open chromatin enrich-
ment (asmeasured by TSS Enrichment); however, it is important to
note that the primary factor for determining open chromatin en-
richment is the processing of the nuclei prior to the assay, making
the downstream components less relevant for this property. The
data sets produced were able to be directly integrated with existing
single-cell ATAC-seq data sets as well as single-cell RNA-seq data,
confirming cell type and neuronal subtype identities, and validat-
ing the capabilities of the assay to assess cell type composition in
complex tissues. Finally, the assay is directly amenable to sample
multiplexing by leveraging subsets of tagmentation indexes for in-
dividual samples, a property of all combinatorial indexing work-
flows that further contributes to the flexibility of the platform.

A

D E
F

CB

Figure 7. Integration of high-coverage and high-throughput GABAergic sciATAC data sets. (A) Integration of GABAergic neurons from all three exper-
iments colored by sciATAC version, and (B) cluster. (C) Marker gene accessibility profiles for clusters in the combined data set used for subtype identification
along with (D) module gene scores which include region-specific designations. (E) Subtype classifications using both module and marker gene profiles. (F)
Marker gene accessibility tracks for designated subtypes.
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Methods

GM12878 and K562 cell culture and nuclei isolation

We prepared GM12878 and K562 nuclei by aliquoting 2 mL of
cell culture suspension, centrifuging it at 500 rcf for 5:00 to pellet
the cells and exchange the supernatant for cold NIB-H (10 mM
HEPES at pH 7.5 [Sigma-Aldrich H4034], 10 mM NaCl [Fisher
M-11624], 3 mM MgCl2 [Sigma-Aldrich M8226], 0.1% IGEPAL
[v/v; Sigma-Aldrich I8896], 0.1% Tween-20 [v/v, Sigma-Aldrich
P7949], and 1× protease inhibitor [Roche 11873580001]). The
cells were incubated on ice for 15 min in suspension, before be-
ing centrifuged at 500 rcf for 5 min, and washed once with 1 mL
NIB-H before being resuspended in cold NIB-H and counted on a
hemocytometer.

Preparing Takara ICELL8 for sciATACv1

We ran the following custom protocol on the ICELL8: Distribute 35
nL i5 PCR primer (72 barcodes) in 1.7× SDS Tn5 denaturing buffer
(Tn5Dn: 15 uM primer, 0.08235% SDS, 5% BSA); seal and spin
downchip; 35 nL total. Distribute 35nL i7 PCRprimer (72barcodes)
in 1.7× Tn5Dn; seal and spin down chip; 70 nL total. After tagment-
ing and washing nuclei, distribute 50 nL nuclei; seal and spin down
chip; 120 nL total. Nuclei counts loaded for each experiment and
the total output and efficiency can be found in Supplemental
Table S1. Incubate at 55°C for 15 min. Set the chip temperature to
below RT (10°C–20°C). Distribute 1×100 nL dispense of PCR mix
(576 µL KAPA 5× High GC Buffer, 57.6 µL 10 μM dNTP mix, 43.2
µLKAPAHiFi DNApolymerase, 938 µLdH2O) using three filter files.
The filter files were necessary to dispense 100 nL across the entire
chip; we found that two 50 nL dispenses worked equally well with-
out the additional complexity of filter files. Consequently, all fur-
ther experiments were performed without the need for filter files.
Next is to seal and spin down the chip; the current chip volume is
220 nL total. Finally, distribute the remaining PCR master mix as
a 50 nL dispense across the entire chip, without a filter file, then
seal and spin down the chip (the final volume is 270 nL).
Incubate at 72°C for 10 min, then PCR amplify (see Supplemental
Table S2 for ICELL8 dispensing parameters and Supplemental
Table S3 for ICELL8-specific cycling conditions).

Mouse brain sciATAC with GM12878 spike-in

Mouse brain samples were sourced from residual samples collected
by Thornton et al. (2021). Briefly, male C57Bl/6J mice, aged 8 wk
were sacrificed by carbon dioxide primary euthanasia and cervical
dislocation secondary euthanasia. Following euthanasia, the mice
were immediately decapitated and intact brain tissue was harvest-
ed. Harvested tissuewas washed in ice-cold phosphate-buffered sa-
line (PBS; pH 7.4) and submerged in TFM (General Data Company
TFM-C) within a disposable embedding mold (Electron
Microscopy Sciences [EMS] 70183). The embedded brains were
flash-frozen in liquid nitrogen cooled isopentane by lowering
the sample into the isopentane bath, without submerging, within
5 min of embedding. Samples were immediately transferred to dry
ice, paraffin wrapped to delay sample dehydration, and stored in
an airtight container at −80°C. We sampled the brain by laterally
sectioning the embedded brain behind the olfactory bulb to obtain
a coronal section. The brain nuclei were then isolated as described
previously by Thornton et al., by addingNIB-H (10mMHEPES, pH
7.5 [Sigma-Aldrich H4034], 10 mM NaCl [Fisher M-11624], 3 mM
MgCl2 [Sigma-Aldrich M8226], 0.1% IGEPAL [v/v; Sigma-Aldrich
I8896], 0.1% Tween-20 [v/v, Sigma-Aldrich P7949], and 1× prote-
ase inhibitor [Roche 11873580001]) to the section, and homoge-
nizing with a Dounce homogenizer, loose pestle, seven strokes,

incubating 10 min on ice, and repeating the homogenization
with the tight pestle, seven strokes. The lysate was poured over a
40 µM cell strainer, and the nuclei were then counted.
Concurrently, we prepared GM12878 nuclei as described above.
Nuclei were then diluted in fresh TAPS-TD (33 mM TAPS pH=
8.5 [Sigma-Aldrich T5130], 66 mM KOAc [Sigma-Aldrich P1190],
10 mM MgOAc [Sigma-Aldrich M5661], 16% DMF [Sigma-
Aldrich D4551]) 150 nuclei per μL and transferred to 9 ×96-well
plates. One-half of one plate was reserved for the GM12878 spike
in, the remainder were mouse brain nuclei. We then tagmented
with 1.5 µL of 8 µM combinatorially barcoded transposase, incu-
bating for 15 min at 55°C. Following this, the tagmented nuclei
were pooled on ice, washed twice with NIB-H (centrifuging 2×
5:00 at 500 rcf with a 180° rotation of the tube between centrifuga-
tions) and then counted. Thewhole sample (about 585,000nuclei)
was loaded on a prepared ICELL8 chip as described above, with the
exception of using 3×50 nL dispensing steps when adding PCR
master mix (see Supplemental Table S2 for ICELL8 dispensing pa-
rameters). After PCR (see Supplemental Table S3), the library was
removed from the ICELL8 chip by centrifugation at 3750 rcf for
10:00, and then purified using SPRI beads at a 1:1 ratio. The library
was quantified on an Agilent TapeStation using d1000 reagents,
then sequenced on Illumina NovaSeq (two runs).

Optimization of post-tagmentation cleanup using modified

taguchi methods

Experiments were designed to employ Taguchi’s orthogonal arrays
for the sake of efficiency that are detailed in Supplemental Note S1.
We settled on centrifugation with a cushioning buffer composed
of 1× TMG wash buffer (ScaleBio), centrifuging for 10 min at 500
rcf, followed by additional centrifugation if necessary to pellet
the nuclei, then resuspending the nuclei in TMGagain, and centri-
fuging onemore time. Finally, nuclei are resuspended in TMGwith
0.1% Pluronic F-127.

Mouse brain sciATACv2 with K562 spike-in

Mouse brain samples were prepared, and nuclei isolated as above.
K562 nuclei were prepared by centrifuging to remove media, and
resuspending in 1 mL NIB-H on ice for 20 min, followed by centri-
fuging at 550 rcf for 5 min, then washing with 1 mL cold NIB-H
and re-pelleting, before resuspending at 500 nuclei per μL in 1×
TAPS-TD diluted with NIB-H. Both mouse brain and K562 nuclei
were tagmented using a total of nine 96-well plates of combinatori-
cally barcoded transposase in a final volume of 11.5 µL, with 48
wells containing K562 nuclei. Tagmentation was performed at
55°C for 15 min. All nuclei were then pooled on ice, and washed
2× with TMG wash buffer as previously described above. Nuclei
were then quantified on a Bio-Rad TC-20, and we estimated a total
of approximately 500,000. The whole sample was used for loading
to account for dead volume in the ICELL8 system. Approximately
260,000 nuclei were loaded on an ICELL8 chip preloaded with 72
each, barcoded Nextera i5 and i7 PCR primers. PCR was performed
as for the previous experiments, with the exception of increasing
the number of cycles by 2 to account for the lower nuclei density.
Post PCR, we removed the library from the chip by centrifugation
at 3750 rcf for 10:00, and then purified using SPRI beads at a 1:1
ratio. The library was then sequenced on a NextSeq 500 High out-
put run to check the quality of the library, then sequenced on
Illumina NovaSeq (2 runs).

Mouse brain sciATACv3 with K562 spike-in

Mouse brain samples were prepared, and nuclei isolated as above.
K562 nuclei were prepared by centrifuging to remove media, and
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resuspending in 1 mL NIB-H on ice for 20 min, followed by centri-
fuging at 550 rcf for 5 min, then washing with 1 mL cold NIB-H
and repelleting, before resuspending at [800] nuclei per μL in 1×
TAPS-TD diluted with NIB-H. Both the mouse brain nuclei and
the K562 nuclei were then tagmented in a 96-well PCR plate of
sciATACv3 tn5 complexes (ScaleBio), where the K562 nuclei occu-
pied column 12, rows 1–8. Additionally, the tagmentation buffer
had 10 mM D-Glucosamine added, as we found this addition im-
proves nuclei survival during tagmentation. Tagmentation was
performed at 55°C for 17 min, after which nuclei were placed on
ice, pooled, then washed 2× with TMG wash buffer as previously
described above. Nuclei were loaded on an ICELL8 chip preloaded
with 72 Nextera i5 PCR primers and 72 TrueSeq i7 PCR primers.
After PCR (see Supplemental Table S3), the library was removed
from the ICELL8 chip by centrifugation, and then purified using
SPRI beads at a 1:1 ratio. Subsequently, we performed a two-sided
SPRI size selection to remove library molecules >1000 bp, as this
causes suboptimal clustering on the NovaSeq platform. Libraries
were quantified post PCR purification and presequencing with
Qubit fluorometer and Agilent TapeStation d1000. Sequencing
was performed with standard Illumina chemistry, 2 × 75 bp on
Illumina NextSeq 500 and NovaSeq platforms.

Sequencing data preprocessing

The data were prepared using the previously described scitools
package (Sinnamon et al. 2019). Briefly, the sequencing reads
were demultiplexed, and the read names were replaced with the
cell barcode and a unique identifier. We then mapped the reads
to the human (hg38, GCA_000001405.2), mouse (mm10,
GCA_000001635.5), and/or hybrid references (hg38 combined
withmm10) using BWA-MEM (Li and Durbin 2009). The resulting
BAM files were subjected to various quality controls (see Results;
Supplemental File S3), and filtered to remove duplicated reads.
Additionally, we removed all barcodes with less than a specified
number of reads (see Supplemental Table S1).

Cross talk was calculated by mapping data to a hybrid hu-
man/mouse genome. For each cell barcode passing quality/read
count filters, we plotted the mouse and human read counts, re-
moved the middle 1/3 of the range (i.e., 1:2 mouse:human to 2:1
mouse:human) as putative doublets, and then calculated median
human reads in mouse cells and mouse reads in human cells.
The cross talk rate reported is the sum of those two values:

˜CR = (R̃Mouse,R:[0,0.33] [ CellsHuman)+ (R̃Human,R:[0,0.33] [ CellsMouse).

Cell type identification with ArchR

We used the ArchR package for additional cell type identification
(Korsunsky et al. 2019). Arrow file generation was performed
with ArchR version 1.01, as were most analyses. We loaded
the duplicate removed, filtered sequences to create Arrow files,
using TSSParams= list(window=101, flank=200, norm=10).
Subsequently, we processed the data according to the ArchR man-
ual (https://www.archrproject.com/), with the exception of in-
creasing the number of top features used during iterative LSI to
between 600,000 and 1,200,000 (for sciATACv3 and combined
data), as we found that the resulting dimensionality-reduced data
set performed significantly better when clustering and identifying
cell types.

We clustered each sample using default ArchR parameters,
with the exception of removing the max clusters constraint. For
the combined data set, we ran batch correction with the built-in
Harmony function in ArchR. For gross cell type identification
(i.e., GABA/Glutamatergic neurons vs. non-neuronal cell types)

we used a combination of scRNA-seq integration, cross checking
with ArchR’s GeneScoreModule function, which scores clusters
based on aggregate marker gene accessibility. The scRNA-seq was
sourced from the Allen Mouse Brain Atlas, with gene lists primar-
ily based on the Allen Brain Atlas for mouse, as well as the
Linnarsson Adolescent mouse brain atlas (Arlotta et al. 2005;
Zeisel et al. 2018; Tiklová et al. 2019; Samata et al. 2020) (http
://hippocampome.org/php/markers.php). Due to the size of the
data sets, we randomly down-sampled the scRNA-seq to 10,000
cell profiles to prevent ArchR from crashing during integration.
To cross check the scRNA-seq integration results, we used a custom
Python script to plot heatmaps of gene scores versus clusters.
Additionally, we plotted gene accessibility tracks for various mark-
er genes using ArchR. We found that the scRNA-seq integration
with ArchR was generally good for this high-level analysis, when
compared to the marker gene results. For the clusters that are rep-
resented in the ATAC data and not in the RNA data, we found dis-
tinct marker gene profiles as well as gene activities of canonical
markers, demonstrating that they are real cells and not technical
artifacts. Notably, there are no clusters in our analysis that do
not have clear cell type identification by at least two out of five
components between (1) marker gene accessibility, (2) integration
with RNA, (3) gene module scores, (4) gene activity scores, or (5)
integration with other ATAC data. However, we found that our
data were sufficiently large enough to be computationally con-
strained with regards to peak-calling, differential analysis, etc.,
so we instead chose to subset each of our data sets into three broad
types (GABAergic neurons, Glutamatergic neurons, and non-neu-
ronal cells) for further analyses.

For each cell type–specific subset, we reran dimensionality re-
duction (using the same varFeatures parameter for the subset as we
used for the parent library). We then reran clustering and, if neces-
sary, Harmony batch correction where applicable. Next, we plot-
ted UMAP embeddings for each subset. We ran an additional
layer of scRNA-seq integration, constraining the scRNA-seq data
to the same gross cell type. Of notewas our finding that we had ad-
ditional cell types in our scATAC-seq data when compared to our
scRNA-seq reference, specifically subcortical neuron types. We
confirmed this using marker genes for various noncortical cell
types.

For the GABAergic neuron subsets, we also called peaks using
ArchR’s built-in, Tile-matrix-based peak caller. These peak sets al-
lowed us to look atmarker peaks, as well as analyzingmotif enrich-
ment. We calculated motif enrichment for each library
individually, as well as for the combined data set. Finally, we per-
formed motif footprinting for a number of enriched motifs in our
data. Note: We attempted to use ArchR’s integrated MACS2 for
peak calling, however, there is a known ArchR bug where some in-
stallations of ArchR and MACS2 are incompatible for unknown
reasons. Note that the same MACS2 install worked fine when
run outside of ArchR for our peak-based analyses. Additionally,
while we tried calling peaks on the complete, nonsubset libraries,
we ran into an issue where the resulting matrix was simply too
large for R to handle.

Peak-based analysis

We called peaks with MACS2 and used the results to create a cells-
by-peaks matrix (Zhang et al. 2008; Sinnamon et al. 2019). These
data were used as input for the cisTopic3 pipeline (Bravo
González-Blas et al. 2019). We used the topic-cell distribution to
cluster the cells into phenogroups using the Louvain method as
previously described (Levine et al. 2015; Sinnamon et al. 2019).
Using the per-phenogroup gene accessibility data with neuronal
marker genes, we identified putative cell type to phenogroup
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mappings (note, the markers were a subset of the set described be-
low in Archer analysis). This analysis was used to cross check the
ArchR results (Table 1).

Software availability

All code and analyses are available as Supplemental Code and at
GitHub (https://github.com/adeylab/nanowell_sciATAC).
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All raw and processed sequencing data generated in this study have
been submitted to the NCBI Gene Expression Omnibus (GEO;
https://www.ncbi.nlm.nih.gov/geo/) under accession number
GSE218881.
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Table 1. Peak and cell counts for sciATAC experiments

Library Peaks Cells (in subset)

sciATACv1 GABAergic 106,877 275,394
sciATACv2 GABAergic 194,108 42,483
sciATACv3 GABAergic 265,644 3461
Combined v1, 2, and 3 data sets 343,196 288,682

Atlas-scale single-cell chromatin accessibility
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