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Abstract

Sections

Single-cell multi-omics technologies and methods characterize cell
states and activities by simultaneously integrating various single-
modality omics methods that profile the transcriptome, genome,
epigenome, epitranscriptome, proteome, metabolome and other
(emerging) omics. Collectively, these methods are revolutionizing
molecular cell biology research. In this comprehensive Review, we
discuss established multi-omics technologies as well as cutting-edge
and state-of-the-art methods in the field. We discuss how multi-omics
technologies have been adapted and improved over the past decade
using a framework characterized by optimization of throughput and
resolution, modality integration, uniqueness and accuracy, and we also
discuss multi-omics limitations. We highlight the impact that single-cell
multi-omics technologies have had in cell lineage tracing, tissue-specific
and cell-specific atlas production, tumourimmunology and cancer
genetics, and in mapping of cellular spatial information in fundamental
and translational research. Finally, we discuss bioinformatics tools that
have been developed to link different omics modalities and elucidate
functionality through the use of better mathematical modelling and
computational methods.
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Introduction

Various single-omics methods have generated a plethora of single-
modality data aiming to dissect the mechanistic basis of gene regu-
lation or reveal aspects of human diseases. Cell diversity within the
humanbody is complex as cells undergo proliferation, differentiation
and death, and this diversity is amplified when considering the tis-
sueinwhich these cellsreside — their local and distant environments.
Thus, integrative capture and analyses of multiple cellular processes
is desirable to resolve their biological complexity.

Methodological and technological advances now allow the
simultaneous profiling of genome, epigenome, transcriptome, pro-
teome and other (emerging) omics modalities in an effort to better
understand biological mechanisms and genotype-to-phenotype
relationships. By using laser capture microdissection (LCM), robotic
micromanipulation, fluorescence-activated cell sorting or microfluidic
platforms’, single cells can be isolated into individual compartments
where they undergo barcoding of multiple types of molecules, thereby
enabling genome-scale characterization of cell-type-specific genomic
information at an unprecedented resolution. Over the past decade,
single-cell multi-omics technologies have been developed to directly
characterize the phenotypes that are usually inferred only from single-
omics methods. These technologies have generated a huge amount
of data that enable the discovery of mechanisms of gene regulation,
protein expression dynamics, epigenetic variation and cell pertur-
bation models, which have revolutionized how we understand cell
heterogeneity in health and disease (Fig.1). As single-cell technologies
have continually advanced, emerging methods capable of spatially
mapping gene expression within the tissue drove the conception of
‘spatial multi-omics’.

Gaining a clearer understanding of the origin, state and fate of
acellin a physiological and specifically immunological context®is a

pressing need within biological and biomedical research. Continuous
advancements in multiplexing, throughput, resolution and accuracy
insingle-cell multi-omics technologies have aided the comprehensive
delineation of the genetic landscape of a cell and revolutionized our
capacity toidentify cellular heterogeneities and relationships (Table 1).
Thebroadimplementation of these technologies hasbeen transforma-
tive in enabling applications such as tracing cell lineages’, producing
cell-type atlases of various organs* and dissecting mechanisms in
disease settings such as tumour immunology and cancer genetics’.
In this Review, we discuss how single-cell multi-omics technologies
have beenimproved and adapted over the past decade, the biological
and clinicalimpact of these technologies, and the bioinformatics tools
that have become integral to functional multi-omics.

The landscape of single-cell multi-omics

The most mature of the single-cell omics methods, single-cell tran-
scriptomics, is often paired with other omics to study the connec-
tion between gene expression and phenotypic heterogeneity in an
unbiased manner (Fig. 2). In 2009, the first single-cell genome-wide
mRNA sequencing (scRNA-seq) method was reported®, thanks in part
to the emergence of next-generation sequencing (NGS). The field
has rapidly developed ever since and is divided into two major cat-
egories: microfluidics droplet-based transcriptomics’ ' and micro-
well plate-based™ ™ transcriptomics (Box 1). Single-cell sequencing
was designated ‘Method of the Year’ in 2013 owing to its availability,
versatility and robustness'. Several scRNA-seq methods developed
in the recent decade have become essential for capturing intercel-
lular variation and its impact on cell functions at the population
scale™ ™, Building on scRNA-seq, multi-omics technologies preserve
the progress made in characterizing transcriptomic information
while simultaneously capturing other modalities and increasing
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Table 1] Single-cell and spatial omics methods by date

Year Method Technology Data types provided Resolution Ref.
2014 Co-detection and sequencing  Microchannel-based microfluidics DNA, mRNA sequence Single cell 20
of genes and transcripts
Smart-seq2 Plate-based sequencing DNA, mRNA Single cell 13
2015 G&T-seq Plate-based sequencing DNA, mRNA Single cell 21
DR-seq Mouth-pipetting sequencing DNA, mRNA Single cell 22
2016 scM&T-seq Bead-based sequencing DNA methylation, mMRNA Single cell 28
scTrio-seq Pipette cell-picking sequencing DNA, RNA, DNA methylation Single cell 33
PLAYR Mass cytometry mRNA, protein Single cell 67
Perturb-seq Droplet-based microfluidics sequencing sgRNA, mRNA Single cell 82
Spatial transcriptomics Microarray-based sequencing mRNA Spatial, 100 um 16
2017 scNOMe-seq Plate-based sequencing DNA methylation, chromatin Single cell 35
accessibility
CITE-seq Droplet-based microfluidics sequencing mRNA, protein Single cell 68
REAP-seq Droplet-based microfluidics sequencing mRNA, protein Single cell 69
Geo-seq Laser capture microdissection and single-cell Transcriptome Spatial 134
RNA-seq
2018 SIDR Microplate-based sequencing DNA, mRNA Single cell 24
Sci-CAR-seq Plate-based sequencing Chromatin accessibility, mRNA Single cell 56
SPLiT-seq Plate-based sequencing Chromatin accessibility, mRNA Single cell 58
10x Visium Microarray-based sequencing mMRNA Spatial, 55 ym 17
2019 Target-seq Plate-based sequencing Genomic and coding DNA, mRNA Single cell 23
scMT-seq Micro-pipetting sequencing DNA methylation, mRNA Single cell 31
scChlP-seq Droplet-based microfluidics sequencing Histone modifications, mRNA Single cell 45
ECCITE-seq Droplet-based microfluidics sequencing mRNA, T cell receptor clonotype, Single cell 81
protein, sgRNA
SNARE-seq Droplet-based microfluidics sequencing Accessible chromatin, mRNA Single cell 57
RAID Plate-based sequencing Intracellular proteins, Single cell 77
phosphorylated proteins, mMRNA
Slide-seq Microarray-based sequencing mRNA Spatial, 10 pm 18
HDST Microarray-based sequencing mMRNA Spatial, 2 um 120
2020 DBiT-seq Microchannel-based microfluidics mMRNA, protein Spatial, 10-50 um 123
ASTAR-seq Microfluidics-based sequencing Chromatin accessibility, mRNA Single cell 54
2021 Paired-Tag Plate-based sequencing Histone modifications, mRNA Single cell 51
CoTECH Plate-based sequencing Chromatin occupancy, mRNA Single cell 52
ASAP-seq and DOGMA-seq Droplet-based microfluidics sequencing Accessible chromatin, mRNA, Single cell 78
proteins, mitochondrial DNA
TEA-seq Droplet-based microfluidics sequencing Accessible chromatin, proteins, Single cell 61
mRNA
Slide-seqV2 Microarray-based sequencing mRNA Spatial, 10 um 19
2022 scCUT&Tag pro Droplet-based microfluidics sequencing Histone modifications, proteins Single cell 50
ISSAAC-seq Droplet-based sequencing Chromatin accessibility, mRNA Single cell 62
PHAGE-ATAC Droplet-based microfluidics sequencing Accessible chromatin, proteins, Single cell 74
mitochondrial DNA
NEAT-seq Droplet-based microfluidics sequencing Intracellular proteins, accessible Single cell 80
chromatin, mRNA
scGET-seq Droplet-based microfluidics sequencing Accessible chromatin, Single cell 182
heterochromatin, CNVs, SNVs
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Table 1 (continued) | Single-cell and spatial omics methods by date

Year Method Technology Data types provided Resolution Ref.

2022 Slide-DNA-seq Microarray-based sequencing CNVs, clonal populations, spatial Spatial, 25 um 157
(continued) transcriptome

Spatial ATAC-seq Microchannel-based microfluidics sequencing  Chromatin accessibility Spatial, 10-50 ym 124

Spatial CUT&Tag Microchannel-based microfluidics sequencing  Histone modification Spatial, 10-50 ym 125

SPARC-seq Microchannel-based microfluidics sequencing  Chromatin accessibility, Spatial, 50 um 128
transcriptome

SM-Omics Microarray-based sequencing mRNA, protein Spatial, 100 ym 129

Slide-TCR-seq Microarray-based sequencing mRNA, T cell receptor clonotype Spatial, 10 ym 132

2023 Spatial CITE-seq Microchannel-based microfluidics sequencing  mRNA, protein Spatial, 10-50 ym 126

Spatial ATAC-RNA-seq

Microchannel-based microfluidics sequencing

Chromatin accessibility, Spatial, 10-50 ym 127

transcriptome

Spatial CUT&Tag-RNA-seq

Microchannel-based microfluidics sequencing

Histone modification, transcriptome  Spatial, 10-50 pm 127

SPOTS Microarray-based sequencing

mMRNA, protein Spatial, 55 um 130

ASAP-seq, ATAC with select antigen profiling by sequencing; ASTAR-seq, assay for single-cell transcriptome and accessibility regions; ATAC-seq, assay for transposase-accessible chromatin
with sequencing; CITE-seq, cellular indexing of transcriptomes and epitopes by sequencing; CNVs, copy number variants; CoTECH, combinatorial barcoding method allowing high-throughput
single-cell joint detection of chromatin occupancy and transcriptome; CRISPR, clustered regularly interspaced short palindromic repeats; CUT&Tag, cleavage under targets and tagmentation;
DBiT-seq, deterministic barcoding in tissue for spatial omics sequencing; DOGMA-seq, an adaptation of CITE-seq for measuring gene activity across the central dogma of gene regulation;
DR-seq, genomic DNA-mRNA sequencing; ECCITE-seq, expanded CRISPR-compatible CITE-seq; G&T-seq, genome and transcriptome sequencing; Geo-seq, geographical position sequencing;
HDST, high-definition spatial transcriptomics; ISSAAC-seq, in situ sequencing hetero RNA-DNA-hybrid after assay for transposase-accessible chromatin sequencing; NEAT-seq, sequencing

of nuclear protein epitope abundance, chromatin accessibility and the transcriptome in single cells; Paired-Tag, parallel analysis of individual cells for RNA expression and DNA from targeted
tagmentation by sequencing; PLAYR, proximity ligation assay for RNA; RAID, RNA and immunodetection; REAP-seq, RNA expression and protein sequencing assay; scChIP-seq, single-cell
chromatin immunoprecipitation followed by sequencing; scCUT&Tag pro, a multimodal assay for profiling protein-DNA interactions coupled with the abundance of surface proteins in single
cells; scGET-seq, single-cell genome and epigenome by transposases sequencing; Sci-CAR-seq, combinatorial indexing-based co-assay that jointly profiles chromatin accessibility and mRNA;
scM&T-seq, single-cell genome-wide methylome and transcriptome sequencing; scMT-seq, simultaneously profile DNA methylome and transcriptome from one single cell; scNOMe-seq,
simultaneously measure chromatin accessibility and endogenous DNA methylation in single cells; scTrio-seq, single-cell triple omics sequencing technique; sgRNA, single guide RNA; SIDR,
simultaneous isolation of genomic DNA and total RNA; Smart-seq, switching mechanism at the 5 end of RNA template; SM-Omics, spatial multi-omics; SNARE-seq, single-nucleus chromatin
accessibility and mRNA expression sequencing; SNVs, single-nucleotide variants; SPARC-seq, microfluidic indexing-based spatial ATAC and RNA sequencing; SPLiT-seq, split-pool ligation-
based transcriptome sequencing; SPOTS, spatial protein and transcriptome sequencing; TCR, T cell receptor; TEA-seq, a trimodal assay for integrated single-cell measurement of transcription,

epitopes and chromatin accessibility.

throughputthroughcell multiplexing, celltagging, cellhashingand other
methods (Fig. 3).

Integrating genome and transcriptome
Parallel profiling of the genome and transcriptome of the same single
cell can reflect the transcriptional state of the genome. On its own,
scRNA-seqisunable to provide coverage of key mutations and does not
provide genome-transcriptome correlations in cells that ultimately
lead to the discovery of novel gene-expression programmesin disease.
Overcoming these shortcomings, we reported the first amplification
and sequencing of a whole genome and whole transcriptome from a
single cell using a microfluidics-facilitated technology in 2014, which
captured single cells using microvalve-based control channels, selec-
tively lysed and separated cytoplasmic and nuclear contents, and then
performed on-chip amplification, thereby enabling multiple genomic
measurements®.

Thenext year, genome and transcriptome sequencing (G&T-seq)*
and gDNA-mRNA sequencing (DR-seq)* were reported. For G&T-
seq, oligo(dT)-coated magnetic beads were used to separate genomic
DNA from full-length mRNAs in 220 single cells following a modified
Smart-seq2" protocol, inwhich cells were isolated and lysed to release
genomic DNA and mRNA for whole-genome and whole-transcriptome
analyses, respectively (Fig.2). DR-seqis alow-throughput method that
primarily deviates from G&T-seq in the amplification step, in which the
DNA and RNA amplification occurs before separation, thereby allowing
forreduction of contamination and RNA loss. Both methods are similar

inthat DNA and RNA must be physically separated, which may resultin
loss of genetic material and sensitivity or in amplification bias, which
limits the ability to confidently detect small pathogenic alterations.
In 2019, TARGET-seq, a plate-based method, demonstrated increased
throughput of 5,000 single cells profiled per run through the use
of barcoding and pooling of libraries in reduced reaction volumes
and was set apart from previously mentioned methods by improv-
ing mutation coverage using protein digestion, which improves the
release of DNA and RNA during cell lysis*. Another plate-based method,
simultaneousisolation of genomic DNA and total RNA (SIDR), involves
incubation of single cells with antibody-conjugated magnetic beads,
which are subsequently sorted into a microplate in which hypotonic
selective lysis produces a separated supernatant and pellet solution
that distinguishes between DNA and total RNA%,

Integrating transcriptome and epigenome
Our understanding of how phenotypes are derived from single cells
is based on information that is more complex than that provided by
the coupling of genome and transcriptome profiling, which cannot
address the question of how the same sequence of DNA can have varying
expression patterns in different cells. Single-cell epigenome analysis
intandem with transcriptomics allows the direct elucidation of DNA
epigenetic features such as DNA methylation, DNA accessibility and
histone modificationsinrelation to the transcriptome they produce.
DNA methylationat CpG islands generally regulates gene expres-
sion”. Single-cell DNA methylation profiling methods with single-base
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resolution can be categorized according to two core technologies:
reduced-range bisulfite sequencing (RRBS) and whole-genome bisulfite
sequencing (WGBS), both using bisulfite conversion followed by NGS.
The primary differences between the two categories are coverage
and cost: WGBS has higher coverage of CpG islands in the genome
whereas RRBS is less expensive. Early methods aimed to characterize
the correlation between gene expression and DNA methylationat CpG
sites through post-bisulfite adaptor tagging® used in WGBS methods,
or through RRBS measuring high CpG-content regions”. Many groups
have built from this foundation to develop technologies that co-profile
the DNA methylome and transcriptome?~*'. The first method of WGBS

CITE-seq

N7
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ADT structure: antibody barcode with
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multi-omics, single-cell genome-wide methylome and transcriptome
sequencing (scM&T-seq)*, borrowed already-established single-omics
techniques from G&T-seq” and scBS-seq® to measure DNA methylation
heterogeneity in single cells, combined with Smart-seq2 to generate
transcriptional data concurrently with genome-wide methylation
data. Similarly, scMT-seq® manually separates the cytoplasm and
nucleus, with the cytoplasm containing the mRNA for scRNA-seq
and the nucleus containing DNA for methylome profiling by scRRBS*.

Subsequently, DNA methylation co-profiling technologies were
developed for tri-omics analysis: single-cell triple omics sequenc-
ing (scTrio-seq) combined profiling of genome, methylome and
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Fig. 2| The landscape of multi-omics sequencing. Many multi-omics methods
function with transcriptome profiling as their ‘anchor’ to facilitate single-cell
multi-omics interrogation. Genome and transcriptome sequencing (G&T-seq)
is arepresentative multi-omics technology for profiling both the genome

and the transcriptome in single cells using biotinylated oligo(dT) capture
primers and streptavidin-coated magnetic beads to target the poly(A) tail

of mRNA, thereby separating the mRNA from the genomic material of the

cell. Single-cell assay for transposase-accessible chromatin with sequencing
(scATAC-seq) profiles the transcriptome together with the epigenome by
simultaneously tagging and fragmenting DNA sequences in open chromatin
regions using a DNA transposase (Tn5). This method has paved the way for
other technologies that profile both the epigenome and transcriptome in single
nuclei, such as Sci-CAR-seq, single-nucleus chromatin accessibility and mRNA
expression sequencing (SNARE-seq) and 10x Multiome. Cellular indexing of
transcriptomes and epitopes by sequencing (CITE-seq) labels single cells with

@

Tcell or

B cell Proteomics,

chromatin accessiblhty,
other modalities

Whole-genome Whole-transcriptome
amplification amplification

antibody conjugates bound to biotinylated DNA barcodes. By using droplet-
based microfluidics, mRNA and cell-surface protein barcodes are converted

to cDNA, which canbe split downstream into two respective libraries using

size selection. V(D)J sequencing can be used in tandem with transcriptome
sequencing to analyse in the same cell full-length V(D)) sequences of B cell

and T cell receptors using gene 5’-end sequencing. In contrast to conventional
3’-end sequencing that is traditionally used in transcriptome sequencing,
barcodes are not adjacent to the poly d(T) primer, butinstead are adjacent to
asequence in the 5’-end of the transcript. V(D)J sequencing and transcriptome
sequencing can be performed together in the same cell and in tandem with other
modalities such as ATAC-seq, CITE-seq and other methods. These representative
technologies are just some of the many examples of multi-modality technologies
used insingle-cell multi-omics research. ADT, antibody-derived tag; RT, reverse
transcription; Sci-CAR-seq, combinatorial indexing-based co-assay that jointly
profiles chromatin accessibility and mRNA.
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Box 1

Droplet-based versus plate-based transcriptomics

Single-cell transcriptomics methods can be broadly distinguished
as being either droplet-based or plate-based technologies (see the
figure). Both profiling methods are akin to one another in that they
involve reverse transcription (RT) of RNA into cDNA followed by PCR
amplification to generate enough DNA transcripts for sequencing
analysis.

Plate-based methods can generate full-length transcripts that
carry ample information to allow detection of genes that are not

highly expressed and other rare transcripts. However, these methods
are limited by plate size and the quantity of cells available for analysis.
Droplet-based methods can analyse single cells at a much
higher throughput (thousands of cells profiled at once) by utilizing
microfluidic devices, but only from the 5' or 3' end of the transcript,
thereby omitting the detection of allele-specific expression and other
isoforms. These methods require both high quantity and high quality
of cells.

Droplet-based Plate-based
O Cell
I A \ A
L Sort single cells C —
E T : O P @& € =\ A
8 -

RT and cDNA amplification

|

R

transcriptome in 25 single cancer cells by applying scRRBS and whole-
genomesequencing®; the WGBS method scTrio-seq2 combines scTrio-seq
and scBS-seq to profile methylation with mRNA and copy number vari-
ations®; and scNOMe-seq characterizes nucleosome positioning, chro-
matin accessibility and DNA methylation by uniquely recovering reads
regardless of signal and allelic drop-outs, thereby distinguishing them
from reads of inaccessible chromatin®. Adding to the comprehensive
tri-omics methods and WGBS technologies is single-cell nucleosome
occupancy mapping, which is demonstrated in scNMT-seq* and scNO-
MeRe-seq*® and by which DNA methylation, chromatin accessibility and
transcripts from the same DNA molecule can be profiled.

Chromatin accessibility is integral to detecting genomic activity
as it reveals enhancer activity, transcription factor binding sites and
other DNA regulatory elements. Chromatin accessibility paired with
transcriptional analysis can reveal regulatory elements responsible for
driving gene expression. Most recent single-cell multi-omics technolo-
gies that profile chromatin accessibility are primarily adapted from
assay for transposase-accessible chromatin sequencing (ATAC-seq”),
which uses the transposase Tn5 to fragment open chromatin and tag
adaptorsto the DNA**?, ATAC-seq allows the identification of regions
within the genome that have open chromatin states associated with
transcription in low numbers of cells and is an easy and time-friendly
method asitdoes notinclude extraction or enzymatic-digestion steps.
To determine open chromatin regions in heterogeneous cell popula-
tions, two methods of single-cell level ATAC-seq were further devel-
oped. The first one, scATAC-seq*, used the Fluidigm C1 microfluidics
platformto capture single cells, followed by tagmentation and library
amplification with cell-identifying barcoded primers (Fig. 2), whereas

the other, a plate-based approach, used acombinatorial cellindexing
strategy and tagmentation with Tn5 loaded with unique adaptors to
measure chromatin accessibility in over 15,000 cells*.

Histone modifications at single-cell resolution are informative
in understanding epigenetic programmes and differentiation tra-
jectories of cells, thereby aiding in cell-state prediction. In addition
to the well-established chromatin immunoprecipitation followed by
sequencing (ChIP-seq)* and CUT&RUN** methods, cleavage under tar-
getsand tagmentation (CUT&Tag), whichwas developedin 2019, uses
Tn5 transposase to directly tagment the antibody binding site*. This
method has been modified further by other groups to profile histone
modifications at the single-cell level: methods such as scCUT&Tag*® and
scCUT&Tag2forl* use tagmentation directed by antibodies to profile
active and silenced regulatory elements genome-wide by targeting
domains bound by, respectively, RNA polymerase Il and Polycomb
repressive complexes. This methodology was further developed into
scCUT&TAG-pro, which isamultimodal assay for profiling protein-DNA
interactions and the abundance of surface proteins in single cells™.
These methods have been extended to characterize RNA and histone
modifications using multi-omics techniques such as Paired-Tag* and
CoTECH®?, whichuse combinatorial barcodingtoallow high-throughput
detection of both transcriptome and chromatin occupancy.

Multi-omics technologies continue to be developed to increase
both throughput and the modalities that can be profiled in a single
experiment. Medium-throughput methods involving manipulation
of intact cells rather than nuclei and profiling both epigenome and
transcriptome such as scCAT-seq” and assay for single-cell transcrip-
tome and accessibility regions (ASTAR-seq)** have been developed.
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Inthe ASTAR-seq protocol, individual cells are isolated at distinct cap-
ture sites, to which reagents are added in specialized compartments
of aFluidigm Clmicrofluidics chip. Following tagmentation, the cDNA
is biotinylated and separated from genomic DNA using streptavidin
beads. Toachieve higher throughputinsingle-cell analysis, Sci-CAR-seq
combined single-cell combinatorial indexing> with ATAC-seq to pro-
vide deep insights into chromatin states jointly with gene expressionin
over11,200 nuclei*’. As an alternative, single-nucleus chromatin acces-
sibility and mRNA expression sequencing (SNARE-seq) used droplet-
based microfluidics to co-profile over 10,000 mRNA transcripts with
chromatin accessibility from the same single cell”. Improvements in
single-cell isolation or barcoding methods led to the development of
ultra-high-throughput technologies. Split-pool ligation-based tran-
scriptome sequencing (SPLiT-seq), a plate-based transcriptomics
method, uniquely labelled over 100,000 nucleiin one experiment using
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Fig. 3| Towards achieving higher throughput: multi-omics methods that
increase throughputin single experiments. a, In cell hashing, ubiquitously
expressed cell-surface proteins (or nucleus-surface proteins, in the case of nuclear
hashing) are bound by antibodies that are conjugated to an oligonucleotide or
aspecific sequence acting as a specific ‘barcode’, thereby enabling the profiling

of multiple cells in a single experiment. b, Cell tagging is a combinatorial cell-
indexing and high-throughput cell tracking method, in which sequential rounds
of cell labelling with unique nucleic acid sequences deliver heritable barcode
combinations to single cells. Microfluidic methods, such as used in deterministic

b cel tagging

#9

four rounds of combinatorial barcoding®. This strategy was imple-
mented shortly after by Paired-seq, which used three rounds of ligation-
based combinatorial indexing to process 1 million nuclei in a single
experiment for parallel transcriptome and chromatin accessibility
analyses™. Increasing throughput, SHARE-seq was built based on SPLiT-
seq and Paired-seq and uses several rounds of hybridization blocking
to label mRNA and chromatin fragments in single cells*°. Recently,
TEA-seq,amethod for trimodal single-cell measurement of transcripts,
epitopes and chromatin accessibility, used the scATAC-seq workflow
and the 10x Genomics Multiome ATAC Plus Gene expressionkit to elu-
cidate the modulators of gene regulation in thousands of single cells®'.
Another recent high-throughput method, ISSAAC-seq (in situ sequenc-
ing hetero RNA-DNA-hybrid after assay for transposase-accessible
chromatin sequencing), used a two-tagmentation strategy: an initial
tagmentation reaction on accessible chromatin followed by reverse
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barcodingin tissue for spatial omics sequencing (DBiT-seq), deliver barcodes
(Al...A50, B1...B50) to cellson atissue slide through perpendicular microfluidic
channels to form a spatial grid (A1,B1...A50,B50) that is sequenced at high
throughput to construct spatial omics maps. ¢, Combinatorial barcoding of single
cellsinvolves splitting and pooling either cells or nucleiinto wells where barcodes
areintroduced insitu. Following multiple rounds of barcoding, molecules

within the same cell are labelled with a unique barcode combination (BC1-BC4).
GFP, green fluorescent protein; P5 and P7, sequencing index primers; pA, poly(A)
tail; R1and R2, read-one and read-two primers; RT, reverse transcription primer.
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transcription and another tagmentation reaction on cDNA-RNA
hybrids®. This final reaction was then separated into its DNA and
RNA constituents using fluorescence-activated cell sorting (FACS) or
microfluidics technology, ready for downstream multi-omics analysis.

Integrating transcriptome and proteome

All cellular processes and functions revolve around proteins, as they
contribute to the structure of cells and perform biochemical pro-
cesses by functioning as enzymes. Thus, it is essential to character-
ize proteins at the single-cell level through their post-translational
modifications and interactions. Many multi-omics studies, in which
protein and mRNA are co-profiled, rely on the use of predetermined,
curated antibody panels to confer single-cell phenotypes, thereby
losing novel and unexpected proteomic information® . For example,
in 2016, the proximity ligation assay for RNA (PLAYR) was developed
to simultaneously quantify more than 40 targeted mRNAs and pro-
teins from 10,000 single cells in several cell types®’. PLAYR labels
proteins with antibodies conjugated to unique metal isotopes, while
RNA transcripts are conjugated to isotope-labelled probes that can
be measured by mass cytometry®’. Another method used a homoge-
neous affinity-based proximity extension assay (PEA) to interrogate
~100 protein targets in single-cell lysates by linking matched pairs of
oligonucleotide-antibody conjugates to target antigens and simulta-
neously co-detecting RNA by real-time PCR®*. An integrated protein
and RNA detection method combining PEA and specific target ampli-
fication was also developedin 2016 to detect RNAs and proteins from
the samesingle cellinasingle reaction chamber of the Fluidigm C1 plat-
form®. In this method, cells are lysed with buffer containing protein-
binding PEA probes, and reverse transcriptase is used on cellular RNA,
relying on extension of PEA nucleotides to enable the synthesis of
cDNAs with random primers.

Agreatleapinthroughput for co-profiling the transcriptome and
proteome came in 2017 with the development of cellular indexing of
transcriptomes and epitopes by sequencing (CITE-seq). This method
combines highly multiplexed protein-marker detection with unbiased
transcriptome profiling for thousands of single cells®®. Specifically, cell-
surface proteins were detected by antibodies conjugated to oligonu-
cleotides containing a PCR handle that canbe captured by oligo(dT) or
probe-specific primers compatible with Drop-seq’ and 10x Genomics
microfluidic systems, making this method adaptable for integration
with most scRNA-seq methods. Once mRNA and oligonucleotide-
tagged antibodies are released from lysed single cells, they are bound
to magnetic beads, whichallow their separation according to size and
quantification by NGS (Fig. 2). Similarly, RNA expression and protein
sequencing assay (REAP-seq) demonstrated quantification of sur-
face proteins with 82 antibodies and genome-scale mRNAs in a single
workflow®’, REAP-seq differs from CITE-seq in how the DNA barcode
is conjugated to the antibody: in CITE-seq, streptavidin is conjugated
to each antibody, and in REAP-seq, small stable covalent bonds are
formed between the antibody and the DNA barcode. Later, combina-
torial indexing of splint oligonucleotides to barcode antibodies was
demonstrated with SCITO-seq, which enables multiplexing of cellsand
multi-omics profiling of over 150 surface proteins in parallel with mRNA
expression in single cells’. The combination of sample multiplexing
and droplet-based platforms such as10x Genomics or microwell-based
platforms such as BD Rhapsody” have increased the throughput of
mRNA and protein co-profiling.

Other single-cell proteomics methods that do not rely on antibod-
ies produce a more comprehensive characterization of the cellular

proteome, asthey are not limited by antigen-specificreagents and can
profile thousands of proteins in single cells. SCOPE-MS and SCoPE2
are such methods using mass spectrometry, but they have no avail-
able integration method with other omics, leaving room for future
development’>”®, PHAGE-ATAC™, arecently developed method based
onepitope recognition by nanobody-displaying phages, standsin con-
trast to methods in which fluorescent or oligonucleotide-conjugated
antibodiesare used.Importantly, the hypervariable complementarity-
determining region 3 (CDR3) of the nanobody-encoding phagemid
acts as a unique genetic barcode, which is identified by downstream
sequencing and acts as a proxy for antigen detection. This multi-omics
method allows profiling of thousands of single cells while reliably
detecting cell-surface proteins, mitochondrial DNA genotypes and
epigenomic modifications.

Intracellular post-translational modifications such as those
responsible for regulation of signalling pathways and metabolic activ-
ity are essential to single-cell proteomics. Technologies that can profile
both intracellular and cell-surface proteins can better elucidate the
signalling pathways that required for the function of a single cell”>.
RNA and immunodetection (RAID), amethod developed forimmuno-
detection of intracellular proteins or phosphorylated proteins together
with mRNA profiling, enables correlation analysis of environmental
stimuli with heterogeneous cellular responses”’. Recently, ATAC with
select antigen profiling by sequencing (ASAP-seq) and DOGMA-seq™
demonstrated simultaneous profiling of chromatin accessibility, gene
expression and protein expression by using reagents and protocols
similar to those used in mtscATAC-seq”’, CITE-seq®® and scATAC-seq ™.
Notably, ASAP-seq uses molecular bridging to enable the use of existing
antibody conjugates, making it a technology thatis user-friendly and
widely accessible. Incorporating even more modalities is NEAT-seq®,
which co-profiles the abundance of nuclear protein epitopes, chro-
matinaccessibility and the transcriptome in single cells. In NEAT-seq,
blocking the charge of antibody-oligonucleotide conjugates with
Escherichia colisingle-strand DNA improves the signal-to-noiseratio.
Nuclear proteins are actively involved in gene regulation, and their
characterization and linkage to the epigenetic and transcriptional
status of the cell are a powerful approach for studying mechanisms
of gene regulation. Finally, expanded CRISPR-compatible CITE-seq
(ECCITE-seq) expanded the protein multi-omics field to incorporate
CRISPR-compatible transcriptome, immunity repertoire and proteome
indexing, including both clonotype profiling and CRISPR-directed
perturbations at high sensitivity and single-cell resolution®. Thus,
multi-omics technologies have the capacity to measure the effects of
cell perturbations and signalling pathways on the state of single cells.
Profiling cellular or secreted proteins and other modalities have led to
commercialization of such technologies by several companies.

Other multi-omics modalities

Understanding cellular heterogeneity and its inherent complexity at
thesingle-celllevel involves the ability to simultaneously characterize
as many functions of the cell as possible. By capturing multiple layers
of cellular information using emerging omics methods, we can gain
more-specific data and greater clarity of cell function. For example,
scRNA-seq canbe usedin CRISPR screens to link CRISPR-Cas9-induced
genetic perturbations to transcriptomic phenotypes. Perturb-seq is
one of these methods, in which thousands of CRISPR-mediated per-
turbations and mRNA profiles are analysed in a single experiment of
200,000 cells®. CROP-seq, another CRISPR-based genetic screen-
ing method combined with single-cell transcriptomics, directly links
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expression of asingle guide RNA (sgRNA) to transcriptome responses
in thousands of individual cells®’. The sgRNA-expression vector was
re-engineered froma common construct (lentiGuide-Puro®) to embed
the sgRNA in a polyadenylated mRNA transcript, thereby allowing its
easy integration into most scRNA-seq platforms. In 2016, CRISP-seq,
amethod to capture mRNA and genomic perturbations from CRISPR-
pooled screens emerged, elucidating the function of multiple regula-
tory factors in a single experiment®. Another method, Mosaic-seq,
was developed to systematically perturb enhancers and measure their
endogenous activities while jointly measuring the transcriptome at
single-cell resolution®. CRISPR screens have been coupled with other
methods such as scATAC-seq — for example, in developing Spear-ATAC-
seq, which characterized over 100,000 single-cell epigenetic states
and over 400 CRISPR perturbations?.

Other modalities of multi-omicsinclude the characterization of the
complex genomicrepertoire of T cell receptors (TCRs) and B cell recep-
tors (BCRs), which are crucial components of adaptive immunity. These
datacan provide anin-depth understanding ofimmunity spectrainindi-
viduals and suggest how various receptor configurations contribute to
adaptive immunity responses, autoimmunity and tumour growth®®,
Several methods have been published pairing gene expression with
TCRsequencesinsingle cells*°% Integration of specific TCRand BCR
(DNA) clonotypes out of a cell population repertoire with scRNA-seq
paves the way for abetter understanding of the relationships between
transcriptome, clone composition and unique sequence features of
antigen receptors such as their CDR3 length and presence of specific
sequence motifs®®. The V(D)J regions of rearranged TCR and BCR mRNAs
arelocatedinthefirst-500 nucleotides of the 5’ end of the transcripts,
andshort-read scRNA-seq is not always sufficient to resolve the genetic
complexity of these isoforms while preserving accurate gene expres-
sion quantification at the 3’ end of the transcripts’®. Therefore, most
of the technologies that can capture TCR and BCR isoform sequences
while maintaining whole-transcriptome information of single cells
have implemented 5’-end RNA amplification, which has been made
commercially available by 10x Genomics and has alsobeen extended to
include proteomics (ECCITE-seq®') and chromatin accessibility (T-ATAC-
seq’) (Fig. 2).10x Genomics and Oxford Nanopore recently announced
their partnership to sequence full-length transcripts in single cells to
characterize antigen-receptor sequences and transcriptomes at high
accuracy and sensitivity®. Immunity repertoire sequencing, together
with technological advances and integration with other omics modali-
ties, has the capacity to provide deeper understanding of how T-cell and
B cell clonality and specificity influence immune responses.

Multi-omics goes spatial

The organization of cellular compartments and macro-structures and
ofintercellularinteractionsis fundamental to the function of multicel-
lular organisms. The aforementioned single-cell multi-omics methods
require dissociation of cells from their tissue and thus lose information
about physical interactions within and between cells, despite several
computational efforts made to infer cell-cell interactions’®””. Emerging
spatial multi-omics technologies seek to expand mapping of interac-
tions betweensingle cells withinintact tissues atagenomescale (Fig.4).
Itis essential to address the importance of this cutting-edge field.

Imaging-based technologies

Fluorescence insitu hybridization (FISH) is a technique that has existed
since the 1980s®. Early attempts at characterizing single cells and their
gene expression profiles with spatial resolution utilized multiple short

probes targeting different regions of the same transcript through
spectral barcoding or sequential imaging with single-molecule FISH
(smFISH)* (Fig. 4a). In 2014, a multiplexed smFISH approach was
showntodetectindividual transcripts through serial rounds of probe
hybridization, imaging and probe removal of 24 probes labelled with
unique combinations of fluorophores'®. A year later, MERFISH substan-
tially increased the number of RNA molecules that could be simultane-
ously imaged in single cells by utilizing combinatorial labelling and
sequential imaging of multiple readout hybridizations'”'. In MERFISH,
computational error-correction after each readout accounts forimper-
fect hybridizations. Other FISH technologies developed subsequently
mainly aimed to shorten the imaging time, reduce optical crowding
and increase multiplexing efficiency. Sequential FISH (seqFISH+)
demonstrated the ability to perform discovery-driven studies of the
spatial organization of tissues with its capability of imaging mRNAs for
10,000 genesinsingle cells'%. The use of alarger palette of ‘pseudocol-
ours’ allowed seqFISH+ to obtain readouts at the transcriptome-level
scale. To assess both RNA and proteins, RNAscope, commercialized
in 2011 by Advanced Cell Diagnostics'®, hybridizes DNA with probes
tagged with metal instead of fluorophores, followed by the addition to
thetissue section of metal-conjugated antibodies and mass-cytometry
measurements of metal abundance'®*'%, Several other multiplex FISH
methods have been reported to characterize spatial organization of
cell types identified from scRNA-seq'"1%¢™",

The spatial proteomics field has also expanded with the devel-
opment of technologies such as co-detection by indexing (CODEX),
which uses a multiplexed cytometric imaging approach to quantita-
tively characterize protein expression and define tissue architecture™?.
After multiple cycles of antibody imaging and fluorophore washing,
amultiparameter image is constructed, with the capacity to charac-
terize over 100 antibodies in a panel to read out antibody-conjugated
barcodes with fluorescent hybridized nucleotides. Very recently, an
automated and integrated platform, spatial molecular imager, was
developed to resolve multi-omics spatial distribution of 980 RNAs and
108 proteinsin formalin-fixed, paraffin-embedded tissues at single-cell
andsubcellular resolution, using astrategy similar to that of CODEX by
performing multiple cycles of nucleic acid hybridization of fluorescent
molecular barcodes™. Spatial molecular imager has recently been
expanded to 6,000 genes and 100 proteins.

Sequencing-based technologies

Sequencing-based technologies can be performed directly on the
biomolecule of interest (DNA, RNA or protein) within an intact tissue
(Table 1). The first in situ sequencing study used padlock probes to
target known short RNA fragments in tissue sections™* and was later
commercialized (now part of the Visium platform of 10x Genomics).
Fluorescent in situ RNA sequencing (FISSEQ) was the first untar-
geted in situ sequencing method to capture the whole transcriptome
by sequencing single-stranded 200-400-nm DNA nanoballs through
sequencing-by-ligation™.

Sequencing-based spatial technologies moved from in situ to
ex situ sequencing by extracting molecules from the tissue. Along
with this transition, it became integral to achieve higher resolution,
improve RNA capture efficiency and expand spatial transcriptomics
to other modalities (Fig. 4b). In 2016, spatial transcriptomics was
introduced"®, demonstrating a 100-pum spot size on a microarray
slide with arrayed oligonucleotides to capture spatial gene expression
information. Reverse transcription was performed on the intact tissue,
and the resulting cDNA was left coupled to the oligonucleotides on
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Fig. 4 | Towards spatially resolved multi-omics. a, Examples of spatial
technologies used for multi-omics analysis. Imaging-based technologies such
as fluorescence in situ hybridization (FISH) and sequential FISH (seqFISH+)
use sequential imaging of different fluorescent probes to characterize spatial
organization within cells. Microarray-based and microfluidics technologies
use barcodes to label the structural organization of single cells in tissues.
Methods such as spatial transcriptomics profile tissue by placing it on a glass
slide that is coated with an array of spots containing oligonucleotides designed
to extract spatial information from a tissue section, whereas methods such

as deterministic barcoding in tissue for spatial omics sequencing (DBiT-seq)
use microfluidics channels to deliver reagents and barcodes to a tissue ona
glass slide, thereby creating a barcoded grid in which each grid space contains
asingle cell. Marker genes with known function and physical location are

used as references. ‘Genes/pixel’ indicates the number of genes detected in
each spatially barcoded pixel. Laser capture microdissection (LCM)-based
technologies allow full profiling of a gene or protein within a single cell by
cutting a tissue section with alaser. b, Spatial-omics microfluidics-based tissue
barcoding modalities have expanded in the past decade, enabling integration

20 0 20
UMAP_1

Cell-cell interactions within multicellular community

of complex datasets with spatial context. DBiT-seq has the integrative
capacity to profile many modalities including spatial assay for transposase-
accessible chromatin with sequencing (ATAC-seq), cleavage under targets and
tagmentation (CUT&Tag), cellular indexing of transcriptomes and epitopes
by sequencing (CITE-seq) and other modalities. ¢, Spatial multi-omics data
analysis methods generally partition data into clusters to find functional cell
subtypes within different microenvironments. These high-dimensional data
are typically visualized using dimensionality reduction techniques such as
uniform manifold approximation and projection (UMAP) to view multimodal
single-cell measurements. Various computational clustering algorithms can
be applied to downstream multimodal analysis to automatically estimate
cell types and compare clustering attributes of different modalities. Within
and between cell clusters, heterogeneous archetypes of signalling pathways
inferred from cell-cell interaction analyses can be used to characterize

local cellular microenvironments. Geo-seq, geographical position
sequencing; PDMS, polydimethylsiloxane; SMI, spatial molecular imager;
UMI, unique molecular identifier. Part aadapted with permission from
ref.123, Elsevier.

the slide before tissue lysis, ultimately generating NGS libraries. This
technology was later adapted by 10x Genomics as ‘10x Visium’, with
increased resolution of 55 um'. Later, micrometre-scale bead arrays
were developed to capture spatial transcriptomics data at the cellular
level. Slide-seq, and later Slide-seqV2, barcode mRNA in tissues using

amethod conceptually similar to spatial transcriptomics, but adiffer-
ent strategy: instead of using arrayed barcoded reagents printed on
slides, thebarcoded reagents are placed directly onto the glass slidein
solution, thereby creating amonolayer-packed array on a glass cover-
slip"®" (Fig. 4a). In high-definition spatial transcriptomics, subcellular
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resolution was achieved by using beads with a diameter of 2 um, which
later was reduced even further'®. GeoMx (from Nanostring) uses a
targeted FISH detection method rather than direct sequencing of tran-
scripts, allowing the detection of up to 10,000 genesin a select micro-
scopicregion of tissue through photocleaving and sequencing the DNA
probes, which are hybridized to target genes, and the probe panel is
now approaching awhole-transcriptome level of coverage'.

All these methods follow the same fundamental principle,
namely ‘barcoded solid-phase RNA capture for spatial transcrip-
tomics profiling”?. In 2020, we reported a fundamentally different
approach to spatial omics sequencing. Instead of capturing RNA onto
abarcoded solid-phase substrate, a microfluidic approach allows the
delivering of DNA barcodesinto atissue sectioninaspatially resolved
manner, termed deterministic barcoding in tissue for spatial multi-
omics sequencing (DBiT-seq), which was performed by flowing DNA
barcodes through two perpendicular microfluidic chips to create a
mosaic of 10-50-pum spatially barcoded pixels'* (Fig. 4a). DBiT-seq was
the first reported spatial multi-omics technology that demonstrated
co-mapping of tens of proteins and with a whole transcriptome, and
this method has further expanded to spatial epigenomics profiling
of chromatin accessibility’?* and histone modification'”. Recently,
DBiT-seq has further demonstratedits versatility by spatial co-profiling
of mRNA transcriptome and hundreds of cellular proteins as part of
spatial CITE-seq™® and of transcriptome and epigenome as part of spa-
tial ATAC-RNA-seq'”, spatial CUT&Tag-RNA-seq'” and (reported in
a preprint) SPARC-seq'?®. Combined spatial transcriptomics or the
Visium platform with CITE-seq chemistry, SM-Omics'* and SPOTS™°
also achieved co-analysis of transcriptome and a panel of proteins in
tissue sections, although not at single-cell resolution. Expanding to
spatial mapping of T-cell clonotype repertoires, Slide-TCR-seq was
recently reported to sequence whole transcriptomes and TCRs by inte-
grating Slide-seqV2 with rhTCR-seq" (a method used to amplify TCR
transcripts), revealing the interaction between clonality, neighbouring

cell types and gene expression in tissues at single-cell resolution™’.

Laser capture microdissection-based technologies
LCMisadecades-old mainstay method forisolating in micrometre-scale
tissue or even single cells while retaining spatial information to link
histology with molecular measurements. InLCM, aregion of interestin
thetissuesectionisisolated through laser cutting. Multiple modalities
canbe characterized simultaneously based on LCM, as demonstratedin
awork that constructed dynamicregulatory networks by co-profiling
of mMRNAs, microRNAs, DNA methylation and protein expression'>.
LCM canalsobe combined with other technologies to elucidate cellular
heterogeneity and spatial variance, as demonstrated in Geo-seq"*.
Recently, LCM coupled with fluorescence imaging enabled deep pro-
teomic characterization of formalin-fixed, paraffin-embedded tissues
using mass spectrometry'”. LCM-based methods allow full gene or
protein profiling at asingle-celllevel including positional information,
butthey canassay only asmall number of cells. Despite this limitation
inthroughputandinability to map awhole tissue section pixel-by-pixel
atasingle-celllevel, LCM has the versatility toisolate a spatially defined
tissue region for multi-omics analysis.

Research and clinical applications of single-cell
multi-omics

Application of single-cell multi-omics to molecular and cell biology
is still in early stages, but it promises to be instrumental in detailing
complex cellularlandscapes. In this section, we discuss how single-cell

multi-omics improves our understanding of the molecular mecha-
nisms of tissue biology and the study of diseases, by uncovering cellular
heterogeneity and its mechanistic underpinnings and building integral
celllineage and cell atlas resources.

Tracing cell lineages

A principal application of single-cell sequencing is the establishment
and building of cellular lineage trees or phylogenies of disease evolu-
tion. These lineage treesinclude discovery of novel cell types, cell line-
age segregation, and identification of biomolecular markers through
densely characterizing cells at different stages in their development.
Here, we describe how the multi-omics technologies discussed in this
paper contribute to cell lineage analysis; we refer the reader to more
detailed reviews of the definition and single-omics applications of cell
lineage tracing™*"’.

Recent high-throughput, multiplexed sequencing techniques
have paved new directions for lineage tracing. Transcriptomes contain
ampleinformationabout cellidentity such as cell cycle phase, spatially
restricted expression of marker genes, expression signatures and
metabolic states of cells’. Clonal information can be encoded by DNA
oligonucleotide barcodes to record all cell division events within an
organism, which is sequenced and combined with other omics meth-
ods. Methods discussed above such as scTRIO-seq”® and scNMT-seq*
can be used to simultaneously sample genomic copy number varia-
tions, the DNA methylome, nucleosome occupancy and the transcrip-
tome of single cells to reveal new cell types and their rolesin astudied
lineage. Technologies for profiling the transcriptome in combination
with chromatin accessibility, DNA methylation, histone modifications
and nucleosome organization provide new insightsinto cell-typeiden-
tity and elucidate epigenetic processes involved in lineage priming'*.
Furthermore, combining the epigenome and transcriptome of single
cells can enable inference as to how DNA modifications can facilitate
celldifferentiation, which canbe tricky because epigenomiclandscapes
vary considerably between cells, but is nonetheless informative in
understanding the lineage-specific state of DNA methylation during
early differentiation stages.

Single-cell proteomics methods contribute to our understanding
of how protein levels change as cells differentiate by analysing lineage-
specifictranscriptionfactors and their abundance over time, ultimately
leading to the maintenance or emergence of a lineage trajectory'. The
recently developediTracer combinesreporter barcodes withinducible
CRISPR-Cas9ininduced pluripotent stem cell-derived organoids, and
is compatible with single-cell and spatial transcriptomics™°. IniTracer,
clone tracing and lineage recording at distinct time points occurs
through CRISPR-mediated gene perturbationincorporatedintoaline-
age recorder system that is based on the Sleeping Beauty transposon
system, which can undergo transposition into multiple genomic loci
within the cells'. Ultimately, this system can efficiently trace clones
from a pool of induced pluripotent stem cells, dynamically trace cell
lineage and align it with molecular state and location information using
the ‘Spatial iTracer’ software.

Finally, combining genome, transcriptome and lineage reporter
methods enables lineage tracing in diseases such as cancer, in which
elucidating the persistence of epigenetic states together with genetic
mutations can lay a foundation for rational design of therapeutics,
as shown by a study elucidating the relevance of single-cell lineages
in glioblastoma drug resistance'”. Another study combined single-
cell transcriptome and DNA methylome data to construct a chronic
lymphocytic leukaemia (CLL) lineage tree based on random DNA
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Table 2 | Multi-omics contributions to cell atlases

Atlas name Source material Incorporated data types Refs.
Human Cell Atlas (HCA) Human tissues and cells Genomics, transcriptomics, single-nucleus RNA-seq, 151152
epigenetics, proteomics, spatial omics
Encyclopedia of DNA Elements (ENCODE) Human and mouse tissues and cells Functional genomics, transcriptomics, DNA accessibility, RNA 148
binding, DNase-seq, DNA methylation, 3D chromatin structure
Genotype-Tissue Expression (GTEX) Human tissues and cells Transcriptomics, QTLs, histology images 183
Human Protein Atlas (HPA) Human tissues and cells Proteomics, transcriptomics 184
The Cancer Genome Atlas (TCGA) Cancer and matched-normal human Genomics, epigenomics, transcriptomics, proteomics 147
tissues and cells
Molecular Taxonomy of Breast Cancer Human breast cancer tumours and Transcriptome, CNVs, SNPs 185
International Consortium (METABRIC) cell types
Omics Discovery Index (OmicsDI) Humans, model organisms, non-model Genomics, transcriptomics, proteomics, metabolomics 186
organisms
COvid-19 Multi-omics Blood ATlas Human blood from persons with COVID-19  Transcriptomics, epigenomics, proteomics, TCRs and BCRs 187
(COMBATdb) and healthy individuals
Aging Atlas (AA) Human and mouse tissues and cells Transcriptomics, epigenomics, proteomics, 188

pharmacogenomics

BCRs, B cell receptors; CNVs, copy number variants; DNase-seq, DNase | hypersensitive site sequencing; QTLs, quantitative trait loci; SNPs, single-nucleotide polymorphisms;

TCRs, T cell receptors.

methylation changes, finding that certain CLL lineages were prefer-
entially affected by drug treatment'*. The understanding of these CLL
lineages was further enhanced by transcriptomics data, revealing that
the cells affected by drug treatment differentially expressed genes
involved in certain cell signalling pathways. Tracing cell lineage can
also provide valuable insights into how immune cells react to infec-
tion, how they differentiate and the mechanisms that underlie their
fate, as shownin arecent study combining scRNA-seq and scTCR-seq
for tracing clonal expansion and differentiation of CD8" T cells, ulti-
mately delineating pathways leading to cell exhaustion'**'*, Lineage
tracing may also be performed with spatial resolution in combina-
tion with scRNA-seq and other single-cell modalities to characterize
cell organization dynamics and to differentiate between molecular
properties and morphology'’. Altogether, single-cell multi-omics has
had a large impact on cell lineage classification for disease, tumour
classification and our understanding of evolution of cell states
andtypes.

Production of cell-type atlases of various organs

Single-cell multi-omics datasets and their inherent complexity increase
across the number of samples, conditions and methods used for data
acquisition. Current methods of integrating multi-omics datafocus on
alleviating batch effects and maintaining biological variation. Multiple
groups have published atlas resources for community use, butin this
Review, we only highlight atlases encompassing multi-omics datasets
(Table2). The Cancer Genome Atlas (TCGA) is a cancer-specific multi-
omics data resource characterizing over 20,000 primary cancer and
corresponding normal samples from 33 cancer types, representing data
from genomic, epigenomic, transcriptomic and proteomic modalities.
Asthelargest repository of cancer multi-omics data, TCGA resources
are invaluable for the scientific community. One group combined
prostate cancer RNA-seq and SNP data to identify risk-modulating
non-coding RNA, demonstrating the application of multi-omics TCGA
data integration'**'”, The Encyclopedia of DNA Elements (ENCODE)
project consortium was piloted in 2003 and has since scaled up to

define and annotate functional elements in both human and mouse
genomes using multi-omics sequencing'*®. Recently, part of its bulk
epigenomics datawas deconvolved into specific cell-type assignments
using scRNA-seq"*’, which further refines the data annotation. Other
consortia aim to provide comprehensive multi-omics atlases of the
heart, lung, blood, sleep disorders and ageing, allincorporating thou-
sands of datasets to identify cell types associated with disease onset
and progression™°.

The firstuniversal human cell atlas, Human Cell Atlas Project, was
launched in 2017, aiming to provide an open-access resource used to
integrate all single-cell omics data in one atlas to deepen our under-
standing of cellular development, physiology and intercellular interac-
tions, and to predict the effects of cellular perturbations or mutations
onultimately every cell type in the human body™"**. The data collection
of the project mainly uses single-cell genomics methods including
single-cell multi-omics and spatial technologies. Recently, spatial
multi-omics datahave beenused to add tissue context to cell genomic
annotations throughintegration of multiple complementary techno-
logies. This combination adds a valuable parameter to atlas production
asspatial distribution of cells can tie multi-omics signatures of specific
cell types with their localization within the tissue'>.
Tumourimmunology and cancer genetics
Single-cell multi-omics technologies have added unprecedented
breadth and depthintoresearch of a variety of diseases including viral
infections such as SARS-CoV-2 (ref.154), cardiovascular diseases', neu-
rological disorders™®and others. However, more comprehensive and
transformative insights were generated inimmuno-oncology research,
including but not limited to defining tumour and immune cell states
andrevealing theinterplay betweenthemin specific disease contexts,
inferring the complex nature of antigen-immune receptor dynamics,
identifying predictive biomarkers of treatment response and providing
directions for the development of therapeutics for multiple cancer
types. In this section, we discuss a few recent examples of the impact
of single-cell multi-omics on cancer research.
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Very recently, a newly developed spatial technology, slide-DNA-
seq, was used to preserve local tumour architecture, enabling the dis-
covery of distinct tumour clones and their copy number variations™”.
The method was applied to amouse metastasis model and to primary
human cancer, revealing spatially distinct clonal populations and
uncovering genes associated with clonal variation and the local tumour
microenvironment. Another study applied gainand loss of function of
CPTIA, which encodes a fatty acids metabolism enzyme, to elucidate
genetic and metabolic vulnerabilities in prostate cancer™®. Integrated
analysis of transcriptomics and metabolomics revealed that CPTIA
overexpressionis detrimental to individuals with prostate cancer and
may support disease progression. Another group performed integra-
tive analysis of metabolomics, transcriptomics and genetic data to con-
firm metabolic pathways in non-small-cell lung cancer and elucidate
metabolites and genes contributing to platelet activation, haemostasis,
angiogenesis and cell proliferation'®. Furthermore, this study led to the
discovery of key factors in the gene-metabolite interaction network,
metabolites, cell cycle genes and genes of the p53 signalling pathway,
which may have important roles in disease mechanisms. A combina-
tion of ChIP-seq and transcriptomics was used to detect enrichment
of histone modifications associated with tumour-specific variance
in gene expression changes, sites of human papillomavirus integra-
tion into the genome and human papillomavirus-associated histone
enrichment sites in human cancer cell lines'.

Mediators of cancer progression have also been studied using
multi-omics methods. Study of the effects of inactivation of the sig-
nal transduction factor SMAD4 on the transcriptome, proteome and
secretome led to the identification of three SMAD4-mediated pro-
cesses that may promote metastasis in individuals with advanced
colorectal cancer'®. Proteomics, genomics and phosphoproteomics
methods were combined to classify hallmarks of lung cancer tumour
progression in a large study of non-smoking individuals with early-
stage tumours'®. Specifically, proteomics clustering distinguished
clinical features, biomarkers and druggable targets in early stages of
lung adenocarcinoma. Another study applied single-cell multi-omics
integration of DNA accessibility, gene expression and protein abun-
dance to mixed-phenotype acute leukaemia models, determining
that the gene RUNXI, encoding a transcription factor, is a potential
oncogene in mixed-phenotype acute leukaemia associated with poor
survival'®®, Additionally, peak-to-gene link analysis was performed
by linking differentially accessible genomic regions, depicted as
peaks, to known leukaemia genes, showing that specific peak-to-gene
links were enriched in immunity regulation. This study establishes a
unique approach to deconstructing cancer-specific features through
use of multiple single-cell omics methods, revealing the molecular
mechanisms of disease progression.

These methods have also been used to study immune-checkpoint
blockade (ICB) therapies for human cancer. One study resolved how
tumour-reactive T cells respond to ICB in different tumour types by
analysing previously published single-cell transcriptomics, epigenom-
icsand TCR data, finding that the presence CXCL13*CD8" T cells corre-
lated with favourable response to ICB'**. Another study integrated the
spatial phenotypes and immunity effectors panel of Akoya Biosciences
with multiplexed immunofluorescent imaging, scRNA-seq and TCR
repertoire analysis to elucidate T cell evasion pathways in response to
ICBintriple-negative breast cancer'®, The spatialimmunophenotypes
wereassigned in triple-negative breast cancer through aspatial pheno-
type classifier, which predicted responses to treatment. Single-cell
multi-omics has also been applied to assess chimeric antigen receptor

(CAR) T cell therapyinacute lymphoblastic leukaemia, combining tran-
scriptomics and proteomics data to determine the molecular basis of
phenotypic differences between complete remission, non-responsive
and relapsed individuals'®. This analysis led to discovery of T,;2 cell
pathways and related genes as potential targets for maintaining 5-year
remission following CAR T cell immunotherapy. We anticipate that
broader applications of spatial and single-cell multi-omics techno-
logies together withcomputational methods will create anintegrative
framework with which to understand the complex nature of cancer
heterogeneity.

Computational tools used for integration of
multi-omics data

Despite the proliferation of and advancements in experimental meth-
ods that simultaneously profile more than one omics modality, amajor
hurdleinthefieldistheinherent complexity of multi-omics datainte-
gration. Different omics layers contain distinct feature spacesthat can
reveal the underlying mechanisms of the regulation and functionality of
diverse cell types, thereby providing acomprehensive understanding
of cellular processes (Fig. 4c). Although recent experimental multi-
omics strategies can measure different modalities within the same
single cell, large amounts of single-cell data consist of unpaired observa-
tions on different cells. Current tools used for the joint analysis of multi-
plesingle-cell omics modalities can be broadly classified into matched
orunmatched pipelines (Table 3). In matched pipelines, various omics
layers are measured simultaneously from the same single cell, whereas
unmatched pipelines have unaligned omics layers that were produced
by different experiments. Integration of unpaired multi-omics datais
limited by theinherent information loss that comes from tying together
distinct feature spaces of varying multi-omics modalities. A general
solution to this obstacle is to project cells into a co-embedded space
or nonlinear manifold to find a commonality between all cells. Seurat
v3andlinked inference of genomic experimental relationships (LIGER)
are examples of unmatched pipelines, which use canonical correla-
tion analysis or non-negative matrix factorization to identify ashared
biological space that jointly embeds different omics modalities from
different cells by integrating datasets together with pairs of mutual
nearest-neighbour cellsserving asan ‘anchor’ and representing asimilar
biological state to guide dataset integration'*"'*, A recent unmatched
method, graph-linked unified embedding (GLUE), achieves triple-omics
integration while simultaneously inferring regulatory interactions. In
GLUE, agraph variational autoencoder learns feature embeddings from
previous biological knowledge, whichis then used to reconstruct and
linkomics data through aninner product with cellembeddings thatare
aligned further in subsequent steps'®’. More recently, a suite of meth-
ods demonstrated how to integrate unmatched datasets through the
use of separately collected multi-omics datasets, which can facilitate
accurate integration. These methods include StabMap'°, Cobolt'”,
MultiVI? and ‘Bridge Integration’ in Seurat v5 (ref. 173). By making
use of bona fide multi-omics profiles, these methods can outperform
unmatched integration strategies and facilitate an experimental design
for cross-modality in which multi-omics datasets are only collected in
asubset of experiments.

Future advancements in computationalunmatched dataintegra-
tion are essential because there is a high quantity of single-modality
single-cell data generated that can inform new biological insights. By
contrast, paired experimental methods (10x Multiome, SHARE-seq®’,
DBiT-seq'?’, SNARE-seq”, CITE-seq®® and others) are easier to work with
computationally as different modalities can be tethered to asingle cell
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Table 3 | Timeline and integration capacity of multi-omics computational methods

Year Name Methodology Integration capacity Ref.
From same single cell (matched)

2019 SCHEMA Metric learning-based method Chromatin accessibility, mRNA, proteins, immunoprofiling, 189

spatial coordinates
2020 Seurat v4 Weighted nearest-neighbour mRNA, spatial coordinates, protein, accessible chromatin, 174
microRNA

2021 DCCA Variational autoencoders mMRNA, chromatin accessibility 190
2021 DeepMAPS Autoencoder-like neural networks mMRNA, chromatin accessibility, protein 175
2019 citeFUSE Network-based method mMRNA, protein 191
2020 MOFA+ Factor analysis mRNA, DNA methylation, chromatin accessibility 192
2020 scMVAE Variational autoencoder mMRNA, chromatin accessibility 193
2020 totalVl Deep generative mRNA, protein 194
2020 BREM-SC Bayesian mixture model mMRNA, protein 195
2022 SCENIC+ Unsupervised identification model mRNA, chromatin accessibility 176
2022 FigR Constrained optimal cell mapping mRNA, chromatin accessibility 177
2021 MIRA Probabilistic topic modelling mMRNA, chromatin accessibility 178
2023 CellOracle Modelling gene regulatory networks mMRNA, CRISPR screening, chromatin accessibility 179
2022 MultiVelo Probabilistic latent variable model mRNA, chromatin accessibility 180
From different single cells (unmatched)

2019 Spectrum Weighted nearest-neighbour microRNA, mRNA, protein 196
2020 BindSC Canonical correlation mMRNA, chromatin accessibility 197
2019 MMD-MA Manifold alignment mMRNA, chromatin accessibility, DNA methylation, imaging 198
2019 MusSiC Unsupervised topic modelling mMRNA, CRISPR screening 199
2019 Seurat v3 Canonical correlation analysis mRNA, chromatin accessibility, protein, spatial 167
2020 UnionCom Manifold alignment mRNA, DNA methylation, chromatin accessibility 200
2019 CloneAlign Statistical method mRNA, DNA 201
2021 Pamona Manifold alignment mMRNA, chromatin accessibility 202
2022 GLUE Variational autoencoders Chromatin accessibility, DNA methylation, mMRNA 169
2019 LIGER Integrative non-negative matrix factorization mRNA, DNA methylation 168
2022 StabMap Mosaic data integration mRNA, chromatin accessibility 170
2021 Cobolt Multimodal variational autoencoder mMRNA, chromatin accessibility 7
2021 MultivI Probabilistic modelling mMRNA, chromatin accessibility 172
2022 Seurat v5 Bridge integration mRNA, chromatin accessibility, DNA methylation, protein 173

BREM-SC, Bayesian random effects mixture model; CRISPR, clustered regularly interspaced short palindromic repeats; DCCA, deep cross-omics cycle attention; DeepMAPS, deep learning-
based multi-omics analysis platform for single-cell data; FigR, functional inference of gene regulation; GLUE, graph-linked unified embedding; LIGER, linked inference of genomic experimental
relationships; MIRA, probabilistic multimodal models for integrated regulatory analysis; MMD-MA, maximal mean discrepancy-manifold alignment; MOFA+, multi-omics factor analysis v2;
MultiVI, multi-variational inference; MuSiC, multi-subject single-cell deconvolution; scMVAE, single-cell multimodal variational autoencoder; StabMap, stabilized mapping; totalVI, total

variational interference.

or a single spot; however, the sequencing capacity of each modality
causes the overall sample size to decrease. Recently, Seurat v4 used a
weighted nearest-neighbour analysis to integrate multiple modalities
measured from a single cell and collectively define a cellular state'™.
This unsupervised strategy learns cell-specific modality ‘weights’ that
contain the information from each modality to determine its signifi-
canceinsubsequent analysis steps. Another method, DeepMAPS (deep
learning-based multi-omics analysis platform for single-cell data), uses
afive-step framework to preprocess data, generate anintegrated cell-
gene matrix specific to multi-omics data types, use a heterogeneous
graph transformer model to generate a score for each cell indicating

its gene-to-cell significance, generate clusters and ultimately eluci-
date diverse biological networks for each cell type'”. To maximally
utilize all information from multi-omics data sets, it is indispensable
todevelopintegrative methods thatinclude matched and unmatched
samples and/or genes from the input data. Despite advancements in
the many computational integration tools for multi-omics and multi-
layered data, analysis of biological functionality of cell types and gene
regulatory networks remains a computational challenge.

Although multi-omics data canimprove and refine the definition
of cell state, these data also provide a unique resource for identify-
ing regulatory relationships between molecular modalities. These
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include SCENIC+", functional inference of gene regulation (FigR)"”’,
and probabilistic multimodal models for integrated regulatory analysis
(MIRA)"®, which model joint variation across paired transcriptomic and
scATAC-seq measurements to link enhancers to genes and to identify
transcription factors that drive cellular decisions. Similarly, CellOra-
cle' leverages multi-omics data, either collected in parallel or inte-
grated computationally, to learn gene regulatory networks and infer
theresultsofinsilico perturbations, whereasinsilico ChIP-seq predicts
transcription factor binding at individual cis-regulatory elements'”’.
These methods can also be extended to model post-transcriptional
regulation and predict future cellular states, such as MultiVelo, which
integrates chromatin accessibility and gene expression to estimate
chromatin accessibility switches and gene splicing states'’. These
computational approaches will enable multi-omics single-cell analysis
notonly toimprove our understanding of cellular taxonomies, but to
further our understanding of fundamental molecular processes such
as gene regulation.

Conclusions and future perspective

Single-cell multi-omics have already become integral methods for elu-
cidating the complexity of biological processes, especially when facing
rare diseases and cell types. Despite recent advancements, multi-omics
techniques need to be improved or explored further to have a more

profound and broad impact in molecular cell biology. For example,
benchmarking emerging computation tools to aid in multi-omics
research hasbecome crucial as most multi-omics methodsrely on these
computationalmethods for dataintegration and analysis. Furthermore,
itis difficult to obtain matched or same-experiment datasets character-
izing different omics layers along with gold-standard datasets, posing
anurgent need for benchmarking multi-omics studies and generating
guidelines for data analysis.

Other challenges include high sequencing costs and limited cov-
erage of single cells, for which each omics layer can only be partially
profiled, thusresulting inloss ofimportant data. In the effort to capture
moreinformative and complete genomic data, long-read technologies
can advance the detection of genetic variation in cells, but still face
limitations of low sequencing accuracy and difficulty in obtaining
intact DNA and full-length RNA from clinical samples''. The emergence
of spatial omics is transforming our understanding of the molecular
mechanisms behind disease by providing spatial coordinates of cells,
thus tracing back the location of cells (and their associated multi-omics
readouts) within tissues. Most of the current spatial technologies are
low throughput in the number of tissues they can process simultane-
ously and therefore cannot fully capture the 3D architecture of atissue.
Furthermore, the relatively small capture arealimits their application
inthe complete profiling of most human tissue sections.

Glossary

Barcoding
Labelling of individual cells with unique
nucleic acid sequences (barcodes).

Feature spaces
The n dimensions in which your
variables live.

Cell multiplexing

The labelling of a sample of cells

Immune-checkpoint
blockade

Omics
Technologies characterizing

Signal and allelic drop-outs
The loss of an allele during DNA
biomolecules that constitute and amplification through PCR.

determine the structure, function

Splint oligonucleotides
Short, synthetic single-stranded

and dynamics of an organism.

or nuclei with molecular tags or
oligonucleotides, followed by mixing
of this sample with other tagged or
labelled samples.

Chimeric antigen receptor
(CAR) T cell therapy

A form of immunotherapy that
harnesses the power of the immune
system to attack cancer cells by
weaponizing the T cells of the patient
with a chimeric antigen receptor.

Copy number variations
Variations in the number of copies of a
specific DNA segment in the genomes
of different individuals owing to
duplications, deletions and insertions.

CpG islands

Regions in gene promoters with over
50% CpG dinucleotide content, which
are often methylated and function in
gene regulation.

(ICB) A type of immunotherapy that
blocks immune checkpoint proteins
from binding their ligands.

Molecular bridging

A phenomenon in which two molecules
are linked or bridged together by
another molecule, often an antibody
oraDNA molecule.

Multi-omics

Two or more omics datasets
originating from different cellular
features.

Multiplexing

Consolidation of multiple data sets.

Padlock probes
Oligonucleotides whose ends are
complementary to adjacent target
sequences.

Phagemid
Atype of DNA-based cloning vector.

Proximity extension assay
(PEA) An immunohistochemistry

tool used for the detection of
low-abundance proteins in the blood.

Pseudotime

Latent dimension measuring the
progression of a cell along its
differentiation trajectory.

Nonlinear manifold
The recovery of the true dimensionality
of data.

Sequencing-by-ligation

DNA sequencing using multiple primers
offset by a single base in the 3'end

of the adapter, using the mismatch
sensitivity of DNA ligase to determine a
given set of nucleotides that make up

a DNA sequence.

DNA molecules that are used to
help circularize and amplify a target
DNA sequence.

Spot size

In spatial profiling, the size of a
region that has a unique barcode,
which distinguishes it from other
regions.

Tagmentation

Fragmentation and tagging of DNA
molecules before library preparation
and sequencing.

V(D)J regions

The variable (V), diversity (D) and

joining (J) gene segments of the
immunoglobulin (Ig) and T cell receptor
(TCR) genes.
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Finally, although many computational methods are offered for

pseudotime analysis of sScRNA-seq data, these methods are not always
accurateinreconstructing thetrajectory of cells through their develop-
mental processes, which are complex and dynamicin nature. [t would
therefore be necessary to apply the dimension of time to single-cell
multi-omics to unify the multi-omics layers of different datasets.
Improvements and advancements in the single-cell multi-omics field
will facilitate design of advanced therapeutic strategies and generate
atlases of multiple omics and timescales to aid in our understanding
of health and disease.

Published online: 6 June 2023
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