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Metacells are cell groupings derived from single-cell sequencing data that

represent highly granular, distinct cell states. Here we present single-cell
aggregation of cell states (SEACells), an algorithm for identifying metacells
that overcome the sparsity of single-cell data while retaining heterogeneity
obscured by traditional cell clustering. SEACells outperforms existing
algorithmsinidentifying comprehensive, compact and well-separated
metacellsin both RNA and assay for transposase-accessible chromatin
(ATAC) modalities across datasets with discrete cell types and continuous
trajectories. We demonstrate the use of SEACells to improve gene-peak
associations, compute ATAC gene scores and infer the activities of critical
regulators during differentiation. Metacell-level analysis scales to large

datasets and is particularly well suited for patient cohorts, where per-patient
aggregation provides more robust units for data integration. We use our
metacells to reveal expression dynamics and gradual reconfiguration of the
chromatin landscape during hematopoietic differentiation and to uniquely
identify CD4 T cell differentiation and activation states associated with disease
onset and severity in a Coronavirus Disease 2019 (COVID-19) patient cohort.

Afundamental disconnect currently exists between the cellular reso-
lution of single-cell genomics data and the cluster-level resolution of
most analyses. To overcome the sparsity and noise of these data, tens
of thousands of cells are typically summarized by a small set of clus-
ters. Clustering also makes it feasible to analyze large single-cell RNA
sequencing (scRNA-seq) datasets. As projects such as the Human Cell
Atlas' and the Human Tumor Atlas Network? scale to millions of cells,
even routine dimensionality reduction and visualization tasks strug-
gle with computational complexity. Sparsity and noise are especially

problematicinsingle-cell assay for transposase-accessible chromatin
sequencing (scATAC-seq) data, which capture only trinary zygosity
states at a few thousand of the hundreds of thousands of open chro-
matinregionsinanyindividual cell (Supplementary Fig.1), rendering
aggregation essential.

Atypical cluster, however, is not homogenous (Fig. 1a,b). Moreo-
ver, single-cell data have been shown to reside on a continuum®. For
instance, binning the expression of GATA2, a driver of erythroid fate,
in one cluster of erythroid precursor cells’ demonstrates gradual cell
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state changes within each bin (Fig. 1c). The accessibility landscape of
the GATA2locus suggests that its expression dynamics are enabled by
gradual opening of regulatory elements (Fig. 1d). Such dynamics are
lostin discrete cluster-level analysis.

The concept of metacells*—groups of cells that represent distinct
cellstates, whereby within-metacell variation is due to technical rather
than biological sources—was proposed as away of maintaining statisti-
cal utility while maximizing effective data resolution®. Metacells are
far more granular than clusters and are optimized for homogeneity
within cell groups rather than for separation between clusters. How-
ever, existing approaches® " fail on scATAC-seq data; aggressively cull
outliers (particularly inappropriate for disease studies, which are often
drivenby rare cell populations); and are poorly distributed across the
phenotypic space. Consequently, metacells are not routinely used in
single-cell analysis, and scATAC-seq data have remained underused.

Here we present single-cell aggregation of cell states (SEACells), a
graph-based algorithm that uses kernel archetypal analysis to compute
metacells. We demonstrate that SEACells metacells provide robust,
comprehensive characterizations of sScRNA-seq cell states and that they
successfully describe chromatin cell states at resolutions that enable
theinference of regulatory elements underlying gene expression. Our
metacells achieve asweet spot between signal aggregation and cellular
resolution, and they capture cell states across the phenotypic spec-
trum, including rare states. We further show that our metacells retain
subtle biological differences between samples that are removed as
batch effects by alternative methods and, thus, provide abetter starting
point than sparse individual cells for data integration. SEACells pro-
vides atoolkit for generegulatory inference from scATAC-seq dataand
an effective statistic forintegrating single-cell datafromlarge cohorts.

Results

SEACells identifies metacells across the phenotypic manifold
SEACells seeks to aggregate single cells into metacells that represent
distinct cellular states, in amanner agnostic to data modality. Using
a count matrix as input, it provides per-cell weights for each meta-
cell, per-cell hard assignments to each metacell and the aggregated
counts for each metacell as output. Notably, our approach captures
the full spectrum of cell states in the data, including rarer states. We
base SEACells on a few key assumptions: (1) single-cell profiling data
can be approximated by a lower-dimensional manifold (phenotypic
manifold); (2) much of the observed variability across cells is due to
incomplete sampling; and (3) most cells can be assigned to afinite set
of cell states, each characterized by a distinct combination of active
generegulatory programs.

SEACells takes advantage of graph-based algorithms for manifold
learning that have been proven to capture the cell state landscape in
single-cell genomics data faithfully and robustly>**" 3, The algorithm
first constructs anearest neighbor graph representing the phenotypic
manifold. It then applies archetypal analysis'" to iteratively refine
metacells. Finally, it aggregates counts into a set of output metacells.
Manifold constructionistailored to each data modality, after which the
algorithm can proceed inadata-type-agnostic fashion (Supplementary
Fig.2). We use CD34" cells from early human hematopoiesis to demon-
strate our method (Fig. 1). We use minimum-maximum sampling* for
initialization, whichidentifies aset of representative cell states that are
distributed uniformly across the phenotypic manifold (Fig. 1e) and is
particularly adept at dealing with density differences, thus ensuring the
capture of rare states. These sampled cells are waypoints (multiple per
cell type) that define clear structure in the neighbor graph; however,
the cell states themselves remain somewhat diffuse (Fig. 1f).

To refine metacells, we employ kernel archetypal analysis (Fig. 1g,
Extended Data Fig. 1a and Methods). Archetypal analysis™ is a robust
matrix decomposition technique that has been applied to the data
matrix to identify extreme cell states at the boundaries of cellular
phenotypic space™. Instead, we apply archetypal analysis to the

cell-cell similarity kernel matrix. This kernel projects cells into a
higher-dimensional space wherein two cells are alike only if they share
neighbors and the distances to the shared neighbors are similar. The
stricter similarity conditions imposed by this transformation projects
highly similar cells into tiny clusters, such that boundary cells are the
most similar to every other cell in their cluster, making archetypes in
kernel space good representatives of each unique cellular state. Kernel
archetypal analysis, thus, partitions cells into tight clusters of highly
similar cells (Fig. 1g and Extended Data Fig. 1), conferring tight blocks
along the diagonal of the cell-cell similarity matrix that represent
distinct cell states (Fig. 1h).

SEACells metacells represent accurate and robust cell states
We first evaluated the performance of SEACells on a public multiome
(simultaneous scRNA-seq and ATAC-seq) dataset of peripheral blood
mononuclear cells (PBMCs)"” from 10x Genomics, as a well-studied
system with distinct cell populations. We found that SEACells metacells
are comprehensive, well distributed among cell types and exhibit a
high degree of cell type purity in both RNA and ATAC data (Fig. 2a,b
and Methods). Furthermore, reciprocal projections of RNA and ATAC
metacells demonstrate that metacells of different modalities are highly
concordant (Supplementary Fig. 3a,b and Methods).

Metacells help overcome sparsity, whichis extreme in scATAC-seq
data. Wefound that each SEACells metacell provides amore complete
molecular characterization than individual cells—for example, by
revealing accessibility at known marker genes for major cell types.
Accessibility and expression from metacells, but not most individual
cells, canaccurately distinguish between lymphoid subsets (Fig. 2c and
Supplementary Fig. 3¢,d). Metacells, thus, comprise pure cell types;
they are granular enough to distinguish states within cell types; and
they can be queried with classicalimmune markers.

To test SEACells in a trajectory setting, we collected a multiome
dataset of 6,800 hematopoietic stem and progenitor cells (HSPCs)
from healthy bone marrow sorted for pan-HSPC marker CD34 (Meth-
ods). Similar to PBMCs, metacells are well distributed across all cell
types and span the RNA and ATAC phenotypic manifolds (Fig. 2d). To
determine whether metacell resolution is sufficient to recover gene
expressiondynamics thatarelostin clustering, we applied the Palantir
trajectory algorithm* directly to metacells. Palantir recovered the
known expression and accessibility dynamics of key hematopoietic
genes (Supplementary Fig. 4). As a further challenge, we ran Palantir
on aggregated RNA from metacells computed on the ATAC modality
(Fig.2e and Supplementary Fig.4). The fidelity of captured gene trends
reinforces that SEACells metacells overcome sparsity while retaining
dynamics in systems with continuous state transitions.

We used the CD34*bone marrow and PBMC datasets to assess the
robustness of SEACells (Methods). SEACells resultsin high-confidence
partitioning of cells into distinct metacells (Supplementary Fig. 5),
which are consistent across different initializations (Supplementary
Fig. 6a) and numbers of SEACells (Supplementary Fig. 6b), for both
RNA and ATAC modalities, based on normalized mutual information
(NMI) score’®. Another key performance metricis the ability to capture
rare cell states. SEACells was able to accurately recover rare cell types,
such as plasmacytoid dendritic cells (pDCs) and B cell precursors, in
the PBMC RNA and ATAC modalities (Fig. 2a,b). To further test the abil-
ity of SEACells to identify rare intermediate cell states in continuous
trajectories, we generated asecond multiome dataset representing the
full span of human hematopoiesis and found that SEACells can identify
metacells in the diverse low-density regions that represent rare inter-
mediate cells (Methods and Supplementary Fig. 7). As an additional
assessment of the ability of SEACells to identify rare cell states, we
systematically downsampled the mouse gastrulation atlas'’ (Extended
DataFig.2a) and recovered metacells that are exclusively composed of
celltypes comprisingless than 0.2% of the total population (Extended
DataFig. 2b), demonstrating the sensitivity of SEACells.
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Fig.1| Overview of the SEACells algorithm for cell state identification from
single-cell data. a, scRNA-seq UMAP of 6,800 CD34" sorted hematopoietic
stem and progenitor cells (HSPCs). Cells are colored by cluster. b, Contour
plots of each cluster highlight density and indicate the presence of multiple
cell states within each cluster. Inset: gene-gene covariance matrices reveal that
each state includes multiple distinct gene expression programs. ¢, Left: UMAP
indicating the MEP (megakaryocyte-erythroid progenitor) cluster. Right: when
the MEP cluster is divided into three equal-sized bins based on developmental
progression (top, G1to G3), it reflects imputed expression of GATA2 (known
driver of MEP lineage) (bottom). d, Coverage plots showing GATA2 accessibility
inall MEPs (top), in a single MEP cell (bottom) and in the three bins in c. Right:
expression of GATA2in corresponding cells. Highlighted peaks demonstrate
how accessibility dynamics track with expression dynamics. Information about
dynamics is masked at the cluster level, whereas peak identification in single

cellsistoo noisy. e, UMAP asin a, colored by cell type. The SEACells algorithm for
metacellidentificationisinitialized by waypoints (large red circles), a subset of
cells sampled to uniformly cover the phenotypic landscape. f, Cell-to-cell affinity
matrix computed using an adaptive Gaussian kernel. Cells are sorted by cell types
(top annotation row). Second annotation row shows the SEACells initialization.
g, Schematic of kernel archetypal analysis. The kernel matrix is decomposed

into the archetype matrix Band embedding matrix A. Metacell membership
isidentified based on column-wise maximal values across the matrix A. Inset:
Kernel archetypal analysis partitions cells into clusters of highly similar cells,
making itideally suited to the identification of robust cell states. h, Left: cell-cell
affinity matrix from fbut ordered by metacell assignment. Right: contour plot
overlying UMAP from e, highlighting the distribution of metacells; cells and
contours are colored by metacell assignment.

SEACells empowers gene regulatory inference

Generegulation can be inferred by identifying putative transcription
factor (TF) binding motifs within ATAC-seq read count peaks, which
represent open or accessible chromatin regions. scATAC-seq provides
many observations (cells) with the potential to infer more complex gene
regulatory models at fine resolution’*?, but data sparsity has severely
restricted its utility by restricting most analyses to cluster resolution.
We surmised that SEACells metacells provide anideal tradeoffbetween
fineresolution and sufficient coverage to overcome sparsity for diverse
gene regulatory inference tasks.

Atypical SEACells metacell contains 1.2 million reads, asubstantial
improvement over the 25,000 reads in an individual cell, but still far
fewer than the 50 million reads in a typical bulk sample. To improve
the signal-to-noise ratio in ATAC peak calling, we took advantage of
the characteristic ATAC-seq fragment length distribution (Supple-
mentary Fig. 8a)?*, in which the first and second modes represent
nucleosome-free (NFR) fragments (likely enriched for TF binding
events) and nucleosomes, respectively. Peaks called using all fragments
tend to resolve regulatory elements poorly (Supplementary Fig. 8b).
In contrast, we found that using NFR fragments alone identifies fewer
peaks overall, but these are enriched for potentially TF-bound open
chromatin andinclude many peaks that are obscured when considering
allfragments (Supplementary Fig. 8b,c). Regulatory element identifica-
tion, thus, benefits fromusing NFR fragments rather than all fragments.

Thenexttaskinregulatoryinferenceisto associate each gene with
the elements that regulate it. The correlation between accessibility
and expression across cells has been used to predict the peak set that

regulates each gene using either multiome® or integrated scRNA-seq
and scATAC-seq data*, but datasparsity precludes robust correlation
atthesingle-cell level. Using SEACells metacells from the CD34*bone
marrow ATAC data, we computed correlations between gene expres-
sionand accessibility of each NFR peak within 100 kb of each genein
a core hematopoietic gene set’. Accessibility of the most correlated
peak using ATAC metacells faithfully tracks with gene expression,
representing a substantial improvement over single-cell correlation
(Fig. 3a and Supplementary Fig. 9). For example, the correlation
between peak accessibility and expression in metacells for key eryth-
roid lineage regulator TALI is 0.82, and cells on the erythroid trajec-
tory exhibit the highest values, whereas the correlation is 0.03 at the
single-cell level, with no distinction among erythroid cells (Fig. 3a).

To build a comprehensive map of regulatory elements, we
identified all peaks significantly correlated with a gene compared
to GC-content-matched peaks sampled from the data*® (Methods).
For the key erythroid factor GATA2, single-cell data recover only two
of 11 associations detected using metacells (Fig. 3b). To systemati-
cally explore the accuracy of predicted peak-gene associations, we
computed gene scores® by aggregating the accessibility of all sig-
nificantly correlated peaks and comparing them to gene expression
(Methods). SEACells gene scores are substantially better correlated
than scores derived using the aggregate of all correlated peaks for
both unimputed (Extended Data Fig. 3a-c) and imputed (Extended
DataFig.3d) single-cell data”. SEACells metacells, thus, clearly identify
cis-regulatory elements that are significantly correlated with expres-
sion and likely regulate the corresponding gene.
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Fig.2|SEACells metacells accurately identify cell states and outperform
alternative approaches. a, (i) UMAP of human PBMCs in a10x Genomics
multiome dataset”, derived using RNA data, highlighting cell types and SEACells
metacells. (ii) Distribution of metacells per cell type for the RNA modality.
(iii) Distribution of cell type purity (frequency of the most represented cell type
ineach metacell). High purity represents amore accurate metacell. Boxes and
line represent interquartile range (IQR) and median, respectively; whiskers
represent £1.5x IQR. b, UMAP, metacell and cell type purity distributions of
human PBMCs asin a, using ATAC data from the multiome dataset. ¢, Metacell
accessibility (i) and expression (iii) of CD4 and CD8A accurately distinguish CD8

0 1 0 1
Palantir pseudotime

(green) and CD4 (orange) T cell compartments. Metacell accessibility (ii) and
expression (iv) of TYROBP and CD8A distinguish NK (brown) and CD8 (green)

T cells. Insets: Corresponding single-cell accessibility is too sparse to achieve
the same distinction.d, UMAPs of CD34* HSPCs highlighting cell types and the
SEACells metacellsindependently constructed from RNA (left) and ATAC (right)
data. e, Accessibility (left) and expression (right) of GATAI (erythroid factor)
and MPO (myeloid factor) along the Palantir pseudotime axis representing
hematopoietic differentiation. Palantir was run on RNA aggregates using ATAC
metacells and accurately recapitulates dynamics.

As a proof of principle for regulatory network inference using
SEACells, we devised asimple procedure to infer TF activities. We first
determined the enriched motifs presentin each peak and summarized
the motifscoresin peaks associated with each gene to constructaTF-
genetarget matrix (Fig. 3c and Methods). We then predicted expression
ineach metacell as afunction of this matrix using lasso regression®® and
employed afeature ranking procedure” to determine the TF subset that
best explains the expression profile of each metacell. We applied this
procedure toour CD34" multiome datatoidentify the key TFs along the
erythroid lineage (Fig. 3d,e and Extended DataFig. 4a). TF-target matri-
ces constructed using single-cell associations are extremely sparse and
unreliable compared to matrices constructed using ATAC metacells
(Extended DataFig.4b,c). Using metacell TF-target matrices to predict
expression in each metacell and infer the regulatory activity of each
TF (Extended Data Fig. 4d), we successfully recovered activation by
known erythroid regulators, such as GATAI (ref. 28), GATA2 (ref. 4) and

KLFI (ref.7), and downregulation of stem cell regulators, such as FL/I
(ref.29) and ELFI (ref. 29) (Fig. 3e).In contrast, the common approach
of creating TF-target matrices using pseudobulk profiles of cell type
clusters failed to accurately recover well-known erythroid regula-
tors (Fig. 3e and Extended Data Fig. 4e). Furthermore, our approach
generalizes to other major hematopoietic lineages (Supplementary
Fig.10) and successfully identifies top regulators, demonstrating that
the peak-gene associations identified using SEACells provide arobust
input for regulatory network inference.

Another common strategy for overcoming sparsity is to compute
aTF activity score by aggregating all peaks associated with aparticular
TF (for example, chromVAR*®). To demonstrate that metacells can
improve TF activity inference, we determined chromVAR scores for
all T cell subsets (CD4, CD8 naive and memory) using the PBMC mul-
tiome dataset (Extended Data Fig. 5a). chromVAR scores provide an
alternate data representation, useful for all downstream analyses,
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Fig.3|SEACells empowers a gene regulatory toolkit. a, Spearman correlation
between ATAC metacell-aggregated (top) or single-cell (bottom) gene expression
and accessibility of the most correlated peakin TALI (erythroid), MPO (myeloid)
and /RF (dendritic) marker genes, computed on CD34 multiome data. Each
metacell and single cell is colored based on cell type. b, Accessibility landscape
of erythroid factor GATA2in HSCs, MEPs and erythroid cells (Ery) using NFR (top)
or all ATAC (bottom) fragments. Restricting chromatin accessibility analysis

to NFR fragments improves peak resolution and the association of regulatory
elements with genes. Arcs are colored by peak-gene Spearman correlation (color
values between 0 and 1at right), determined using SEACells ATAC metacells.

Highlighted peaks correlate significantly with GATA2 expression (two-sided
nominal P< 0.1, empirical null distribution). ¢, Left: To construct a TF-target
matrix for TF activity inference, motif scores of motifs within peaks are weighted
by peak-gene correlations, as identified using SEACells metacells, for each gene.
Right: The SEACells-derived TF-target matrix is used to predict the expression
profile of ametacell and to infer TF activities per metacell. d, UMAPs highlighting
metacells of the erythroid lineage, colored by pseudotime. e, Top: activities of
top TFs across metacells of the erythroid lineage using the SEACells-derived
TF-target matrix as input. Bottom: activities of the same TFs derived using the
cell-type-specific TF-target matrix derived from pseudobulk ATAC profiles.

including clustering and visualization. Indeed, chromVAR scores using
metacells accurately distinguish all T cell subsets, whereas single-cell
chromVAR scores fail to distinguish CD8 and CD4 (Extended Data
Fig. 5b). We identified several known compartment-specific TFs that
likely drive cell states within these T cell subsets, including JUNB®, LEF1
(ref.32), FEOMES® and RELA**, whereas single-cell chromVAR scores for
these factors do not distinguish the same populations (Extended Data
Fig. 5c,d). Our results show that SEACells substantially improves the
regulatory toolkit for analyzing and interpreting scATAC-seq data,
including widely used tools such as chromVAR.

SEACells outperforms metacell approaches for RNA and ATAC

Baran et al.® introduced and effectively articulated the metacell con-
cept. Their MetaCell algorithm was demonstrated on healthy systems
and designed around massively parallel single-cell RNA sequencing
(MARS-seq) data, which has a high instance of extreme values®, so it
culls outliers aggressively. However, rare cells often drive disease and
regeneration. We found that MetaCell® discards more than one-third

of all cellsinlung adenocarcinoma scRNA-seq data* (Supplementary
Fig.11a,b), and MetaCell-2 (ref.10) behaves similarly. Another approach,
SuperCell’, is effectively a very fine clustering strategy that adapts
widely used community detection algorithms to generate many small
clusters.

We benchmarked these algorithms using ATAC and RNA modali-
ties from the CD34" bone marrow and PBMC datasets. Because both
MetaCell and SuperCell require a gene count matrix, we aggregated
peaks in the gene body to derive a count matrix for ATAC-seq data.
SEACells was the only algorithm to identify metacells that cover the
entire phenotypiclandscape (Fig.4aand Supplementary Fig.12), likely
due toits minimum-maximum sampling strategy. For ATAC, all other
approaches neglected the majority of cell states by focusing metacells
oncell-denseregions; they failed torepresentimportant lymphoid and
myeloid subpopulationsinbone marrow and to identify coherent cell
statesin PBMCs (Fig. 4a). SuperCell severely undersampled metacells
inlow-density regions (Supplementary Fig.12a) and did not accurately
recover the distinction between different T cell states.
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Fig. 4| SEACells outperforms existing methodsin cell state representation
and correlation of expression and accessibility. a, ATAC modality UMAPs of
CD34"bone marrow (asin Fig. 2d), colored by metacell aggregates identified by
the specified method or colored by cell density. Dots, cells; circles, metacells.

b, Pearson correlation between metacell-aggregated gene expression and
accessibility of the most correlated peak in TALI (erythroid gene), MPO (myeloid
gene), IRF (dendritic gene) and EBFI (lymphoid gene) using the CD34" bone
marrow ATAC metacells called by MetaCell (top), MetaCell-2 (middle) or
SuperCell (bottom). ¢, Metacell metrics measured in the ATAC modality of CD34"

bone marrow multiome data. Top: metacell compactness (average diffusion
component standard deviation; Methods). A lower score indicates more compact
metacells. Bottom: metacell separation (distance between nearest metacell
neighbor in diffusion space; Methods). Greater separation indicates better
performance. Comparisons were carried out on all metacells (n = 86). Two-sided
Wilcoxon rank-sum test; NS: P> 0.05, ****P < 0.0001. Boxes and line represent
interquartile range (IQR) and median, respectively; whiskers represent +1.5x IQR.
NS, not significant.

We evaluated the purity of well-separated cell typesin PMBC data
and found that metacells of both modalities show substantially greater
purity from SEACells than other methods (Extended DataFig. 6a). We
observed similar differences in PBMC cellular indexing of transcrip-
tomes and epitopes by sequencing (CITE-seq) data”, using surface
protein measurements as ground truth (Extended Data Fig. 6b,c).
Notably, peak accessibility and gene expression are also much better

correlated in metacells from SEACells (Supplementary Fig. 9a) than
other methods (Fig. 4b and Supplementary Fig.13).

Anideal metacellis also compact (it exhibits low variance among
constituent cells) and well separated (it remains distant from cells of
a neighboring metacell). We defined metrics for compactness and
separation and found that SEACells exhibits superior performancein
both modalities, for the two benchmarking datasets (Supplementary
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Note 3, Fig. 4c, Extended Data Fig. 7 and Supplementary Fig. 14). Col-
lectively, our results show that metacells generated by SEACells better
represent the catalog of cell states present in the data and are more
homogenous, compact and well separated than alternative methods
across both RNA and ATAC modalities.

SEACells reveals accessibility dynamics in differentiation
Hematopoietic differentiation is characterized by the upregulation
oflineage-defining genes and the downregulation of stemness genes,
driven by changes in chromatin accessibility that enable or impede
TF binding (Fig. 5a). Stem cells exhibit extensive priming of lineage
gene regulatory elements, whereby enhancers are accessible for
lineage-specific expression'®****, We used SEACells to better eluci-
date how the permissive epigenomic landscape of hematopoietic
stem cells (HSCs) dynamically reconfigures to a sharply restricted
landscape in differentiated cells. We identified open elementsin each
ATAC metacell (Extended Data Fig. 8) and then defined the fraction
of gene-associated peaks (Methods) that are open in each metacell,
from O (all peaks closed) to1(all peaks open), asametric of gene acces-
sibility. Our accessibility scores track with gene expression for key
lineage-specific genes (Supplementary Fig.15a,b).

We next examined the accessibility of all highly regulated genes
across cell types. HSCs follow a unimodal distribution centered at
0.5, whereas, for differentiating cells, genes that define the cell’s line-
age gain peaks, and those defining alternative lineages lose peaks
(Fig. 5b,c). The resulting bimodality of differentiated cells is most
clearly observed in the erythroid lineage (Fig. 5b). All other lineages
exhibit long-tailed distributions (Supplementary Fig. 16a,b), but a
similar analysis on unsorted bone marrow mononuclear cells* revealed
more pronounced bimodality (Supplementary Fig. 16c,d), indicat-
ing that the lack of clear bimodality in other lineages was due to our
CD34-sorted data retaining too few mature cells.

We focused on accessibility dynamicsin the erythroid lineage. We
first applied Palantir® to SEACells metacells using the RNA modality
to determine a pseudotime ordering and then examined the acces-
sibility dynamics of highly regulated genes in each metacell along the
pseudotemporal order (Fig. 5d and Methods). This analysis reveals that
epigenomicreconfigurationisitselfgradual and continuous—an obser-
vation that is not apparent using single-cell pseudotime bins (Fig. 5d).
Moreover, the gradual opening and closing of regulatory elements
diverge atlineage-specific loci; genes withincreasing accessibility inthe
erythroid lineage establish erythroid cellidentity and function, whereas
those with decreasing accessibility are enriched for HSC and diverse
other lineage genes, in further support of epigenomic poising in HSCs
(Fig. 5e). Finally, the enrichment of TF motifs in peaks gained and lost in
erythroid differentiation predicts arole for GATA2and PU.1, respectively
(Fig. 5e and Methods), consistent with the known mutual antagonism of
these factorsin the decisionbetween erythroid and myeloid lineages®.

Our results demonstrate that SEACells metacells enable the mod-
eling of gene accessibility dynamics during differentiation, including
the reconfiguration of the hematopoietic chromatin landscape.

SEACells facilitates single-cell cohort integration

Large consortia are generating single-cell datasets of up to tens of
millions of cells and hundreds of individuals**~**, which harbor
substantial batch effects related to sample and collection site. Despite
enormous progress in data integration approaches®™**, biological
variation between individuals is often impossible to distinguish from
technical noise, due in large part to the sparsity of single-cell data.
By aggregating highly similar cells into robust, well-defined bio-
logical states, metacells provide per-sample summary statistics that
better preserve subtle biological differences and distinguish them
from batch effects. We used a dataset of over 175,000 PBMC cells
from 23 healthy donors and 17 patients with critical Coronavirus Dis-
ease 2019 (COVID-19)* to demonstrate how using SEACells metacells
as input to data integration offers marked improvements over using
single cells.

We first identified metacells in each sample (Fig. 6a and Sup-
plementary Fig. 17) and verified that metacell states are consistent
across healthy donors and across patients with COVID-19 (Supple-
mentary Fig. 18 and Methods). We used metacell gene expression
counts for downstream data integration®, clustering® and uni-
form manifold approximation and projection (UMAP) visualization
(Fig. 6b).Sample-level batch effects are severe before integration but
substantially lower in metacells compared to single cells (Extended
Data Fig. 9). Although data integration eliminated sample-level
batch effects in both single cells and metacells (Extended Data
Fig.9c), thessite of sample collection, originally noted as a severe tech-
nical artifact*, remained a strong confounding variable in metacells,
particularlyin CD4" T cells (Extended Data Fig. 9b). To investigate, we
examined differential expression between CD4" T cell metacells col-
lected at different sites and observed coherent biological responses
relevant for these cell types, supporting the existence of meaning-
ful biological differences between sites that should not be removed
(Extended Data Fig. 9d and Methods). We note that each site collected
samples at different timepoints in disease progression, providing a
likely explanation for the observed biological differences and dem-
onstrating that SEACells preserves biological signal in the presence
of substantial technical noise.

Metacells alsoimprove the computational efficiency of analyses,
such as dimensionality reduction and clustering, which are rapidly
becoming infeasible for very large single-cell datasets. We applied
SEACells across the entire COVID-19 atlas*’, spanning 119 samples and
more than 600,000 cells from healthy controls and diverse COVID-19
stages (Supplementary Fig. 19 and Methods). This dataset was sum-
marized by -8,000 metacells, which exhibit high cell type purity
(Supplementary Fig. 19b,c), and required orders of magnitude less
compute time than computation at the single-cell level. Scalability
is particularly important when existing analyses need to be rerun to
incorporate new data; a one-time investment in metacell assignment
avoids compounding the near-exponential increases in runtime
associated with adding cells, for each single-cell-level analysis
(Supplementary Fig. 20).

Fig. 5| Charting chromatin accessibility of hematopoietic differentiation
using SEACells metacells. a, Differentiation along a particular lineage involves
upregulation of lineage-defining genes and downregulation of stemness genes
or genes that define alternative lineages. Left: RNA modality UMAP of CD34 bone
marrow, with erythroid lineage cells highlighted. Middle: UMAPs colored by
expression of erythroid gene KLFI and stem gene LPCAT2, which are upregulated
and downregulated, respectively, during erythroid differentiation. Right:
accessibility landscapes of KLFI (top) and LPCAT2 (bottom), aggregated by cell
type, during erythroid differentiation. b, Distribution of gene accessibility for
all highly regulated genes, for HSCs and for erythroid cells (Ery). Unimodal gene
accessibility in HSCs is reconfigured to abimodal distribution during erythroid
differentiation. ¢, Schematic representation of observed peak dynamics.
Bimodally distributed gene accessibility results from a subset of genes losing

open peaks (top) and another subset gaining open peaks (bottom). d, Chromatin
accessibility distribution of highly regulated genes in all metacells along the
erythroid lineage (left, middle). Each line represents a metacell, colored by

its stage (top) and pseudotime (bottom). The emergence of bimodality is
gradual and continuous. Right: Signal is poorly defined when using single-cell
pseudotime bins rather than metacells. e, Accessibility dynamics of genes that
gain (orange) and lose (blue) open peaks during differentiation from HSCs

to erythroid cells. Trajectory was computed using Palantir, with each line
representing a fit gene trend and circles at bottom depicting pseudotime values
of eachrespective metacell. Middle: results of Gene Ontology analysis using
immune cell gene signatures. Right: Opening peaks are enriched for GATA motifs,
and closing peaks are enriched for PU.1, master regulators of erythroid and
myeloid fates, respectively.
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SEACells identifies T cell response dynamics in COVID-19

We next examined whether SEACells can help identify state changes
between healthy donors and patients with severe COVID-19. We pooled
metacells from all donors and re-applied SEACells to derive metacell

aggregates, or ‘meta’cells’, representing states across all samples
(Extended Data Fig.10a-c). Each meta’cell is a combination of healthy
and COVID-19 metacells, such that the fraction of COVID-19 cells can
be visualized for each state. Our results reveal a spectrum of metacell
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states, from those specific to healthy donors to those exclusive to
COVID-19 (Extended Data Fig. 10c), prompting us to develop a per-
mutation test to identify cell states that differ significantly between
conditions (Fig. 6c and Methods). Analysis at the cell type level, by con-
trast, masks the extensive heterogeneity in individual states (Fig. 6¢).

We focused on CD4T cells, which differentiate into distinct sub-
sets upon activation and differentiation®*, using differential gene
expression analysis at the metacell level toidentify cell-state-defining
genes. Within CD4" T cell meta®cells, this analysis revealed a
fine-grained trajectory of phenotypes enriched in patients with critical
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Fig. 6 | SEACells metacellsidentify dysregulated states in patients with
COVID-19. a, UMAPs showing PBMC profiles and respective metacells for a
subset of healthy individuals and patients with critical COVID-19 (ref. 49). Dots,
cells; circles, metacells. Cells and metacells are colored by cell type. b, UMAPs
showing metacells from different patients integrated using Harmony*. Metacells
are colored by cell type (left), sample (top right) or disease status (bottom

right). ¢, Top: differential abundance of SEACells metacell states in patients with
COVID-19 compared to healthy individuals, computed using a permutation test
(Methods). Significantly differential metacells are plotted as enlarged circles.
Bottom: difference in proportion of cells derived from patients with COVID-19

compared to healthy individuals, analyzed at the cell type level. Nominal Pvalue
derived from an empirical null distribution. d, (i) UMAP of metacell aggregates
(meta’cells). Right: zoom-in on CD4 T cell meta®cells. Three meta’cells enriched
in patients with COVID-19 compared to healthy individuals are highlighted.

(ii) Same as (i), with meta®cells colored by time since disease onset. (iii) Same

as (i), with meta®cells colored by proportion of COVID-19 cells. e, Expression
patterns of T cell activation and differentiation enriched in highlighted CD4

T cell meta’cells. f, Expression patterns of the same genes in (iv) derived using
pseudo-metacells by aggregating cells in the Harmony* batch-corrected low-
dimensional space.

COVID-19, with T cell phenotypes that correspond meaningfully with
disease stage (Fig. 6d,e). For example, ameta’cell enriched in patients
soon after infection (metacell A) contains cells in an early activation
state distinguished by the expression of NF-kB response genes, IFN-a
receptor subunit [FNAR2 and downstreaminterferon-stimulated genes
(IRF7,IRF9,1SG15 and IFITM1I), reflecting T cell responsiveness to type
IIFN, a cytokine associated with viral infections and severe acute res-
piratory syndrome coronavirus 2 (SARS-CoV-2) pathology™ (Fig. 6e).
Ameta’cell enriched in patients with COVID-19 approximately 10 days
after symptom onset (metacell B) comprises Foxp3* Treg cells express-
ing the chemokine receptor gene CCRI0, suggesting recruitment
to the inflamed lung or mucosal epithelium and a role in regulating
inflammation** (Fig. 6e). Finally, a metacell enriched in patients with
persistent severe COVID-19 at day 13 (metacell C) contains cells that
express hallmark T,;17 genes (RORCand CCRé6), reflecting a shift toward
typelllinflammation. Aggregated metacell states are, thus, highly con-
sistent with the known temporal dynamics of gene expression during
T cell response to infection.

By contrast, single-cell data integration did not preserve neigh-
borhoods that constitute CD4" T cell metacells or recover the signal
for disease progression (Extended Data Fig. 10d,e). Furthermore,
aggregating cells in batch-corrected low-dimensional embeddings
(Methods) did not produce the characteristic expression patterns of
disease-associated CD4" T cell metacells (Fig. 6f and Extended Data
Fig. 10f). Differential abundance testing™ at the single-cell level also
failed torecover these dynamics (Extended Data Fig.10g,h). Our results
demonstrate that SEACells can capture biologically meaningful CD4"
T cell subsets, highlighting the transition from the spectrum of active
to quiescent differentiated states during a multi-day viral infection.
We postulate that, although data integration methods aim to make
samples more similar without distinguishing batch from biological
signal, aggregating datainto metacells on the per-samplelevel provides
robust capture of true biological variation between samples. SEACells
canfacilitate the development of integration approaches that use the
summary statistics encoded in metacells to better distinguish biologi-
cal signal from technical noise.

Discussion

SEACellsidentifies robust, reproducible metacells that overcome spar-
sity whileretaining the rich heterogeneity of single-cell data. SEACells
metacells are more compact, better separated and more evenly distrib-
uted across the full cell state landscape than metacells generated by
existing methods. They greatly improve integration across samples
and scaling analysis to large cohort-based datasets. Critically, only
SEACells is currently able to derive cell states from scATAC-seq data
inanaccurate and comprehensive manner, greatly empowering gene
regulatory inference.

SEACells performanceis dueto (1) its representation of single-cell
phenotypes using an adaptive Gaussian kernel to accurately capture
the major sources of variation in the data; (2) its use of maximum-
minimum sampling for initialization to ensure even representation
of cell states across phenotypic space, regardless of cell densities; and
(3) its application of kernel archetypal analysis for identifying highly

interpretable metacells. The adaptive kernel and maximum-minimum
sampling make SEACells particularly adept at robustly identifying
rare cell states, which often represent critical populations that drive
biology or disease.

Whereas gene scores, open regulatory elements and correla-
tions between gene expression and chromatin accessibility cannot
be determined robustly at the single-cell level, they can be computed
for individual metacells. Such improvements in fundamental ATAC
analysis, which currently occurs at the cluster level due to extreme
sparsity, greatly empower our ability to infer top regulators driving
differentiation and enable more sophisticated regulatory network
inference, promising wide utility for SEACells metacells in single-cell
chromatin profiling data.

SEACells provides ascalable solution forintegrating large datasets
from cohorts. Metacells can be computed separately for each sample,
rendering the integration of additional cohort members resource effi-
cient. Despite considerable progress, current integration approaches
are not equipped to distinguish batch effects from subtle biological
differences between individuals. Computing metacells at the sample
level provides amore robust representation of sample-specific biology,
thus serving as better input for data integration. The development of
approaches to estimate gene-gene covariances of the dozens of cells
withineach metacell will help to define metacells as parameterized dis-
tributions and spur the development of dataintegration methods that
use this information. As the COVID-19 data demonstrate, sample-level
sufficient statistics provided by SEACells are well suited to compare dis-
ease states between healthy and normal as well as more nuanced disease
states, suchas progression. SEACellsidentified COVID-19-enriched CD4"
T cell states that are removed by typical batch correction and undetected
atthesingle-celllevel. SEACells metacells serve asrobust cell stateinputs
that facilitate the distinction of biological signal from batch effect—fea-
tures thatenabled our discovery of the T cell state continuum.
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Methods

SEACells algorithm

SEACells is an algorithm for defining metacells—groups of cells that
represent singular cell states—from single-cell data. The SEACells
algorithm assumes that biological systems consist of well-defined and
finite sets of cell states defined by covarying patterns of gene expres-
sion. Observed single-cell data are assumed to be sparse and noisy
measurements of these cell states (current state-of-the-art single-cell
measurement technologies can capture only <10% of transcripts or
<5% of open chromatinregions). Despite the high degree of noise, cells
sampled from the same states are assumed to have closely related phe-
notypes, dueto gene expression patterns and regulatory mechanisms
that define the cell states. SEACells aims to aggregate closely related
cellsintometacellsthat represent them, thereby overcoming single-cell
datasparsity. scATAC-seqdataare particularly limited in utility due to
sparsity. SEACells metacells also provide ascalable representation that
efficiently handles large-scale single-cell data. Although clustering is
widely used to overcome sparsity, clustering masks the substantial het-
erogeneity presentin the data (Fig. 1a—d). SEACells metacells achieve
aresolution that retains heterogeneity while overcoming the sparsity
of single-cell data.

The inputs to SEACells are (1) raw count matrices (for example,
transcript counts for RNA, peak or bin counts for ATAC); (2) a low-
dimensional representation of the data derived using modality-
appropriate pre-processing, such as principal component analysis
(PCA) for RNA; and (3) the number of metacells to be identified. As
output for downstream analyses, SEACells produces groupings of
cells that represent metacells, aggregated metacells-by-feature raw
counts matrices and soft assignments representing groups of highly
related cells.

Thealgorithmis freely available at https://github.com/dpeerlab/
SEACells, in a repository that includes documentation and tutorials
for computing metacells and gene expression—peak accessibility
correlations, ATAC gene scores, open peaks in metacells, gene acces-
sibility scores and TF activity inference using multiome or integrated
RNA and ATAC data.

SEACells comprises five main steps, which are summarized below
and elaborated in the following sections.

(1) Construct a k-nearest neighbor (KNN) graph using Euclidean
distances between cells, computed in the lower-dimensional
embedded space, to represent the phenotypic manifold.

(2) Derive an affinity matrix of cell-to-cell similarities using the
nearest neighbor graph. Distances in the graph are transformed
to similarities using an adaptive Gaussian kernel to account for
the considerable cell density differences in a typical phenotypic
manifold*®®. The affinity or kernel matrix (Fig. 1f) encodes the
non-linear relationships between cells.

(3) Use the kernel matrix as the input for archetypal analysis
(Fig. 1g and Extended Data Fig. 1a). Whereas archetypal analysis
has typically been applied to the data matrix, we apply it to our
kernel matrix, which partitions cells into clusters of highly simi-
lar cells and enables the characterization of the entire pheno-
typic manifold, making it ideally suited to identify robust
cell states (Extended Data Fig. 1b-e). Archetypal analysis
decomposes the data into an archetype matrix comprising
linear combinations of cells that represent cell states on the
phenotypic manifold and a membership matrix that recon-
structs single cells as linear combinations of archetypes
(Fig. 1g and Extended Data Fig. 1a). This procedure partitions
the datain such a way that the cell-cell similarity matrix has
tight block structure along the diagonal; each partitionis a
group of cells that best represents a cell state and defines a
metacell. The number of metacells is specified as an input to
archetypal analysis.

(4) Label groupings identified through archetypal analysis as
SEACells metacells and aggregate single-cell raw counts accord-
ingly to derive a metacell-by-feature count matrix.

(5) Normalize count matrices, which can be used for all down-
stream single-cell analytical tasks, such as clustering, visualiza-
tion, data integration, trajectory inference and ATAC-seq-based
regulatory inference.

Nearest neighbor graph construction. Low-dimensional embedding.
SEACellsrequires alow-dimensional representation of single-cell data
and uses the Euclidean distance between cells in this embedding to
construct the KNN graph. Neighbor graphs are typically computed
in lower-dimensional embeddings of single-cell data owing to their
extreme sparsity and noise, which results from low molecule capture
rates. Werecommend the use of PCA for scRNA-seq and singular value
decomposition (SVD) for scATAC-seq, asisstandard in the field. More
generally, alow-dimensionalembedding canbe derived by using appro-
priate pre-processing and normalization steps for the data modality
of interest (Supplementary Fig. 2). This allows us to be both flexible to
data type and robust to the extensive degree of sparsity and noise in
datatypes, such as scRNA-seq and scATAC-seq. We used the following
pre-processing steps adapted to the characteristics of each technology.

PCA for scRNA-seq. Following standard practice, we perform three
main pre-processing steps using the scanpy®” package: (1) normal-
ize library size by dividing raw counts by total molecules per cell; (2)
log-transformwitha pseudocount of 0.1; and (3) select highly variable
genes. Based onour previous observations for PBMCs and CD34 " bone
marrow datasets, we chose 2,500 highly variable genes for analysis.
This number should be adapted to ensure that all the heterogeneity
is captured in the dataset of interest. Principal components (PCs) are
computed from these highly variable genes, with the number of PCs
beingselected based on proportion of variance explained (typically 50).

SVD for scATAC-seq. We used the ArchR package® to pre-process
scATAC-seq data. Fragment counts for each cell were computed in 500
base genome bins and normalized using TF-IDF*%, and SVD was applied
to normalized counts to derive a low-dimensional embedding. Like
PCA, the number of components was selected based on the proportion
of variance explained (typically 30). As previously observed*, despite
normalization, the first SVD component shows high correlation with
number of fragments per cell (correlation > 0.97) and is excluded from
downstream analysis.

Nearest neighbor graph. AKNN graphis constructed using Euclidean
distanceinthe low-dimensional embedding (PCA or SVD), with single
cellsrepresented by nodes thatare each connected to their most similar
neighbors. The nearest neighbor graph canberepresented asa matrix
D e R™", where nisthe number of cells. D, represents distance between
cellsiandjifthey are neighborsand D; = 0 otherwise. The graph serves
as input for constructing the cell-cell kernel matrix. As default, 50
neighbors are used for the KNN graph, and we previously demonstrated
that the kernel matrix construction is robust to areasonable range of
number of nearest neighbors*.

Other single-cell data types, including multimodal data. The
procedures for computing peak-gene associations, gene scores and
gene accessibility assume the availability of either multimodal data
or integrated RNA and ATAC modalities. Several approaches have
been developed for data integration across modalities'>*, and the
low-dimensional representations derived using multimodal data canbe
used to compute SEACells metacells. Given the kernel representation,
SEACells can also be applied to other modalities, such as CUT&Tag®"*",
or other single-cell chromatin modification measurements® with
appropriate pre-processing. All that is required is a reliable distance
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metric between cells, which can be Euclidean distance in alternative
embeddings.

Construction of the affinity kernel matrix. We transform the distances
inthe neighbor graphtosimilaritiesbetween neighboring cells. Gauss-
ian kernels provide a typical approach for this transformation but
assume that densities in underlying data are approximately uniform.
Single-cell data, however, show remarkable variability in data densi-
ties (Supplementary Fig.7), and low-density regions or rare cell types,
such as stem cells, often represent the most meaningful biology. We
previously demonstrated that an adaptive kernel using neighbor dis-
tance asthescaling factor for each cell, rather than a fixed parameter,
represents phenotypic similarities very faithfully*>'* and, thus, employ
anadaptive (width) Gaussian kernel to determine similarities between
cells in SEACells (Fig. 1f). The adaptive kernel corrects for densities
using the distance to the [-th (/< k) nearest neighbor as a scaling fac-
tor—that s, the scaling factor of cell i is given by g, = distance to [-th
nearest neighbor.
The adaptive Gaussian kernel is then given by

(=)' (- )
M(X[,X') = ;exp _1#
J 2 0; +0;
2n(0; + 05) LY

where x; is the low-dimensional embedding corresponding to cell
i—that is, PCA for scRNA-seq and SVD for scATAC-seq. M € R**"is the
affinity matrix. M; represents the similarity between cells i and j if
they are mutual neighbors and M; = 0 otherwise, and nis the number
of cells. In other words, the Gaussian kernel transforms the cells from
low-dimensional space (dimension = n x p) to a kernel space (dimen-
sion=nxn)suchthatcellsareboth observations and features, and the
‘phenotype’ of an observation (cell) is defined by the neighborhood
similarity structure of that cell in the original low-dimensional space.

Inthis kernel space, two cells (xandy) are embedded close to each
other if they satisfy two conditions:

1. xandyshare neighborsinthe PCA space
2. thesimilarity scores among the neighbors of x and y are similar

Two cells in this transformed dimensional space will be similar
to each other only if they share neighbors and the distances to the
shared neighbors are similar, imposing stricter similarity conditions
between cells.

Kernel archetypal analysis. Overview and optimization function. The
adaptive Gaussiankernel matrix, M € R"*", serves as input toarchetypal
analysis. Archetypal analysis'® performs alinear decomposition of the
kernel matrix. The goalis toidentify aspecified number of archetypes,
each of which is a linear combination of the data points represented
by the archetype matrix (matrix Bin Fig.1g and Extended DataFig.1a).
The datapoints themselves are represented as alinear combination of
the archetypes in a membership matrix (matrix A in Fig. 1g and
Extended Data Fig. 1a) to reconstruct the kernel matrix. The number
of archetypes is substantially lower than the number of data points,
and the lower dimensionality of the archetype and membership matri-
cescreates aninformation bottleneck, ensuring an optimal decomposi-
tion of the data®. The weighted assignments of cells to archetypes are
contained inthe membership matrix, which canbe used to derive cell
partitions that are aggregated to metacells (Fig. 1h). The linear nature
of archetypal analysis ensures maximal interpretability and identifica-
tion of metacells.

Archetypal analysis decomposes the kernel matrix as M = ZA—that
is, the kernel matrix M is represented as a convex combination of a
latentarchetype matrix Z € R™*and cellmembership matrix A € R,
where s <« nis the number of archetypes. As these latent archetypes
are unknown a priori, they are themselves defined as convex

combinations Z=MB of the kernel matrix, M and archetype weight
matrix B € R™%. To ensure that data points are convex combinations of
archetypes, and vice versa, weight matrices A and B must be
column-stochastic, such that their entries are non-zero and columns
sumtol.

Formally, for entries a; € Aand by € B,

N
a;20, Vj=1l.ny az=1
i=1

s
b;>0, Vi=1l.n) b;=1
j=1

Taken together, the objective of archetypal analysis is to find
matrices A, B, such that product MBA forms a faithful reconstruction
of the original kernel matrix M.

The objective of kernel archetypal analysis is to minimize squared
reconstruction error (SRE) as follows:

’TZI SRE = |M — MBA||2 =tr [MTM— 2M™MBA + ATBTMTM]

The number of archetypes, s, representing the number of meta-
cells, is a parameter. See Supplementary Note 1.1 for intuition on why
kernel archetypal analysis best is suited for metacells.

Optimization algorithm for metacellidentification. Archetypes are
anapproximation of the convex hull—that s, they represent the vertices
of a convex polytope that encapsulates most of the data (Extended
DataFig.1e). Asalinear combination of data points, archetypes do not
necessarily represent measured data points themselves, and each cell
isexpressed asalinear combination of theinferred archetypes (Fig.1g).
To aid interpretability and facilitate downstream analysis, metacells
are constructed by (1) computing binarized assignments of cells to
archetypes (of the A matrix) and (2) aggregating single cells assigned to
eachmetacell by summing over raw counts (Fig. 1g). This summarized
metacell matrix is significantly less sparse and noisy and can be used
for more robust downstream analysis.

The objective function for kernel archetypal analysis involves opti-
mizing the non-convex product AB and, thus, has many local minima.
The objective function is, however, convex in A given a fixed B matrix
and vice versa. Therefore, alternating minimization of weight matrices
Aand Bis used to make the problem of solving archetypal analysis more
tractable. Given this, we use the Frank-Wolfe updates to optimize each
weight matrixinturn, as described inref. 15.

Initialization. As archetypal analysis is a non-convex problem, solu-
tions depend on the initialization of archetype and cell assignments'®.
Given the density differences in the phenotypic manifold, random
sampling of cells will lead to significant overrepresentation of initial
points in the high-density regions and severe underrepresentation
of cells in the biologically critical low-density regions. Therefore, we
employ maximum-minimum sampling of waypoints, as previously
described andimplemented®, to initialize archetypal analysis. Givena
set of waypoints, each additional waypoint is chosen to maximize the
distance to the current set—that is, maximize the minimum distance
toany of the pointsin the current set. This ensures that waypoints are
uniformly distributed across the phenotypic manifold irrespective
of density (Fig. 1e). We first derive a diffusion map embedding using
the adaptive Gaussian kernel M. As previously demonstrated*, each
diffusion component (DC) represents an axis of biological variation
inthe data. Waypoints are sampled from each component and pooled
for initialization. The number of components can be chosen by the
eigengap statistic, although, in practice, we observed that the first ten
DCstypically account for biological variability in the data.
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Because maximum-minimum samplingis performed using each
DC, there canbe redundancy inthe cells sampled (thatis, the same cell
may be sampled for multiple components). Therefore, a pre-specified
proportion of waypoints (less than or equal to 1) is selected by maxi-
mum-minimum sampling, and the remaining are computed using a
greedy column subset selectionapproach®. The column subset selec-
tionis afastand greedy algorithmthat seeks toidentify representative
columns from a large dataset by minimizing an objective function,
which measuresreconstruction error of the data matrix. Thus, SEACells
isinitialized by selecting cells that are more likely to be representative
of other cellsin the dataset.

Waypoints are used to initialize the matrix B, after which matrix
Aisupdated, and the process is repeated until convergence (see Sup-
plementary Note 1.2 for convergence criteria).

Metacell construction. Analysis of metacell assignment certainty.
Metacells are identified by binarizing the assignment matrix A. Cell
assignment weights are determined by first zero-ing out ‘trivial’ assign-
mentweights (< 0.05) as aform of regularization and then normalizing
the weights for each cell. The proportion of cells with maximal assign-
ment weight less than 0.5 (gray), between 0.5 and 0.8 (red), between
0.8and 0.9 (yellow) and, finally, greater than 0.9 (green) are shownin
Supplementary Fig. 5. The overwhelming majority of cells have highs
confidence assignments.

Metacell annotation and normalization. Metacells are annotated
as belonging to the most frequent cell type among the constituent
cells. Metacell raw counts can be normalized in a manner analogous
to single-cell data normalization. Metacell counts are divided by the
total counts per metacell and then multiplied by the median of the
total metacell counts to avoid numerical issues. The data are then
log-transformed using a pseudocount of 0.1.

Note about number of metacells. The number of metacellsis specified
as a SEACells parameter. We have determined that SEACells is robust
to awiderange of number of metacells (Supplementary Fig. 6a,b). We
currently use a heuristic default of one metacell per 75 single cells in
the dataset under consideration. However, the appropriate number
islargely dependent on biological structure in the data. For example,
a dataset profiling 10,000 cells from a homogeneous cell line will
be expected to encode less biological structure than a similar-sized
dataset from a more complex biological system, such as a tumor or
differentiating tissue. Thus, we recommend examining initialization
to ensure that cell states span the entire phenotypic manifold. An
additional heuristic, which can be used after optimization, is the num-
ber of metacells associated with each cell (with non-trivial weight).
Ideally, each cell should be strongly associated with only one or two
others, except in the case of highly continuous cell state trajectories.
When a surplus of metacells is specified, the number of cells partially
assigned to multiple metacells increases (Supplementary Fig. 6¢-f).
This distribution can be examined for a possible need to reduce the
number of metacells and has been implemented as a function in the
SEACells GitHub package.

Toolkit for scATAC-seq analysis

A broad array of powerful tools has been developed for interpreting
open chromatin data from bulk ATAC-seq data. However, these tools
cannotbe applied directly to single-cell databecause of their sparsity.
SEACells metacells are aggregates of tightly related cellsand are, thus,
substantially less sparse while faithfully retaining the heterogene-
ity and structure of the data. Here we describe a robust toolkit for
scATAC-seq data adapted from bulk data analysis tools.

Peak calling. Peak calling was performed using ArchR*. ArchR first
clusters single-cell data and uses the MACS2 peak caller®* to identify

peaks separately for each cluster. Each peak is then resized to 500
bases with the peak summit at the center, and overlapping peaks across
different clusters are merged. The merged peaks are again resized to
500 bases.

ATAC-seq data provide a profile of open chromatin regions span-
ning TF binding regions and nucleosomes in non-repressed regions.
The fragment size distribution of ATAC-seq data contains characteristic
modes that reflect the diversity of this information (Supplementary
Fig.8a).Because the first mode represents NFRs, we altered the ArchR
pipeline to identify peaks using only the NFR fragments (fragment
length <147) rather than use the default of all fragments. This change
leads to substantially more sensitive identification of regulatory ele-
ments (Supplementary Fig. 8b,c).

The modified ArchR pipeline is available at https://github.com/
peerlab/ArchR.

Peak-gene associations and gene scores. Although the use of NFR
fragments improves the sensitivity of called peaks, not all identified
peaks represent TF binding events that regulate gene expression (for
example, structural factors such as CTCF also contribute to ATAC-seq
signal). Studies have proposed using the correlation of peak acces-
sibility and gene expression from multiome or integrated ATAC and
RNA data to identify peaks that likely regulate the expression of the
gene”. SEACells metacells provide an ideal resolution to compute
these associations, which are unreliable when computed using sparse
single-cell data. We use metacells identified using the ATAC modality
for building the peak-gene associations.

We adopted the procedure outlined by Ma et al.” to identify sig-
nificant peak-gene associations. For each gene, Pearson correlations
were computed for each peak within 100 kb upstream and 100 kb
downstream of the gene, using the normalized metacell expression
and normalized ATAC accessibility. To assess the significance of the
peak-gene correlation, an empirical background of 100 peaks was
sampled that matched the GC content and accessibility of the peak
under consideration. Peaks were binned into 100 bins separately based
on GC content and accessibility to sample the empirical background.
Any peak with nominal P <1 x 107 was considered a significant peak-
gene association. Peaksidentified using NFR fragments were used for
this analysis. The aggregate accessibility of all peaks associated with
agene was used to determine the metacell gene score.

For single-cell comparisons, normalized single-cell expression
and normalized single-cell accessibility were used for determining
peak-gene associations. Gene scores for single-cell ATAC were com-
puted using the ArchR defaults.

Inference of TF activity using metacells. To use the peak-gene
associations, we provide a simple gene regulatory network (GRN)
approach for TF activity inference, used toidentify key TFs that relate
todifferent cell types (Fig. 3c,d, Extended DataFig. 4 and Supplemen-
tary Fig. 10).

FIMO® was used for motif identification in all peaks, based on
the cisBP human v2 motif set®®. For each gene g, we identified the
subset of peaks, Sg, whose accessibility correlates with expression of
a proximal gene (P< 0.1, correlation > 0.1), using SEACells metacells.
Wethen constructed a TF-target matrix G € R"*™, where nis the num-
ber of genes, and mis the number of TFs using the FIMO scores within
gene-peak correlations (Fig. 3¢c). Specifically for agene gand TF ¢, we
define

G = Ekegg Ckg * Fie
Ty g
keSg “kg

where ¢ is the Pearson correlationbetween accessibility of peak k and
genegacrossall metacells, and F;,is the FIMO score for transcription tin
peak k. The TF-target matrix Gis used toinfer TF activities usinglasso
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regression (Fig. 3c). Specifically, we use lasso regression® to predict the
expression profile of each metacell along the lineage as a function of G:

. 2
min,, Zg (Vg —ws-Gg)” + AZ[ |weel,

where y, € R"is the expression profile of a metacell; w, € R*"is the
inferred vector of TF weights for metacellss; and Ais the regularization
parameter. The regularization parameter is chosen by ten-fold
cross-validation. The L1 penalty of lasso regression pushes most of the
TF coefficients to 0 and has been extensively used in previous studies
toidentify regulators of gene expression® "%,

We then computed TF activities using the lasso regression coef-
ficients. Specifically, we computed a TF activity matrix M € R X, where
sisthe number of metacells, as follows:

Mrs = (Zg (yg - z:i:1.4m (wSi * Ggi))2

2 .
- Zg (yg - Z:i=1.4m s.ti<>m (wSi * Ggi)) ) * Sign (W)

In other words, TF activity is measured as the increase in the mean
predictionerror whenthe TF is excluded fromthe inferred model. The
activity isweighted by the sign of the coefficient to indicate direction-
ality of regulation (positive means upregulation and negative means
downregulation of targets). Our previous studies demonstrated that
the scores inferred using prediction error are more representative of
TF activities than the regression coefficients themselves because each
TF has a variable number of targets”.

chromVAR using SEACells metacells and single cells. chromVAR™
isawidely used tool for predicting TF activity from scATAC-seq data. It
provides a per-cell deviation score for a TF by computing whether the
peaks predicted to containits binding motif have greater accessibility
compared to a GC-matched background peak set. The algorithm was
run using default parameters and the chromVAR ‘human_pwms_v2’
motif database. chromVAR scores were computed using aggregated
fragment counts for metacells and single-cell fragment counts for
single-cell data. Similarly to the single-cell data analysis, chromVAR
scores were firstreduced to 50 PCs using knee-point analysis. PCs then
served as input to UMAPs for visualization.

Metacell peak calling. Identification of the set of open regulatory
elementsis practically implausible at single-cell level due to noise and
sparsity. SEACells metacells, however, provide enough fragments per
cell state to enable the identification of open regulatory elements in
each state. We observed that de novo peak calling in each metacell
results in loss of sensitivity (Extended Data Fig. 8). Therefore, we use
the peaks identified by ArchR across all cells as an atlas to determine
the subset of peaks openin each metacell.

A procedure inspired by MACS2 is used to identify open regula-
tory elements in metacells because the peaks themselves were called
by MACS2. The fragments mapping to peaks are modeled as a Poisson
distribution. The mean of the Poisson distribution for a metacell sis
estimated using®*

Width (peaks) * Total fragments in s
B Effective genome length

Because all the widths are identical, the first term of the numerator
issetto 500. Rather than use the whole genome length as the denomi-
nator, effective genome length was set to be num. of peaks x 5,000,
amore stringent local estimate of the mean as proposed in MACS2.
For a peak p in metacell s with n fragments, Ais used to estimate the
Pvalue of observing more than nfragments, and pis considered open
insifP<1x1072

We noticed that some of the ATAC metacells had low overall frag-
ment counts; therefore, we computed fragments per peak and total
fragments from the two nearest metacells. We apply this procedure
for all metacells to avoid any biases.

Gene accessibility scores. Gene accessibility scores for a gene and
metacell are defined as the fraction of gene-associated peaks that are
open (Fig. 4b). Gene accessibility scores range from O (all correlated
peaks closed) to1 (all correlated peaks open).

Gene Accessibility (Gene g, Metacell m)

__ No. of open peaks in s correlated with expression of gene g

No. of peaks correlated with expression of gene g

Multiome data generation

CD34" bone marrow cells. Cryopreserved bone marrow stem/pro-
genitor CD34" cells froma healthy donor were purchased from AllCells
(ABMO22F) and stored in vapor phase nitrogen. The sample wasimme-
diately thawed at 37 °Cinawater bath for 2 minutes with gentle shaking,
and vial contents (1 ml) were transferred to a 50-ml conical tube. To
prevent osmoticlysis and ensure gradual loss of cryoprotectant, 1 ml of
warm medium (IMDM with10% FBS supplement) was added dropwise
after washing the storage vial while gently shaking the tube. Then, the
cell suspension was serially diluted five times with 1:1volume additions
of warm complete growth medium with 2-minute wait between addi-
tions. The final -32-ml volume of cell suspension was pelleted at 300g
for 5 minutes. After removing the supernatant, cells were washed once
with10 ml of warm mediaand twice inice-cold 1x PBS with 0.04% (w/v)
BSA supplement to remove traces of medium. Cell concentration and
viability were determined with a Countess Il Automatic Cell Counter
using the 0.4% trypan blue staining method.

Single Cell Multiome ATAC + Gene Expression was performed with
a10x Genomics system using Chromium Next GEM Single Cell Multi-
ome ReagentKit A (cat.no.1000282) and ATACKit A (cat.no.1000280)
following the Chromium Next GEM Single Cell Multiome ATAC + Gene
Expression Reagent Kit user guide and demonstrated protocol—Nuclei
Isolation for Single Cell Multiome ATAC + Gene Expression Sequenc-
ing.Inbrief, 200,000 cells (viability 95%) were lysed for 4 minutes and
resuspended in diluted nuclei buffer (10x Genomics, PN-2000207).
Lysis efficiency and nuclei concentration were evaluated on a Countess
Il Automatic Cell Counter by trypan blue staining. Intotal, 9,660 nuclei
were loaded per transposition reaction, targeting recovery of 6,000
nuclei after encapsulation. After transposition, reaction nuclei were
encapsulated and barcoded. Next-generation sequencing libraries
were constructed following the user guide, which were sequenced on
anIllumina NovaSeq 6000 system.

T-cell-depleted bone marrow cells. Cryopreserved bone marrow
cells from a healthy donor were purchased from AllCells (ABMOO7F)
and stored in vapor phase nitrogen. The sample was immediately
thawed at 37 °Cin awater bath for 2 minutes with gentle shaking, and
vial contents (1 ml) were transferred to a 50-ml conical tube. To prevent
osmotic lysis and ensure gradual loss of cryoprotectant, 1 ml of warm
medium (IMDM with 10% FBS supplement) was added dropwise after
washing the storage vial while gently shaking the tube. Then, the cell
suspension was dropwise diluted to 15 ml by the addition of warm
complete growth medium. The final 15-ml volume of cell suspension
was pelleted at room temperature, 400g for 5 minutes. After removing
the supernatant, cells were washed once with 1 ml of Cell Staining Buffer
(CSB) (BioLegend, 420201), centrifuged again at 400g for 5 minutes
at4°Candresuspended in100 pl of CSB. Concentration and viability
were determined with a Countess Il Automated Cell Counter using the
0.4% trypan blue staining method. Cells were incubated with Human
TruStain FcX (Fc Receptor Blocking Solution) (BioLegend, 422301)
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for 10 minutes at 4 °C. After blocking, cells were stained with CD3
monoclonal antibody (UCHTI) (PE-Cyanine7, eBioscience, 25-0038-42)
1:100 for 20 minutes at 4 °C. Cells were washed twice with CSB before
fluorescence-activated cell sorting (FACSymphony S6, BD Biosciences)
where CD3 cells were collected. Sorted cells were concentrated, and
countand viability were determined with a Countess Il Automated Cell
Counter using trypan blue staining.

Single Cell Multiome ATAC + Gene Expression was performed with
a10x Genomics system as described above. In total, 300,000 cells
(viability 95%) were used, and 16,100 nuclei were loaded per transposi-
tionreaction, targeting recovery of 10,000 nuclei after encapsulation.

We applied standard data processing procedures for both the
newly generated data and the publicly available datasets. Further
details are available in Supplementary Note 2.

Application of SEACells

Metacell identification. SEACells was applied with default parameters
to PBMC and CD34" bone marrow datasets. The numbers of metacells
were chosen as outlined in the ‘Note about number of metacells’ sub-
section, resultingin (1) 100 PBMC multiome, (2) 85 CD34 bone marrow
multiome, (3) 100 T-cell-depleted bone marrow multiome and (4) 270
bone marrow mononuclear cell scATAC-seq metacells. SEACells was
applied separately for the RNA and ATAC modalities of each multiome
dataset using the PCA and SVD representations, respectively. Metacell
raw counts for different datasets were determined as described in the
‘Metacell construction’ subsection. Metacell counts were normalized
asdescribedinthe ‘Metacell annotation and normalization’ subsection.

Comparison of metacells from two modalities using PBMC multi-
ome data. We used the paired nature of multiome data to determine
how consistently metacells were identified between the two modali-
ties. The clearly separated cell types in the PBMC multiome dataset
were used for this analysis to verify whether relationships between
metacells within and across cell types were consistent between the
two data modalities. We checked whether single-cell groups derived
using the ATAC modality could be applied to the RNA modality and
retain cell type consistency.

Wefirstcomputed the aggregated RNA metacell matrixand thena
second aggregated gene expression using the single-cell groups from
the ATAC modality instead of the RNA modality. We jointly normal-
ized the two aggregated matrices, identified highly variable genes,
computed PCs and visualized data using UMAPs (Supplementary
Fig. 3a). No batch correction was used for this analysis. We repeated
the same procedure using aggregated peak counts from ATAC and RNA
metacells (Supplementary Fig. 3b).

Peak calling, gene scores and gene accessibility in the CD34"
bone marrow dataset. Peak calling, peak-gene associations, gene
score computation and gene accessibility scores were determined as
described in the ‘Toolkit for scATAC analysis’ subsection.

Because only scATAC is available for the bone marrow mononu-
clear cell dataset, peak-gene associations identified using the CD34
multiome dataset were used for the gene accessibility analysis.

Robustness of SEACells algorithm
Owing to its more challenging continuous nature, we used the CD34
bone marrow datato assess the robustness of the SEACells algorithm.

Robustness to different initializations. Because the maximum-mini-
mum sampling procedure relies on arandom seed, we first tested the
robustness of SEACells to different initializations. We compared the
consistency of cluster labels across runs using the NMIscore'®, whichis
widely used to quantitatively evaluate the accuracy of clustering algo-
rithms. We computed the NMI score (using the sklearnimplementation
sklearn.metrics.normalized_mutual_info_score) across five random

initializations and found that the NMlI score is generally 0.8 or higher
(1is best) across all datasets (Supplementary Fig. 6a).

Robustness to different numbers of metacells. The robustness to
number of metacells was determined using the CD34* RNA modality
and NMl score, according to the same procedures outlined above
(Supplementary Fig. 6b). We generally find strong reproducibility in
SEACells assignment across varying numbers of SEACells.

Sensitivity of SEACells to detect rare cell types. To systematically
assess the sensitivity of SEACells to capture rare cell states, we per-
formed a downsampling experiment using the mouse gastrulation
dataset fromref. 19. We subsampled different fractions of endothe-
lial cells from the data while retaining all other cells and applied our
SEACells algorithm to compute metacells. Specifically, we retained
all endothelial cells (1,084, or 0.7% of total cells) or subsampled the
endothelial cells such that they are 0.5% or 0.2% of total cells.

After the application of SEACells, we examined all metacells in
which endothelial cells constituted atleast 50% of the cells that define
that metacell (Extended DataFig. 2b). The recovery of the rare cell type
is contingent on specifying the appropriate number of metacells to
berecovered. To ensure that we detect rare populations at frequency
0.002, for example, we run SEACells with the parameter that each
metacell contains, on average, 0.002 of the total cells in the popula-
tion. Therefore, for the rarest population that contains approximately
230 cells, we search for atleast 500 SEACells, or one metacell for every
230 cells.

Comparison of RNA metacells surface protein cell states. After
application of SEACells, cell type purity was measured for each meta-
cell using annotations from antibody-derived tag (ADT) data. Cell
type purity is defined as the frequency of the most represented cell
typeinthe metacell. SEACells metacell purities were compared to the
metacells derived from the updated MetaCell-2 (ref. 10) algorithm for
both coarse and fine resolution cell types using the Wilcoxon rank-sum
test (Extended DataFig. 6).

Comparison of different metacell approaches using benchmark-
ing metrics. We developed several metrics to evaluate the quality of
identified metacells and quantify the differences between alterna-
tive metacell approaches. Given that metacells represent distinct cell
states of the biological system under consideration, inferred metacells
should (1) be compact, meaning that they exhibit low variability among
aggregated cells, and that most of this variability isaresult of measure-
ment noise, and (2) be well separated from neighboring metacells.
Metrics that we developed to quantify these features are described in
Supplementary Note 3.1.

We benchmarked SEACells against MetaCell®, MetaCell-2 (ref.10)
and SuperCell®, in addition to data imputation as an alternative
approachto overcome datasparsity. For each dataset, MetaCell auto-
matically infers the number of metacells and discards outliers. To
compare faithfully across methods, we used the same number of par-
titions asinput to SEACells and SuperCell on the same subset of data.
MetacCell-2 also automatically determines the number of metacells,
and we, therefore, used this number, which differed markedly from
the number determined by MetaCell, to run a separate comparison
to MetaCell-2. Details about the different metacell methods and their
benchmarking are available in Supplementary Notes 3.2 and 3.3.

Benchmarking metrics were computed for each metacell for all
combinations of data modality, dataset and method. Cell type purity
was used to assess the quality of PBMC metacells. Methods were com-
pared using the Wilcoxon rank-sum test. We note that this test might
possibly inflate significance due to the dependency between metacells,
butit nonetheless provides an estimate of the direction of difference.
Top-performing metacell approaches should have scores that are
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low on compactness, high on separation and high on cell type purity
(Fig. 4c, Extended Data Fig. 7 and Supplementary Fig. 14).

We compared the metacell approaches using all metacells and
separately for metacells in low-density and high-density regions to
verify that all biologically relevant states are uniformly assessed. We
once again used diffusion components to quantify the density of cells.
Distancetothe150th neighborinasingle-cell nearest neighbor graph
hasbeen demonstrated to be areasonable approximation for the den-
sity in the high-dimensional space’. We computed the distance to the
150th neighbor for each single cell using diffusion components. Single
cellswithdensitiesin the upper quartile of distances were designated
as ‘low-density cells’, and, similarly, those in the lower quartile of dis-
tances were designated as ‘high-density cells’. Analogously, metacells
containing these low-density cells were designated as low-density
metacells and vice versa for high-density metacells. The proportion
of all metacells designated as either low density or high density were
each capped at30% of allmetacells, and these were used as low-density
and high-density regions, respectively, for comparisons (Extended
DataFig.7).

Transcriptional regulators of hematopoietic differentiation
Application of Palantir on CD34" bone marrow data. Palantir* with
default parameters was applied to the RNA modality of CD34 bone mar-
row multiome data at single-cell level, with the number of informative
DCs (n =7) identified using the eigengap statistic. ACD34-high hemat-
opoietic stem cell was selected as the start cell, and terminal states
for erythroid, lymphoid, megakaryocyte, monocyte, conventional
dendritic cell (cDC) and pDC lineages were all set manually. The pseu-
dotime ordering of metacells was computed as the average pseudotime
ordering of the constituent single cells. The metacells annotated as
HSC, MEP and erythroid in the CD34*bone marrow dataset were used
for TF activity inference.

Gene expression trends. We used scanpy toidentify the sets of genes
that were differentially expressed among cell types in HSC, MEP or
erythroid (adjusted P<1x1072 fold change > 1.5), using the union of
gene sets from these cell types for TF activity inference (Extended
DataFig.4a).

For each gene, expression trends were determined using gener-
alized additive models (GAMs)”°. A GAM was fit for gene accessibility
trend as afunction of the Palantir pseudotime for each gene. Expression
ofginmetacelli,y,, isfitas

Yei = Bo +f(Ti) s

where i is a metacell along the relevant lineage, and 7;is the Palantir
pseudotime ordering of metacell i. Cubic splines are used as the
smoothingfunctionsbecause they are effective in capturing non-linear
relationships. The fitted expression for each metacell is z-scored and
used as input for TF activity inference.

TF activity inference. The TF-target matrix was constructed using
the subset of peaks that are significantly correlated with the set of
genes under consideration using metacells (Extended Data Fig. 4b).
The TF-target matrix using single-cell data was too sparse to pro-
vide meaningful inputs (Extended Data Fig. 4c). Lasso regression was
performed on a metacell-by-metacell basis to infer the TF activities
(Extended DataFig. 4d). Total activities across all erythroid metacells
were used torank the TFs.

The results of TF activity inference based on metacells was
compared to the results based on the TF-target matrix using cell-
type-specific peaks. DESeq2 (ref. 71) was used to identify cell-type-
specific peaks (adjusted P < 0.01, fold change >1.5) by compar-
ing metacells of one cell type with all other metacells. We used the
procedure in the ‘Inference of transcription factor activity using

metacells’ subsection to construct a cell-type-specific TF-target
matrix, which was used to predict gene expression per metacell
(Extended DataFig. 4e).

Application to T-cell-depleted bone marrow data. The procedure
used for the CD34 bone marrow dataset was also used to identify TF
activitiesin the T-cell-depleted bone marrow dataset by selecting the
subset of metacells belonging to erythroid, B celland monocyte line-
ages (Supplementary Fig.10). The characterization of hematopoietic
dynamicsisdescribed in Supplementary Note 4.

SEACells application to COVID-19 samples and data
integration

Comparison of healthy individuals and patients with critical
COVID-19. SEACells. SEACells metacells were computed separately
for each sample using approximately one metacell for every 75 single
cells, following the procedure described in the ‘Note about number
of metacells’subsection. After metacell identification, an aggregated
metacell-by-gene expression matrix was computed for each sample.

Mapping of SEACells metacells between individuals. We mapped
metacells across patients to determine consistency. For each pair of
patients, Harmony*-corrected metacell PCs were used to compute
the top ten DCs, which were used for downstream analysis. For each
metacell in a patient, nearest metacell neighbors from the second
patient were computed. Two metacells from different patients were
considered equivalent if they were mutually in each other’s top two
nearest neighbors (Supplementary Fig. 18a,b). We quantified the
comparison for each pair of samples by computing the proportion of
mapped metacells with matching cell types (Supplementary Fig.18c).

Batch correction with metacells. Combining metacells across all
samples highlighted the batch effects (Extended Data Fig. 9b). Har-
mony* was used to perform batch correction of metacells across the
40 samples using metacell-aggregated gene expression matrices with
default parameters. Harmony (scanpy.external.pp.harmony _integrate)
was applied tothe PCs derived fromthe top 1,500 highly variable genes
using the sample as the batch covariate.

GSEA to characterize differences between collection sites. After
batch correction of metacells, we observed that CD4" T cells continued
tobe separated by collectionsite. We performed differential expression
between CD4" T metacells collected at different sites and applied gene
setanalysis’* using curated T-cell-relevant gene sets to explore whether
the observed differences reflect differences in underlying biology
(Supplementary Table1). The normalized enrichment scores were calcu-
lated for each T-cell-relevant pathway across collection sites (Extended
Data Fig. 9d). In particular, samples from Cambridge are significantly
enriched (P < 0.05) for genes implicated in SASP signaling (top genes
include /l1B, CCL2 and /IFNG) and TCR activation pathway (top genes
include GADD45G and EGR1); samples from the Sanger site are uniquely
enriched (P< 0.05) for hypoxiaresponse (top genesinclude SIAH2 and
PNRCI), NOD-like receptor signaling (top genesinclude NFKBI, MAPK14
and CHUK) and glutathione metabolism (top genesinclude HAGH, GGT1
and PRDX1); and samples from the Newcastle site are enriched (P < 0.05)
for genesimplicated inJAK-STAT signaling (top genes include /FNAR2,
IL2RG, IRF9,JAK3 and STAT3), mitophagy (top genes include CDC37and
SQSTMI) and oxidative phosphorylation (top genes include NDUFBS,
ATPSPO, FXNand NDUFA7),among others (Extended DataFig. 9d). These
pathways are critical determinants of T cell state and demonstrate that
samples across batches encode biological differences.

Single-cell batch correction. Single-cell batch correction was per-
formed using Harmony™® with default parameters for the analysis in
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Extended DataFig. 9 and Extended Data Fig.10d-f.In total, 1,500 highly
variable genes were used for all the analyses, and the sample was used
asthe batch covariate.

Differential abundance testing of cell states between healthy indi-
viduals and patients with COVID-19. By aggregating single cells that
most likely differ due to technical noise, metacells provide a robust
segmentation of the data. Metacells are, thus, more robust entities
comparedtosingle cellsand provide aconcrete baselinetoinfer altered
cell state abundances across conditions (Extended Data Fig. 9).

Generation of aggregated meta’cellsin COVID data. Although map-
ping metacells demonstrates consistency between pairs of individuals,
the approach does not provide a path to identify similarities and dif-
ferencesbetween healthy individuals and patients with COVID-19. We,
therefore, devised a procedure for comparison across any number of
patients toidentify enriched and depleted metacells in different condi-
tions (Extended Data Fig.10a).

We re-computed SEACells metacells using the aggregated and
batch-corrected metacell count matrices for each sample. These
second-level metacells, or meta’cells, therefore contain metacells
across healthy and critical patient samples. To compute meta’cells, we
ran the algorithm asking for approximately one meta’cell for every ten
metacells, because the dataset was already highly summarized in the
first round of aggregation.

To summarize the cell type annotations of cells in a constituent
meta’cell, the modal cell type of constituent cells was chosen if the purity
was greater than 80%; otherwise, the cell type was denoted as ‘Mixed'.

Differential abundance of cell states in patients with COVID-19.
The meta®cells computed across healthy individuals and patients
with critical disease define cell states, each of which may be more
strongly associated with health or disease. We computed the propor-
tion of COVID-19 metacells in each meta®cell, providing a measure
of differential abundance of cell state in patients with COVID-19. We
then devised a permutation test to assess the significance of these
differential abundances.

First, the metacell-to-meta®cell assignments were randomly per-
muted. The number of metacells assigned to each metacell did not
change, but the constituent metacells and their associated healthy/
COVID-19 labels were permuted, providing a representative back-
ground distribution. Next, the proportion of metacells derived from
COVID-19 samples assigned to each meta’cell was computed. This
procedure was repeated for 5,000 permutation trials, and a null dis-
tribution on COVID-19-enriched metacell proportions was derived
for each meta’cell. The null distribution was then used to compute a
P value, and a significant enrichment threshold for cell states in
COVID-19 wassetatP<0.1.

Gene signatures of enriched cell states. To assess the biological
distinctions between healthy and diseased meta®cell states, we iden-
tified the differentially expressed genes for each meta’cell by com-
paring against other metaZ®cells of the same cell type using scanpy.
tl.rank_genes_groups.

Comparison to single-cell data integration approaches. To com-
pare whether the correspondence between T cell phenotypes and
temporal stages of disease can be recovered using single-cell data
integration, we applied Harmony* and scVI*® batch correction at the
single-cell level using sample as the batch covariate (Extended Data
Fig.10d,e). We next computed UMAPs using the batch-corrected PCA
space (latent space for scVI) and highlighted the cells that constitute
the three aggregated SEACells (Fig. 6) that show correspondence
between T cell activation phenotypes and temporal stages of disease
(Extended Data Fig. 10d,e). ‘Pseudo-metacells’ were defined using

batch-corrected single-cell data to enable comparison against the
metacells highlighted in Fig. 6d. We first used the Harmony-corrected
PCA space (or scVI latent space) to identify the median cell among
the single cells that constitute each metacell and then computed the
median cell’s neighborhood (containing1,078,1,1610r 1,119 cells, cor-
responding to metacells A, Band C, respectively) and aggregated cells
within the neighborhood to define pseudo-metacells. Aggregated
expression of these pseudo-metacells were compared against the
meta’cell gene expression patterns (Extended Data Fig. 10f).

Comparison to single-cell differential abundance testing. We
employed the extensively used Milo* algorithm to perform differential
abundancetesting at the single-cell level and compared the results to
differential abundance testing using metacells. MiloR typically accepts
a SingleCellExperiment object as input. However, owing to memory
constraints in passing raw counts for all 177,242 cells, we provided
MiloR with the pre-computed batch-corrected PCs, annotated with the
sample of origin and sample condition. Default parameters as specified
inthe Milo vignettes were then used to compute neighborhoods as well
as their differential abundances. All neighborhoods with at least 80%
CD4" cell type purity were selected for downstream analysis, yielding
276 neighborhoods.

Gene signatures identified in the SEACells metacells of interest
were used to compute a gene signature score for each MiloR neigh-
borhood. The gene signature score was computed for each cell by
summing across the expression z-scores of the signature genes. Gene
signature scores at the neighborhood level were computed by averag-
ingthescores of single cells that constitute the neighborhood. To assess
whether the cell states highlighted in Fig. 6d could be identified using
differential abundance testing at single-cell level, we compared the
Milo neighborhood gene signature scores with the gene scores derived
using SEACells meta’cell (Extended Data Fig.10g,h).

SEACells application to the full COVID-19 atlas. As with the healthy
and critical COVID-19 sample analyses, SEACells was applied to each
sample separately by requesting a metacell for every 75 cells, resulting
inatotal of 8,092 metacells. Harmony batch correction was applied at
the metacell level using the site as the batch covariate. We wanted to
evaluate cell type purity and the mixing of cell types in each metacell
neighborhood to assess the effectiveness of batch correction. For
cell type purity, we employed the same steps as described in the ‘Met-
rics for metacell benchmarking’ subsection. For cell type mixing, we
computed the distribution of different cell types within each of the
metacell neighborhoods (defined as the ten nearest neighbors on the
Harmony-corrected PCA space) to compute Shannon’s entropy for each
cell, similarto the technique usedinref. 73. The higher the entropy, the
more mixed the neighborhood of the metacell is, indicating that cell
types are not grouped together after batch correction.

Reporting summary
Furtherinformation onresearch designisavailable in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The CD34 bone marrow and T-cell-depleted bone marrow multiome
datasets are available on the Gene Expression Omnibus (https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE200046). Filtered and
processed count matrices, including cell type annotations and ATAC
fragment files, are available on Zenodo at https://doi.org/10.5281/
zenodo.6383269 (ref. 74). The following publicly available data-
sets were used in the manuscript: 10x PBMC Multiome”, 10x PBMC
CITE-seq”, scRNA-seq of lung adenocarcinoma (https://www.ncbi.
nim.nih.gov/geo/query/acc.cgi?acc=GSE123904)*° and mouse gas-
trulation atlas (https://www.ebi.ac.uk/biostudies/arrayexpress/
studies/E-MTAB-6967)%.
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Code availability

SEACells is available as a Python module at https://github.com/
dpeerlab/SEACells (ref. 75). Jupyter notebooks detailing the use of
SEACells, including metacell identification, aggregation and the ATAC
pre-processing, and the gene regulatory toolkit are available at https://
github.com/dpeerlab/SEACells/tree/main/notebooks. Jupyter note-
books to reproduce figures in the manuscript are available at https://
github.com/dpeerlab/SEACellsReproducibility. Modified ArchR pipe-
line for peak calling using NFR fragments is available at https://github.
com/dpeerlab/ArchR.
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A Kernel Matrix Is Reconstructed By Archetypal Analysis
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Extended Data Fig. 6 | Comparison of RNA metacells to surface protein
defined cell-types. A. Metacell cell-type purity (fraction of the maximally
represented cell-type amongst the cells assigned to a metacell) computed by
different methods on PBMC data. Wilcoxon rank-sum test was used to assess
the significance of differences (** 0.001 < P < 0.01, *** 0.0001 < P < 0.0001,
*** P <(0.0001). B. Left: UMAPs of 10x Genomics PBMC CITE-seq dataset’,
colored by coarse cell-types. Right: Comparison of cell-type purity between

SEACells and MetaCell-2 metacells. Metacells were identified using the RNA
modality whereas cell types were determined using cell-surface protein profiles.
C.Same as (A), for finer resolution cell-types. Box plots display median, 25"(Q1)
and 75" (Q3) percentiles; whiskers extend to the furthest datapoint within

the range 1.5*(Q3-Q1); points beyond that are denoted as outliers. Number of
metacells=109.
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Extended Data Fig. 7 | Performance of different approachesin achieving
metacell compactness and separation. A. Metacell compactness (average
diffusion component standard deviation; Methods) measured in the ATAC
modality of CD34* and PBMC multiome data. A lower score indicates more
compact metacells. Number of metacells =86 (CD34), 98 (PBMC). B. Metacell
separation (distance between nearest metacell neighbor in diffusion space;
Methods) measured in the ATAC modality of CD34* and PBMC multiome data.
Larger separation indicates better performance. Number of metacells =86
(CD34), 98 (PBMC). C. Metacell compactness measured in the RNA modality of

CD34"and PBMC multiome data. Number of metacells = 65 (CD34), 98 (PBMC).
D. Metacell separation measured in the RNA modality of CD34" and PBMC
multiome data. Larger separation indicates better performance. Number of
metacells=65(CD34), 98 (PBMC). Comparisons were carried out on all metacells,
or metacells in low-density or high-density regions. Two-sided Wilcoxon rank-
sumtest; ns: P>0.05,*0.01< P<0.05,**0.001 < P<0.01,***0.0001 < P< 0.0001,
=% P < 0,0001. Box plots display median, 25™(Q1) and 75" (Q3) percentiles;
whiskers extend to the furthest datapoint within the range 1.5 *(Q3-Q1); points
beyond that are denoted as outliers.
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Extended Data Fig. 9 | Large-scale dataintegration using SEACells. A. UMAPs distribution showing the entropy of samples among 10 nearest neighbors before

of single-cell data from healthy donors and critical COVID-19 patients before integration (left) and after integration (right). D. GSEA normalized enrichment
(left) and after (right) batch correction and data integration using Harmony*. scores for each T-cell pathway (Supplementary Table 1) for differentially
B.Same as (A) for SEACells metacells instead of single cells. C. Cumulative expressed genes among CD4" T cells from different sites of sample collection.

Nature Biotechnology


http://www.nature.com/naturebiotechnology

Article https://doi.org/10.1038/s41587-023-01716-9

A
Aggregated Meta2Cell WorkFlow

Single cell Samples Aggregated
Samples into Metacells

Compute
SEACells

Compute

T SEACells

Integration

Meta2cells Gene Signatures in MILO CD4 Neighborhoods
B Cell-types C COVID-19 percentage G All CD4 Neighborhoods H covip Enriched Neighborhoods
w%o$° ";é.. 100 . 0.4 ° o . 0.4 ° o
o . °
’ ° o® egcels ®0Cs * ° © ;g) %
oaa R ocou  @HSC . O% 3 3
s, VARTE il REL o o
o Wi, o, e, Wl E E
. ® e . - g 500
T o reC w. @ @
L wr ® e
e - 8 3
® R & -0.3]
° L] -0.4
0 Metacell A Metacell B
Meta2cell constituting single-cells in single-cell data integration
D T cell subset Metacell A Metacell B Metacell C.
c . .
ie]
©
(2]
Q
=
>
c
o
£
©
T
c
S
'-g <
[
L
E g

SEACells Meta2cell Pseudo Metacell (Harmony) Pseudo Metacell (scVI)
- |

- -CCR7

-IFITM1
-IFNAR2
-IRF7
-IRF9
-1SG15
-NFKBIZ
-50CS2
[ ] -CCR10
-FOXP3
-IL2RA
-TRBV4-1
-CCR2
CCR6
GZMK
-HOPX

-KLRB1

KLRG1
RORC

Extended Data Fig. 10 | See next page for caption.

Nature Biotechnology


http://www.nature.com/naturebiotechnology

Article

https://doi.org/10.1038/s41587-023-01716-9

Extended Data Fig. 10 | Metacell aggregates enable comparison across
conditions. A. Workflow used to generate metacell aggregates, or meta’cells,
that span across healthy and COVID-19 samples. B. UMAPs showing meta’cells,
colored by cell type. C.Same as (B), colored by percentage of cells derived from
COVID-19 patients. D. Left: Single-cell UMAPs of the healthy and COVID-19
samples following Harmony* integration. UMAPs on the right illustrate the UMAP
region with the T-cell subsets and the cells constituting meta“cells highlighted in
Fig. 6D. E.Same as (D), with UMAPs derived using scVI° latent space. F. Expression
patterns of key T-cell defining genes in meta’cells from Fig. 6D, pseudo-metacells
derived using Harmony and scVI. Pseudo-metacells were derived using a

neighborhood 0f1078, 1161, and 1119 cells for metacells A, Band C respectively
from the median position of batch-corrected low-dimensional space (see
Methods). G, H. Gene signature scores for the CD4* metacells in Fig. 6D. Violin
plots represent signature scores for Milo neighborhoods, solid dots represent
scores for the SEACells metacells. Scores are computed for all CD4* T-cell Milo
neighborhoods (G) and for the subset of neighborhoods enriched in COVID-19
(H). Number of metacells =276. Violin plots display median, 25™(Q1) and 75" (Q3)
percentiles; whiskers extend to the furthest datapoint within the range 1.5 *(Q3-
Q1); points beyond that are denoted as outliers.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

|Z| The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
2~ AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

|Z| For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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|Z| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection 10X Cellranger arc v2.0.0 was used for count matrix and fragment file generation for the Multiome data

Data analysis The following tools and version were used for analysis
1. SEACells: Algorithm developed in the manuscript. https://github.com/dpeerlab/SEACells. Version v0.2.0
2. scanpy for analysis of single-cell RNA-seq data. scanpy v1.7.2
3. Palantir for trajectory analysis palantir. v1.0.0
4. ArchR for ATAC analysis: v0.9.5
5. Rversion 3.6.3
6. FIMO for peak calling: v5.1.1
7.chromVAR: v1.16.0

8. phenograph: v1.5.7

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The newly generated CD34+ bone marrow and T-cell depleted bone marrow multiome datasets are available on GEO (https://www.ncbi.nlm.nih.gov/geo/query/
acc.cgi?acc=GSE200046). Filtered and processed count matrices including cell-type annotations and ATAC fragment files are available on Zenodo at 10.5281/
zeno0do.638326974. The following publicly available datasets were used in the manuscript: 10X PBMC Multiome18, 10X PBMC CITE-seq75, scRNA-seq of lung
adenocarcinoma (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE123904)37, mouse gastrulation atlas (https://www.ebi.ac.uk/biostudies/arrayexpress/
studies/E-MTAB-6967) 20.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Two technical replicates each of CD34+ sorted bone marrow and T-cell depleted bone marrow were used for multiomic profiling. No sample
size calculation was performed. The number of replicates were chosen to ensure sufficient number of cells for the analysis.

Data exclusions  Mature B cells and other cell types were excluded from analysis of both the bone marrow datasets to enrich for the hematopoietic
trajectories. NK cells were excluded from analysis of T-cell depleted bone marrow sample since NK cells do not differentiate in the bone

marrow.

Replication The robustness of SEACells was verified for different initializations and different number of number of metacells. Each analysis was run
independently.

Randomization  Not Applicable since the study did not involve human trials

Blinding Not Applicable since the cells were purchased from blinded donors.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChiIP-seq
|:| Eukaryotic cell lines |Z |:| Flow cytometry
|:| Palaeontology and archaeology |Z |:| MRI-based neuroimaging

|:| Animals and other organisms
|:| Human research participants

|:| Clinical data
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[ ] pual use research of concern

Antibodies

Antibodies used CD3 Monoclonal Antibody (UCHT1), PE-Cyanine7, eBioscience™ (25-0038-42)

Validation This Antibody was verified by Relative expression to ensure that the antibody binds to the antigen stated.
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