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Advances and applications in single-cell and spatial genomics
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The applications of single-cell and spatial technologies in recent times have revolutionized the present understanding of cellular states and
the cellular heterogeneity inherent in complex biological systems. These advancements offer unprecedented resolution in the examination
of the functional genomics of individual cells and their spatial context within tissues. In this review, we have comprehensively discussed
the historical development and recent progress in the field of single-cell and spatial genomics. We have reviewed the breakthroughs in
single-cell multi-omics technologies, spatial genomics methods, and the computational strategies employed toward the analyses of single-
cell atlas data. Furthermore, we have highlighted the advances made in constructing cellular atlases and their clinical applications,
particularly in the context of disease. Finally, we have discussed the emerging trends, challenges, and opportunities in this rapidly evolving

field.
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Introduction

The human body is a highly organized system of approximately
37 trillion cells encompassing hundreds of cell types (Han et al.,
2020; Jovic et al.,, 2022; Wen and Tang, 2022). Despite
originating from a single zygote, cells continue to accumulate
genetic and epigenetic mutations as they divide and grow
(Takeshima and Ushijima, 2019; Zong et al., 2012). In fact, cells
within the same tissue, organ, or cell type may contribute
differently to physiological or pathological processes. Under-
standing this heterogeneity at the single-cell level is crucial for
uncovering insights into developmental biology, disease mechan-
isms, and therapeutic strategies. Analyzing the human body at
the level of individual cells can facilitate data integration and
modeling across diverse tissues, thereby advancing our compre-
hension of human systems.

Chapter 1. Overview of single-cell and spatial
genomics

Conventionally, the genetic makeup of cells has been analyzed at
the molecular or cellular level with limited markers. Conven-
tional bulk-cell-based next-generation sequencing (NGS), also
known as bulk sequencing, analyzes cells from bulk tissues as a
whole and provides averaged signals from heterogeneous cell
populations. Through bulk sequencing, our understanding of
biology has revolutionized from relevant pathways to key genes,
but it is stuck at the molecular level as the differences between
individual cells are not inquired. Low-throughput techniques
such as single-cell polymerase chain reaction (PCR) and
immunofluorescence enable single-cell analyses, albeit only a
limited number of markers can be quantified this way (Kaur et
al., 2019). Thus, there is an urgent need to develop single-cell
sequencing technologies that can systematically profile indivi-
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dual cells.

To sequence single cells, it is a prerequisite to isolating single
cells from heterogeneous cell populations (Walker and Parkhill,
2008). Major challenges encountered in single-cell isolation are
the scalability and sensitivity of the isolation methods while
ensuring the quality and purity of the individual cells (Gross et
al., 2015). To tackle these challenges, various approaches have
been adopted, which are mainly based on the following three
principles (Hu et al., 2016a; Kaur et al., 2019): (i) physical
features, such as the size, density, electric charges, and
deformability; (ii) biological properties, such as the type of
surface proteins; (iii) molecular barcoding by using a split-pool
ligation-based strategy. Considering the various aspects of cell
input/output, automation level, scalability, and cell viability after
isolation, four major approaches have been adopted and widely
applied across laboratories, including micromanipulation, laser-
capture microdissection (LCM), fluorescence-activated cell sort-
ing (FACS), and microfluidics-assisted droplet encapsulation. Of
these approaches, microfluidics-assisted droplet encapsulation
exhibits better throughput performance and automation (Zhou et
al., 2021).

The second prerequisite of single-cell sequencing is to
effectively amplify trace amounts of genetic materials from single
cells (Walker and Parkhill, 2008). PCR with random or semi-
random primers has laid the groundwork for single-cell
amplification. Although it is bias-prone, PCR is widely used and
later optimized across diverse hybridization-based or isothermal
amplification methods (Kaur et al., 2019). The hybridization-
based methods encompass methods that have been modified from
the conventional PCR, including methods such as linker-adaptor
PCR, primer extension preamplification PCR, and degenerate
oligonucleotide-primed PCR. To overcome the limitations of
hybridization methods (e.g., low coverage, allele dropouts, and
amplification bias), the isothermal methods and in vitro
transcription (IVT) were subsequently developed (Kaur et al.,
2019; Walker and Parkhill, 2008).

Developed in parallel with single-cell genomic technologies,
spatial genomic methods preserve the position information and
map the spatial organization of gene expression and other
molecular features within tissues. Exciting progress has been
recorded for spatial transcriptomics (STs), which combines
spatial information with transcriptomics, thereby allowing gene
expression profiling while preserving tissue architecture. In
addition, multiplexed in situ hybridization detects multiple RNA
or DNA targets within a single tissue section and provides high-
resolution spatial maps of gene expression.

With technological advances in single-cell barcoding and
amplification, single-cell and spatial genomics has emerged,
wherein cells can be profiled with both molecular and position
indexes in a high-throughput manner. Recently, these technical
forces have contributed to the construction of comprehensive
cellular atlases involving mapping of the molecular character-
istics of all cell types within an organism. Further mapping of
cellular changes in various diseases can provide unprecedented
insights into disease mechanisms and potential therapeutic
targets. However, to fully realize the potential of these atlases,
we need to overcome several hurdles. Here, we have discussed
some of the key areas in the field of single-cell and spatial
genomics identified in the past decade and with potential in the
future.

https://doi.org/10.1007/511427-024-2770-x

Chapter 2. Single-cell sequencing technologies

So far, single-cell sequencing technologies have evolved from
transcriptome to genome, epigenome, and proteome, from
singular modality to multi-omics, from single-cell to subcellular,
and scaled up from dozens of cells to millions of cells (Figure 1).

Single-cell RNA-seq

scRNA-seq estimates the RNA molecules of individual cells and
provides a snapshot of the entire transcription landscape within
the assayed cell to reveal the genes that are being actively
transcribed into individual cells. Based on this information, the
cell identity, state, and type can be defined at a more granular
level (Cuomo et al., 2023). In a diploid cell, many expressed genes
have more than a dozen copies of the mRNAs, which makes it
relatively feasible to quantify them in individual cells (Wen and
Tang, 2022). For this reason, perhaps, scRNA-seq stands out as
the earliest, most commonly-used, and most cutting-edge
(especially in terms of throughput (Tanay and Regev, 2017)
technology that has been developed for single-cell sequencing.
The inaugural demonstration of scRNA-seq on a NGS platform
dates back to 2009 (Tang et al., 2009). This first model analyzed
the whole transcriptomic characterization of manually isolated
single cells. Since then, scRNA-seq has scaled up rapidly
(Svensson et al., 2020)—from only 8 cells in the first study to
more than 11 million cells in a recent publication (Qiu et al.,
2024). Over the ensuing nearly 15 years, the landscape of
scRNA-seq sequencing technologies has witnessed an unprece-
dented surge in terms of development and diversification (Table
S1). The conventional scRNA-seq workflow encompasses crucial
stages, including single-cell separation, library construction,
high-throughput sequencing, and subsequent data analysis. The
common steps involved in transcriptome library generation
include reverse transcription (RT) into first-strand cDNA, second-
strand synthesis, and cDNA amplification. Notably, diverse
scRNA-seq technologies exhibit distinct advantages and limita-
tions throughout the process. Although certain preliminary
technologies have now turned obsolete, some others have
undergone continuous refinements, such as the markedly
enhancing pace, throughput, sensitivity, coverage, capacity for
long reads, and overall consistency. Pioneering technologies
such as Smart-seq (Ramskold et al., 2012), introduced in 2012,
have now evolved into more advanced iterations such as the
recently updated Smart-seq3xpress (Hagemann-Jensen et al.,
2022). In plate-based scRNA-seq techniques such as Smart-seq
and CEL-Seq, the experimental cells are physically separated into
micro-well plates (such as a 96-well or 384-well plate) in a one-
cell one-well fashion, with only a few dozen or hundred cells
analyzed at a time. However, in the droplet-based strategy, such
as Drop-seq and inDrop, single cells are encapsulated into
microdroplets containing beads that are prebarcoded by unique
oligonucleotides. After cell lysis, mRNA molecules are hybridized
and reverse transcribed with the barcodes and then eventually
sequenced using labels that correspond to their cell origin
(Cuomo et al., 2023). Notably, only the 5’ or 3’ end of transcripts
is sequenced and thousands of cells are analyzed simultaneously.
The pivotal moment in scRNA-seq’s commercialization tran-
spired with the launch of 10x Genomics’ Chromium in 2015,
which provides a benchtop solution accessible to scientists and
catalyzing advancements in other commercial scRNA-seq
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Figure 1. Overview of single-cell technologies in different omics.

technologies (Zheng et al., 2017b). Together, these events have
helped to shape the dynamics and rapidly evolving landscape of
single-cell transcriptomics.

Single-cell separation

As the primary distinction from conventional sequencing
methods, the separation of single cells from samples is a crucial
step in gathering transcriptome information from individual
cells. Conventional techniques for single-cell separation have
been thoroughly scrutinized in other studies (Hwang et al., 2018;
Pensold and Zimmer-Bensch, 2020; Tan et al., 2010), including
limiting dilution, micromanipulation, LCM, and FACS. In low-
throughput scRNA-seq technologies (e.g., Smart-seq2 (Picelli et
al., 2013), single-cell universal poly(A)-independent RNA
sequencing (SUPeR-seq) (Fan et al., 2015b), molecular crowding
single-cell RNA barcoding and sequencing (mcSCRB-seq) (Bag-
noli et al., 2018), and massively parallel single-cell RNA-
sequencing (MARS-Seq) (Jaitin et al., 2014)), the single cells
obtained via these techniques can be individually segregated into
tubes, which subsequently undergo distinct reactions. Certain
conventional low-throughput methods for single-cell separation
have now evolved to facilitate detailed examination of intricate
solid tissues, rare samples, and even subcellular fractions. For
instance, LCM utilizes a computer-aided laser system for the
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precise dissection of single cells from tissues with spatial accuracy
(Chen et al., 2017b; Nichterwitz et al., 2016). A microfluidic
device based on micropillar arrays offers highly efficient isolation,
detection, and collection of low-abundance cells (e.g., circulating
tumor cells (CTCs)) (Chen and Wang, 202 3). Minimally invasive
nanotweezers allow spatially controlled extraction of samples
from living cells with single-molecule/organelle precision (Na-
dappuram et al., 2019).

An additional avenue within the design of single-cell separa-
tion methods seeks to optimize both throughput and efficiency.
The release of the first single-cell automated prep system,
Fluidigm C1, which can be implemented with CEL-Seq2
(Hashimshony et al., 2016) and Smart-seq/C1 (Shalek et al.,
2014), signified a significant advancement. Microwell-based
scRNA-seq methods (e.g., CytoSeq (Fan et al., 2015a), Seq-Well
(Gierahn et al., 2017), and Microwell-Seq (Han et al., 2018b)),
wherein cells are deposited into wells by gravity at random, offer
the advantages of low cost and high throughput. The introduc-
tion of droplet microfluidic technology has revolutionized cell
throughput (Wen et al., 2016). Basically, it enables the
encapsulation of single cells and reagents in independent
aqueous microdroplets (typically tens to hundreds of um in
diameter) in a high-throughput manner (e.g., Drop-seq (Macosko
et al., 2015), inDrop (Klein et al., 2015) and 10x Genomics’

https://doi.org/10.1007/511427-024-2770-x


https://doi.org/10.1007/s11427-024-2770-x

Chromium). Nevertheless, both microwell- and droplet-based
scRNA-seq methods rely on stochastic pairing of cells and
barcoded beads, which is constrained by the mathematical
principle of Poisson statistics, resulting in low utilization of both
the cells and beads. To resolve these limitations, innovative
approaches such as dTNT-seq (Bai et al., 2020), which integrates
dielectrophoresis (DEP)-trapping-nano well-transfer, and Well-
paired-seq (Yin et al., 2022), which consists of thousands of size
exclusion and quasi-static hydrodynamic dual wells, have been
developed to enhance microreactor and cell/bead capture
efficiency. Single-cell combinatorial indexing (sci), incorporating
in situ nucleic acids indexing and a “split-pool” strategy for
unique labeling, serves as a low-cost methodological framework
for high-throughput scRNA-seq (e.g., sci-RNA-seq (Cao et al.,
2017) and SPLiT-seq (Rosenberg et al., 2018)). Datlinger et al.
(2021) introduced a “single-cell combinatorial fluidic indexing”
(scifi) strategy and developed scifi-RNA-seq—a method that
combines one-step combinatorial preindexing of entire transcrip-
tomes with subsequent single-cell RNA-seq using microfluidics—
which eliminated the need for absolute single-cell separation and
overcame the limitations of Poisson distribution in encapsula-
tion. These limitations of single-cell separation methods originate
from the essential use of microwells or microfluidic devices
necessary for sample processing. The microfluidics-free particle-
templated instant partition sequencing (PIP-seq) (Clark et al.,
2023) allows single-cell encapsulation and barcoding of cDNA in
uniform droplet emulsions by using only a vortex. Recently, an
instrument-free SCRNA-seq method RevGel-seq (Komatsu et al.,
2023), which utilizes a reversible hydrogel, has presented a novel
cell-bead pairing strategy that does not require nanowells or
droplets, thereby introducing a new direction in the development
of single-cell separation in scRNA-seq technologies.

Droplet microfluidic technology also offers the benefits of
adaptability and transportability in high-throughput scRNA-seq.
Various cell characterization technologies can be incorporated
with microfluidic chips to further select specific cells during
single-cell separation, which can be achieved by regulating the
micron-diameter channels’ liquid flow. Computational Sorting
and Mapping of Single Cells (COSMOS) is a platform based on
artificial intelligence (AI) and microfluidics that can characterize
and sort single cells based on high-dimensional embedding
vectors of morphology without needing biomarker labels and
stains/dyes (Salek et al., 2023). In addition, an automated
Raman-based sorting method involves the use of optical tweezers
and microfluidics to sort individual cells of interest (Lee et al.,
2021). Digital microfluidics (DMF) is also an emerging technique
that employs dielectric wetting to precisely manipulate discrete
fluids, allowing efficient and non-destructive isolation of single
cells (Zeng et al., 2024).

Cell barcoding

A significant advancement that substantially elevates the
enumeration of profiled single cells involves the introduction of
single-cell tagged reverse transcription (STRT-seq) (Islam et al.,
2011), which uses cell-specific barcodes allowed for multiplexed
single-cell RNA-seq on the Illumina platform. Barring these low-
throughput scRNA-seq technologies (e.g., Smart-seq2, Smart-
seq/C1, SUPeR-seq, multiple annealing, and dC-tailing-based
quantitative single-cell RNA-seq (MATQ-seq) (Sheng et al.,
2017)), virtually all scRNA-seq technologies utilize cell-specific
barcodes, each employing distinct application methodologies.

https://doi.org/10.1007/511427-024-2770-x

The cellular origin of RNA is labeled with specific-barcoded RT
primers, e.g., MARS-Seq, Drop-seq, CytoSeq, and vast transcrip-
tome analysis of single cells by dA-tailing (VASA-seq) (Salmen et
al., 2022). To further facilitate scalable profiling of single cells,
cost-effective and high-throughput scRNA-seq methods (e.g., sci-
RNA-seq, SPLiT-seq, and sci-RNA-seq3 (Cao et al., 2019)) have
been developed, wherein cells are combinatorial indexed by RT,
cDNA ligation, and PCR. The majority of droplet- and microwell-
based scRNA-seq technologies incorporate microparticles or
hydrogel microspheres (beads), each with distinct barcoded
primers. Each barcoded bead is coencapsulated with an
individual cell and reaction reagents utilizing microfluidic chips.
However, the diversity of such barcoded beads presents a
considerable challenge for these bead-based high-throughput
scRNA-seq methods. Drop-seq introduced a 12-round “split-and-
pool” strategy to directly synthesize oligonucleotide primers on
beads. inDrop and Microwell-Seq synthesized the library of
barcoded hydrogel microspheres using two or three split-pool
rounds of hybridization and primer extension. Generally, among
all cell barcoding methods, the microwell- and nanowell-based
methods demonstrate comparable sensitivity, throughput, and
lower cost when compared with the droplet platform method.
The stability of commercialized equipment in both droplet and
microwell platforms has provided diverse choices for users based
on the sample size, cell size, and budget. The droplet platform
may not be appropriate for large cells that can lead plugs. On the
other hand, pool-split indexing methods are convenient and
require no special equipment, making them suitable for almost all
laboratories (does not need an automatic pipetting system).
Nonetheless, there is a drawback to the need for manual pipetting
proficiency to ensure reproducible outcomes.

c¢DNA library generation strategies

Together with the enhancements in throughput, the cDNA
library generation of scRNA-seq technologies has incessantly
evolved to amplify the sensitivity and accuracy of RNA in single
cells. This aspect remains the most salient distinction among
various scRNA-seq methods. In the following section, we have
reviewed these diverse strategies.

Before the library generation reactions, some of these scRNA-
seq technologies (e.g., droplet-based Drop-seq and microwell-
based CytoSeq) lyse single fresh cells in separated chambers and
capture the released RNA molecules through hybridization using
primers. Some scRNA-seq technologies (e.g., plate-based SPLiT-
seq, microwell-based Microwell-seq 2.0 (Chen et al., 2021a),
Microwell-seq3 (Ye et al., 2024b), and droplet-based snRandom-
seq (Xu et al., 2023f)) are compatible with fixed cells and nuclei,
allowing the capturing of RNA molecules and the generation of
c¢DNA through an in situ RT reaction.

scRNA-seq methodologies can be categorized into three major
types—oligo-dT, random/not-so-random primer (NSRs), and
probe-based—depending on the primers employed for the initial
cDNA synthesis. Ever since the first scRNA-seq of Tang et al.
(2009) a significant proportion of classical scRNA-seq technol-
ogies use oligo-dT primers for the first-strand cDNA synthesis.
Oligo-dT priming is an efficient approach to capturing mRNAs
with minimal uninformative reads (e.g., those derived from
rRNAs). The state-of-the-art oligo-dT-based scRNA-seq methods
(e.g., plate-based Smart-seq2, droplet-based 10x Genomics’
Chromium, and microwell-based CytoSeq) are adequately
sensitive to quantify and determine cell states with high
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accuracy. Nevertheless, this strategy solely captures and
amplifies polyadenylated RNAs to consequently yield an in-
complete depiction of the transcriptome. Moreover, the oligo-dT-
primed cDNA synthesis requires high-quality intact RNAs,
thereby precluding the application of oligo-dT-based scRNA-seq
technologies with samples that are deteriorated or degraded (e.g.,
formalin-fixed paraffin-embedded (FFPE) samples). Random
priming is another approach for the first-strand cDNA synthesis,
which can cover full-length of any size of transcripts. SUPeR-seq
introduced random primers to enable the simultaneous detection
of both poly(A)+ and poly(A)— RNA species (e.g., circular RNAs).
MATQ-seq is more sensitive with the use of RT primers that
consist of the MALBAC primer, three consecutive G or T, and 20
consecutive T (dT20). RamDA-seq combined a novel RT
technology: RT with random displacement amplification (RT-
RamDA) and NSRs (Hayashi et al., 2018). The high-throughput
MATQ-drop (Niu et al., 2023), snRandom-seq (Xu et al., 2023f),
and snHH-seq (Chen et al., 2024a) also used random primers for
total RNA capture and average gene body coverage. 10x
Genomics’ Chromium Single Cell Gene Expression Flex applies
probe-based chemistry for RNA capture in relatively low-quality
fixed samples. In the FFPE samples with worse RNA quality, the
random primer-based snRandom-seq displayed much higher
sensitivity when compared with other probe-based (snPATHO-
Seq (Vallejo et al., 2022)) or poly(A)-based (snFFPE-seq (Chung
et al., 2022)) scRNA-seq methods of FFPE samples.

Once the RNA molecule undergoes RT into cDNA, the
comprehensive amplification of the cDNA library is mandated
before its in-depth sequencing. Presently, scRNA-seq primarily
employs three strategies for cDNA library amplification, namely
PCR-based amplification, linear isothermal amplification via T7-
based IVT, and amplification utilizing Phi29 DNA polymerase. As
the Phi29 DNA polymerase-based amplification has not been
updated recently, we have reviewed scRNA technologies using
PCR- and IVT-based amplification.

Based on the synthesis pattern of second-strand cDNA with a
second anchor sequence for PCR amplification, PCR-based
amplification can be categorized into homopolymer tailing,
template-switching, and random priming. In the first scRNA-
seq research by Tang et al. (2009), ~30-nt polyA tails are
attached to the first-strand cDNA at the 3’-end through terminal
deoxynucleotidyl transferase. Subsequently, a second poly(dT)
primer, anchored differently, is employed to procure double-
stranded DNA, which is subsequently amplified via PCR.
Subsequent Quartz-Seq (Sasagawa et al., 2013), MATQ-seq,
snRandom-seq, and snHH-seq also adopted a similar homo-
polymer tailing strategy. Considering that the polyA or polyC tail
can be added to any excrescent RT primers, the cDNA library will
contain byproducts from the surviving primers. In Quartz-Seq, all
the steps of the whole-transcript amplification are executed in a
single PCR tube. The preponderance of superfluous RT primer is
digested by exonuclease I, while the amplification of byproducts
is inhibited through the application of suppression PCR primer.
Conversely, in MATQ-seq, the excrescent RT primers are digested
by adding T4 DNA polymerase into the original reaction tube to
avoid the production of by-products. The droplet-based MATQ-
drop, snRandom-seq, and snHH-seq are performed on fixed single
cells or nuclei, which allow indirect washing with buffer after the
RT reactions. STRT-seq was the first to introduce a template-
switching strategy for second-strand cDNA synthesis. In STRT-
seq, mRNA is reverse-transcribed into cDNA by a tailed oligo-dT
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primer with a barcode and an upstream primer-binding
sequence, and the barcode is introduced into the 5’-end of the
transcripts by Moloney Murine Leukemia Virus reverse tran-
scriptase (MMLV RT) (Zhu et al., 2001). Smart-seq epitomizes a
robust and precise methodology that enhances read coverage
across transcripts, with marked sensitivity and accuracy in
quantification. It also leans heavily on the terminal transferase
and template-switching activities intrinsic to MMLV RT. It has
been hypothesized that template switching transpires sequen-
tially, wherein once the RT reaction reaches the 5’-end of an
RNA molecule, there is an untempled appendage of three
protruding nucleotides (+CCC) to the 3’-end of the nascent
c¢DNA, which then hybridizes with the complementary rGrGrG
3'-end of the template-switching oligo (TSO), thereby facilitating
RT to swap its template and resume transcription. The SMART
strategy, which significantly enriches transcripts with intact 5'-
ends and eliminates the second-strand synthesis, is the most
feasible strategy to integrate with plate-, microwell-, or droplet-
based full-length scRNA-seq methods. Thus, the switching
mechanism at the 5-end of the RNA template (SMART) has
become the most common strategy used by Smart-seq2, CytoSeq,
Drop-seq, and 10x Genomics’ Chromium. An IVT strategy based
on T7 RNA polymerase was developed for the synthesis of the
second strand without any need for an anchor sequence. The IVT
strategy has been adopted by several scRNA-seq technologies,
such as CEL-Seq (Hashimshony et al., 2012), CEL-Seq2, MARS-
seq, and inDrop. CEL-seq is the first method to employ IVT in
scRNA-seq, which overcomes the limitation of the small initial
amounts of RNA. In CEL-seq, the amplified RNA via IVT strategy
is fragmented to a size distribution appropriate for sequencing
and then converted into a library compatible with Illumina
sequencing through ligation with the 3’ adaptor. However, the
ligation step is not efficient and introduces primer dimers that
interfere with sequencing. CEL-Seq2, a refined iteration of CEL-
Seq executed on Fluidigm’s C1 system, dispenses with the
ligation phase by incorporating the Illumina adaptor directly
during the second RT step, serving as a 5'-tail affixed to a random
hexamer. MARS-Seq provided an optional addition of plate
barcode by ligating the 3’ adaptor on the amplified and
fragmented RNA. In inDrop, the amplification of RNA according
to CEL-Seq was conducted in nanoliter droplets. The recently
reported high-throughput VASA-seq also embraced this IVT
tactic. However, it involves the engagement of a picoinjection
apparatus for two successive operations in the droplets of VASA-
seq, which poses a challenge to its broad application due to the
increased complexity. Although Quartz-Seq uses a homopolymer
tailing strategy for the cDNA library amplification, IVT has been
used in the Quartz-Chip method to synthesize labeled cRNA from
the amplified cDNA for the microarray analysis.

Transcript coverage in ¢cDNA library generation

Predicated on the transcript coverage, these scRNA-seq technol-
ogies present a clear demarcation into 3’-end, 5’-end, and full-
length modalities. Traditional NGS is restricted to abbreviated
transcript fragments, introducing a noticeable 3’-end bias in read
distribution for high-throughput scRNA methodologies that use
oligo-dT priming, such as Drop-seq, inDrop, and 10x Genomics’
Chromium (Zhang et al., 2019d). Conversely, 5'-tag counting
scRNA-seq methods like STRT-seq and STRT-seq-2i (Hochgerner
et al., 2017) exhibited a bias toward the 5-end of transcripts.
Although both 5-end and 3'-end scRNA-seq demonstrated
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comparable cell typing capabilities, 5’-end approaches offer
specific advantages in certain applications. For instance, C1
Cap analysis gene expression (C1 CAGE) (Kouno et al., 2019)
employed an original sample multiplexing strategy in the C1
microfluidic system for the detection of transcription start sites
and enhancer activity at single-cell resolution. In addition,
scBCR-seq (Goldstein et al., 2019), which combines 5'-end
scRNA-seq with single-cell V(D)] sequencing, profiled B cell
receptor repertoires. The ultra-high throughput 5’-end scRNA-
Seq method FIve PRime End Single-cell Combinatorial Indexing
RNA sequencing (FIPRESCI) (Li et al., 2023d) combines in situ
preindexing using Tn5 transposomes with droplet template
switch oligo (TSO) barcoding, thereby allowing sample multi-
plexing and multimodal profiling of the entire transcriptome and
immune receptor repertoire. However, the 3’- or 5-end bias
limits the mutation and splicing analysis (Chen et al., 2024a).
Smart-seq2 has been the gold standard for full-length scRNA-seq
owing to its sensitivity and robustness. Each specimen procured
via the low-throughput oligo-dT-based Smart-seq2 undergoes
individual processing. The cDNA libraries of Smart-seq2, once
fragmented, are primed for thorough sequencing and deeper
analysis. This step unlocks opportunities for characterizing splice
isoforms, allelic variants, and single-nucleotide polymorphisms
at a single-cell resolution. High-throughput VASA-seq employs
oligo-dT primers as well but staggers and polyadenylates every
RNA molecule in a lysed single cell, thereby facilitating the
apprehension of total RNAs via oligo-dT primers. Even SUPeR-
seq, which uses random (AnchorX-T15N6) primers, shows mild
3'-end bias. In fact, some scRNA-seq technologies like MATQ-seq,
snRandom-seq, and snHH-seq also incorporate random primers,
thereby integrating a multiple annealing tactic during the RT
process for the capturing of full-length transcripts.

Sample multiplexing in ¢cDNA library generation

Pre-indexing based on separated tagmentation or RT provides an
effective way for sample multiplexing. Multiplexing for distinct
samples in one experiment can be achieved through antibody
labeling, genetic barcoding, and click chemistry reactions. Cell
Hashing (Stoeckius et al., 2018) used oligo-tagged antibodies
against ubiquitously expressed surface proteins to mark cells
obtained from different samples. The mimic poly-A tails in the
oligos were captured and analyzed in the sequencing data to
distinguish these samples. This method was then further
developed to simultaneously analyze target proteins and RNA
at a single-cell level. In contrast, CellTag Indexing (Guo et al.,
2019) used heritable predefined genetic barcodes to label
different cell types sourced from different samples, which allows
long-term cell tracking both in vitro and in vivo. The genetic
barcoding strategies were adapted to gene expression perturba-
tion and lineage tracing. For sample multiplexing based on click
chemistry reaction, the “ClickTags” method (Gehring et al.,
2020) involved rapid cross-linking reaction along with the
identification of methyltetrazine-modified DNA oligonucleotides
by using cross-linker NHS-trans-cyclooctene (NHS-TCO). An-
other method, MULTI-seq, used lipid- and cholesterol-modified
oligonucleotides as an anchor with plasma membranes for cell
labeling (McGinnis et al., 2019). In general, click chemistry
reactions can provide flexible and effective labeling approaches
for cells, nuclei, and molecules. Thus, the modifications of DNA
and proteins can thereby be distinguished and sequenced by
other multi-omics methods.
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RNA dynamics

scRNA-seq of gene expression dynamics can provide unique
insights into transcription perturbation during development,
drug treatment, and disease progression. Time-resolved dimen-
sion of RNA synthesis in the system can achieve temporal
resolution, which is important in an organism. In 2019, single-
cell, thiol-(SH)-linked alkylation of RNA for metabolic-labeling
sequencing (scSLAM-seq) (Erhard et al., 2019) and new
transcriptome alkylation-dependent single-cell RNA sequencing
(NASC-seq) (Hendriks et al., 2019) utilizes nucleoside analog 4-
thiouridine (4sU) and iodoacetamide-based chemical conversion
reactions to label new RNA during transcription. The abundant
T-C conversions in new RNA distinguish them from unlabeled
“old” RNA. In 2020, sci-fate (Cao et al., 2020b) and scNT-seq
(Qiu et al., 2020) reported similar metabolic labeling methods by
using split-pool indexing and droplet microfluidics platform to
achieve high-throughput sequencing of RNA dynamics in single
cells, respectively. In addition to these metabolic labeling
methods, Liver-seq allows direct extraction of RNA in single cells
through fluidic force microscopy and preserves cell viability
(Chen et al., 2022b). However, the equipment and throughput
restrict its further application. Recently, single-cell nascent RNA
sequencing (scGRO-seq) employed click chemistry rather than
metabolic labeling to directly evaluate new RNA and to
transcribe RNA polymerases in single cells (Mahat et al.,
2024). The dynamic landscape of global transcription unveiled
co-transcription between pluripotency genes and their enhan-
cers.

Single-microbe RNA-seq

Microbial traits exhibit both heterogeneity within populations
and precise transcriptional control, which emphasizes the need
for conducting single-microbe transcriptional analyses. However,
the existing scRNA-seq technologies face substantial incompat-
ibility with single-microbe RNA-seq due to several formidable
technical challenges. For instance, a prime constraint arises from
the lack of 3’-end poly(A) tails in bacterial mRNAs, which are
significant capture regions for poly(T) primers. Moreover, the
RNA content in an ordinary bacterium is nearly two orders of
magnitude less compared with that in a standard mammalian
cell (Westermann and Vogel, 2021), with ribosomal RNA (rRNA)
constituting over 80% of total bacterial RNAs (Giannoukos et al.,
2012). The rigid cell wall of bacteria presents additional
challenges toward cell lysis and the subsequent extraction of
RNA in droplets. Nevertheless, the emergence of recent technical
enhancements has expedited the realization of bacterial single-
cell transcriptomics. The primary procedure for single-microbe
RNA-seq significantly parallels the protocols devised previously
for eukaryotic cells. For single microbe separation, in the early
single-bacterium RNA-seq method, BaSiC RNA-seq (Wang et al.,
2015), individual bacterial cells underwent isolation, with
subsequent purification and amplification of total RNA from
each cell separately. Some relatively low-throughput methods for
single-bacterium RNA-seq (such as Imdahl et al.’s method
(Imdahl et al., 2020) and Homberger’s method (Homberger et
al., 2023)) have been devised by employing FACS. Two high-
throughput bacterial scRNA-seq methods (prokaryotic expres-
sion profiling by tagging RNA in situ and sequencing (PETRI-seq)
(Blattman et al., 2020) and microSPLIiT (Kuchina et al., 2021))
adopted a split-pool barcoding strategy, which was initially
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established for eukaryotes to allow researchers to simultaneously
analyze thousands of bacteria. Recently, the commercially
available 10x Genomics droplet platform—a popular choice for
high-throughput single-cell RNA-seq—was embraced by probe-
based bacterial sequencing (ProBac-seq) (McNulty et al., 2023),
M3-Seq (Wang et al., 2023a), and BacDrop (Ma et al., 2023Db).
M3-Seq combined plate-based in situ indexing by RT with droplet-
based indexing by ligation. Moreover, smRandom-seq (Xu et al.,
2023e) employed an enhanced barcoding platform, which was
originally devised for single-cell barcoding. This platform is
characterized by smaller barcoded beads and droplets, as
complemented by a refined primer release and barcode synthesis
method. For cDNA library generation, Imdahl et al. (2020) and
Homberger et al. (2023) developed methods based on the poly
(A)-independent MATQ-seq strategy, which was previously
established for eukaryotes. In Homberger’s refined bacterial
single-cell RNA-seq method through automated MATQ-seq, the
enhancements in gene coverage and gene detection thresholds
improved, and small RNAs were successfully identified at the
single-cell level. PETRI-seq tagged RNA molecules in situ within a
fixed single microbe using random primers. microSPLIiT poly-
adenylated the mRNA in-cell with E. coli poly(A) polymerase I
(PAP). The subsequent protocols for these two technologies were
both built on SPLiT-seq. ProBac-seq captured individual tran-
scripts with pre-designed DNA probes complementary to protein-
coding sequences, which potentially limited unbiased discovery.
Recently, three high-throughput single-microbe RNA-seq meth-
ods (BacDrop, smRandom-seq, and M3-seq) were developed
using random primers for in situ cDNA generation. The previous
single-microbe RNA-seq technologies, such as PETRI-seq, ex-
hibited an abundance of signals from rRNA, which could
compromise mRNA detection and result in high sequencing
costs. For the mRNA enrichment process, microSPLiT used
mRNA-preferred PAP to polyadenylate RNA. BacDrop performed
rRNA depletion in situ through probe-hybridization and followed
RNase H digestion. These in situ mRNA enrichment methods may
pose a risk of losing unamplified non-rRNA transcripts. M3-seq
also adopted this probe-hybridization-based strategy but per-
formed rRNA depletion after library amplification. Another rRNA
depletion strategy (CRISPR-based DASH (Gu et al., 2016)) was
employed by Homberger’s method and smRandom-seq at the
sequencing library level. Although these singular microbe RNA-
seq methodologies have proven effective with both gram-
negative and gram-positive laboratory bacterial strains, the
intricate particulars of these protocols presumptively necessitate
further refinement for single-microbe RNA-seq experiments
involving microorganisms derived from complex natural com-
munities.

Single-cell genome sequencing (or scDNA-seq)

Along with the development of scRNA-seq, several conventional
bulk DNA sequencing methods have been reconfigured to enable
the analysis of individual cells. Different from scRNA-seq, scDNA-
seq typically amplifies the 2 copies of the genome in mammalian
cells, which requires sensitive amplification techniques with
single molecular detection power and limited biases. sScDNA-seq
measures the DNA molecules within each cell of a given sample
to allow the detection of genetic variants of a certain frequency
and the DNA copy number changes in the assayed cells. In
scDNA-seq, DNA extracted from isolated cells is most frequently
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amplified using isothermal PCR with random or semi-random
primers, such as multiple displacement amplification (MDA) and
multiple annealing and looping-based amplification cycle (MAL-
BAC). MDA provides a better but non-uniform genome coverage,
making it suitable for the detection of single-nucleotide variations
(SNVs). In comparison, MALBAC provides a reduced but more
even coverage and is thus more suitable for detecting copy
number variations (CNVs). To further minimize priming and
amplification biases, linear amplification via transposon insertion
(LTANTTI) was later developed, which demonstrated the highest
genome amplification uniformity (Chen et al., 2017a). In
addition to the conventional scDNA-seq method, some novel
technologies have been developed based on scDNA-seq. For
example, Leighton et al. (2023) developed a multipatient-
targeted scDNA-seq that enables the construction of mutational
lineage in breast cancer.

Single-cell epigenome sequencing

The epigenome comprises a set of heritable modifications to DNA,
RNA, or histones within a cell, which can alter gene expression.
Considering that epigenetic information is generally dispersed
throughout the genome, single-cell epigenome sequencing poses
particular challenges (Wen and Tang, 2022).

DNA methylation

In mammals, chemical modifications to the DNA mainly involve
the addition or removal of methyl groups from the C-5 position of
cytosine (5mC) or the N°® position of adenine (m®A). As the
dominant type of DNA modification, 5SmC occurs mainly in the
form of 5’-3’ CpG dinucleotides (Liu et al., 2023b). Remarkably,
DNA methylation has been demonstrated to play a critical role in
the development of human diseases; analysis of DNA methylation
at the single-cell level is thus essential to reveal cellular
heterogeneity in DNA methylation. The optimization of bulk
DNA methylation sequencing technologies has accelerated the
development of a variety of single-cell DNA methylation
sequencing (scDNAm-seq) technologies, mainly based on restric-
tion digestion or post-bisulfite adapter tagging (PBAT) (Liu et al.,
2023b). The first scDNAm-seq technology was developed in
2013 based on reduced representation bisulfite sequencing
(scRRBS), which utilizes the strategy of one-tube enzymatic
reaction to reduce unnecessary DNA loss (Guo et al., 2013).
Subsequently, on the basis of restriction digestion, methods such
as Q-RRBS (Yang et al., 2015), MscRRBS (Charlton et al., 2018),
and scTAM-seq (Bianchi et al., 2022) were developed sequen-
tially; these methods have increased the throughput by up to
10,000 cells. Meanwhile, scBS-seq is the first PBAT-based
scDNAm-seq technology developed in 2014 that utilizes the
strategy of two rounds of random priming and analyses of 96
cells (Smallwood et al., 2014). Subsequently, methods such as
snmC-seq (Luo et al., 2017) and snmC-seq2 (Luo et al., 2018)
were developed with improved multiplexing strategies and
increased throughput to 384 cells. Notably, a challenge in the
development of scDNAm-seq technologies is that most methods
are based on bisulfite treatment, which causes significant DNA
degradation and limited library complexity (Liu et al., 2023b).
Therefore, new scDNAm-seq methods are expected to be
developed through enzyme-based bisulfite-free approaches, such
as Cabernet, a recently published method to measure 5mC and its
oxidative form (5hmC) at a single-base resolution with high
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genomic coverage (Cao et al., 2023).

Chromatin accessibility

Chromatin accessibility is a window into gene regulation, which
denotes the activity of regulatory regions and their accessibility
to transcription factors (TFs) (Tsompana and Buck, 2014). The
profiling of chromatin accessibility at the single-cell level is,
therefore, of vital importance to determine cellular heterogeneity
in gene regulatory programs. Currently, chromatin accessibility
is mainly assessed based on the accessibility of an enzyme such as
Tn5 transposase, DNase I, MNase, or GpC methyltransferase
(Wen and Tang, 2022). Probably due to the complexity of the
protocol and the intrinsic bias of the enzyme, single-cell DNase-
seq (Gao et al., 2021) has not been broadly adopted despite being
developed. In contrast, the Tn5-based ATAC-seq methods are
readily adaptable for single-cell assay, and various methodologies
based on microwell (Chen et al.,, 2018; Xu et al., 2021Db),
nanowell plate (Mezger et al., 2018), microfluidic (Buenrostro et
al., 2015), or droplet (Lareau et al., 2019) have been developed
for scATAC-seq. The first reported scATAC-seq method by
Buenrostro et al. paved the way for subsequent scATAC-seq
approaches based on droplet, microwell, and pool-split indexing.
A plausible reason for the development of scATAC-seq is that it
slices the genome and adds adaptor tags to the accessible regions
simultaneously in a cell, which makes it exemplary for high-
throughput analysis (Wen and Tang, 2022). Different from
ATAC-seq, the GpC methyltransferase-based method utilizes
exogenous GpC methyltransferase to artificially methylate
cytosines within GpC dinucleotides. Considering that GpC
dinucleotide occurs at approximately every 25bp in the
mammalian genome, this method provides a higher resolution
and enables the analysis of chromatin states and DNA methyla-
tion simultaneously within the same single cell (Wen and Tang,
2022).

Histone modifications

Histone modifications are basically posttranslational modifica-
tions (e.g., acetylation, phosphorylation, and methylation) that
involve adding or removing from histone tails so as to modulate a
specific gene expression (Bannister and Kouzarides, 2011). There
are multiple histone activation marks (such as H3K4mel,
H3K4me3, H3K36me3, H3K79me2, H3K9Ac, H3K27Ac, and
H4K16Ac) and repressive marks (such as H3K27me2/3 and
H3K9mel/2/3) that display differences in the genomic distribu-
tion patterns. To profile histone modifications in individual cells,
several methods have been developed, which mainly fall into two
categories. The first group of methods is based on ChIP-seq, such
as Drop-ChIP (Grosselin et al., 2019), scChIP-seq (Rotem et al.,
2015), and itChIP-seq (Ai et al., 2019). The main obstacle in
ChIP-seg-based single-cell sequencing is the low specificity and
sensitivity of antibody capture and the need for adding cell-
specific barcodes before aggregating the cells for immunopreci-
pitation (Wen and Tang, 2022). For this reason, itChIP-seq adds
cell barcodes via Tn5 transposase tagmentation, while scChIP-
seq and Drop-ChIP add cell barcodes via MNase digestion and
ligation (Wen and Tang, 2022). The second set of methods is
based on chromatin immunocleavage (e.g., CUT&RUN and
CUT&Tag), such as scChIC-seq (Ku et al., 2019), uli-CUT&RUN
(Hainer et al., 2019), iscChIC-seq (Ku et al., 2021), ACT-seq
(Carter et al., 2019), combinatorial barcoding, targeted chroma-
tin release (CoOBATCH) (Wang et al., 2019a), and scCUT&Tag

https://doi.org/10.1007/511427-024-2770-x

(Bartosovic et al., 2021; Wu et al., 2021), wherein the enzyme
used for chromatin fragmentation is first fused to protein A/G
(pA/G) and subsequently conjugated to primary antibody. When
compared with ChIP-seq-based methods, these methods omit
chromatin fragmentation before antibody incubation, often
adapting a combinatory indexing strategy to increase the
throughput and automation level (Preissl et al., 2023). In these
methods, no multi-step library preparation is required, which
minimizes cell loss significantly. Nevertheless, for minimizing pA-
Tn5 bias under high-salt conditions, a significant challenge is
encountered when profiling TF binding (Preissl et al., 2023).

3D genome organization

Chromatin architecture refers to the 3D organization of DNA and
DNA-associated proteins, including topologically associated
domains (TADs) and A/B compartments formed therefrom
(Preissl et al., 2023). In 3D genome architecture, distal
enhancers are placed spatially close to their targeted gene
promoters. Single-cell profiling of chromatin architecture is thus
needed to understand how different genomic regions interact
with each other in individual cells. High-throughput/resolution
chromosome conformation capture (Hi-C) is a conventional
approach that involves capturing chromatin architecture in bulk
samples. Based on this approach, scHi-C was developed to
capture chromatin architecture at a single-cell level, which is
also the most widely applied method. In the original study, only
10 T helper cells were assayed, with 0.01-0.03 million contacts
detected in each cell (Nagano et al., 2013). By omitting the
biotin-related step, Flyamer et al. (2017) detected a median of
0.34 million contacts. Subsequently, Tan et al. (2018) increased
the number of contacts to a median of 1 million per cell by
employing a Tn5-based whole-genome amplification protocol. In
this method, Tan et al. (2021) used unindexed Tn5 and profiled
more than 3,000 cells, with approximately 0.4 million contacts
per cell. Meanwhile, combinatorial barcoding methods were
employed in single-cell profiling of chromatin architecture.
Although thousands of cells can be profiled otherwise, the
resulting data are sparser than those yielded by the scHi-C
method. To address this point, Mulqueen et al. (2021) employed
a Tn5-based library strategy and increased the number of
contacts to approximately 0.1 million per cell. In addition,
several rounds of split-pool barcoding were used by Arrastia et al.
in their recent introduction of single-cell split-pool recognition of
interactions by tag extension (scSPRITE) to capture TADs,
compartments, and inter-chromosomal interactions (Arrastia et
al., 2022).

Single-cell sequencing of other modalities

In addition to the profiling of genome, transcriptome, and
epigenome in individual cells, single-cell genomics has branched
out into other modalities like proteins, metabolites, and
ribosomes. First, to comprehend the proteomic constitution of
individual cells, several distinct methods have been exploited,
including: (i) mass spectrometry (MS)-based; (ii) antibody-based;
(iii) imaging-based; (iv) single-molecule sequencing (Redit et al.,
2023). Among these strategies, MS-based methods (e.g.,
proteoCHIP) have achieved the most success. Second, to catalog
the chemical contents of individual cells, an array of novel
technologies has been developed. For example, scMEP uses high-
dimensional antibody-based methods to quantify proteins
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regulating metabolic pathways for the characterization of the
metabolic regulome of individual cells (Hartmann et al., 2021).
Third, to understand mitochondrial DNA in individual cells,
methods such as mtscATAC-seq (Lareau et al., 2023; Lareau et
al., 2021a) have been developed to detect chromatin accessibility
and, thereby, mitochondrial genotypes.

Chapter 3. Single-cell multi-omics technologies

Introduction to single-cell multi-omics

Recent advances in single-omics technologies have ushered in a
new era of single-cell analysis that has facilitated detailed
examination of cellular diversity across multiple biological
layers—from genomics and epigenomics to transcriptomics,
translatomics, and proteomics (Figure 1). This evolving field
has substantially deepened our current understanding of cellular
heterogeneity and developmental trajectories in health and
disease. To elucidate the complex interplay between these layers,
concurrently profiling multiple molecular modalities within the
same cell is crucial. Recent years have witnessed the emergence
and refinement of single-cell multi-omics approaches that
integrate genomics and transcriptomics, which have now
expanded to include epigenomics, capturing DNA methylation,
chromatin accessibility, histone modifications, and chromatin
organization. These approaches also extend to proteomics,
epigenomics, and metabolomics, which provide a holistic view
of cellular functions and the central dogma.

Single-cell multi-omics profiles have revealed new insights into
the identification of sub-clusters, cellular heterogeneity, and the
impact of genomic and epigenomic variation on biological
functions. Principally, multi-omics studies aim to detect co-
localization or co-occurrence of omic features within individual
cells or across cell types and lineages to provide a basis for
inferring causal relationships between chromosomal information
and molecular manifestations, including mRNA, ncRNA, and
proteins. Integrating bioinformatics analysis to construct trajec-
tories introduces a temporal aspect to these data, which can
enhance our understanding of cellular dynamics. Moreover, the
advent of spatial omics has augmented our knowledge of cellular
distribution within tissues. Single-cell multi-omics technologies
are particularly advantageous for measuring limited samples,
enabling comprehensive multi-dimensional analysis without
needing sample division for separate assays, which potentially
reduces the overall costs.

Single-omics methods have laid the groundwork for multi-
omics approaches. The transcriptome plays a central role in
linking genotype to phenotype as a crucial intermediary between
the genome and proteome. As such, transcriptomics, being one of
the most mature and earliest-developed omics, offers multiple
strategies and has been established as a cornerstone in the
evolution of multi-omics methodologies. Multi-omics techniques,
which are rooted in single-omics methods, retain the major
distinct procedure, such as the initial cell dissociation and
collection via cell capture platforms, including microfluidics,
mouth-pipetting, flow cytometry, or sophisticated labeling
strategies like split-and-pool barcoding (Figure 2). Subsequently,
the information from various modalities is transformed into
features that allow sequencing through diverse strategies and
deciphering through data processing and integration. Crucially,
multi-omics approaches underscore the necessity of separating
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modalities to preserve data integrity and analytical efficiency—a
principle that can be considered as an essential one of multi-
omics.

Multi-omics methods have enhanced our understanding of cell
state transitions, gene expression profiles, and regulatory net-
works in normal tissues and for diseases across species. Further
applications of single-cell multi-omics have been elaborated in
some previous reviews (Baysoy et al., 2023; Vandereyken et al.,
2023). In this section, we have first addressed the various
strategies known for modality separation, which is a key
distinguishing feature between multi-omics and single-omics
methods. We have then highlighted representative methodolo-
gies to illustrate the progression and state-of-the-art advance-
ments in multi-omics. In the discussion, we have presented a
comprehensive technical timeline on the combined detection and
separation of modalities developed over the past decade.

Modality separation in multi-omics

Over the past decade, multi-omics methodologies have advanced
into systems that incorporate multiple strategies to distinguish
among modalities. An effective multi-omics approach ensures the
maximum efficiency of each modality while minimizing signal
loss and contamination or interference. Other beneficial factors
include compatibility with standard laboratory setups, cost, and
hands-on time. Broadly speaking, the evolution of multi-omics
techniques has been guided through the advancements made
with single-omics methods. For example, the recent development
of the CUT&Tag method represents an advancement over the
conventional single-cell ChIP-seq by efficiently labeling modifica-
tion sites using Tn5 barcoding (Bartosovic et al., 2021; Wu et al.,
2021). This advanced method leverages the simplicity of
segregating barcoded tags from other modalities, thereby forming
the basis for many chromatin-associated protein bi-omics
methods that employ a Tn5 conjugated antibody recognition
framework. However, multi-omics is more than a mere aggrega-
tion of single-omics techniques. Here, each step is meticulously
optimized; for instance, (i) it involves a robust cell carrier
platform to enhance efficiency and throughput; (ii) each modality
is distinctly isolated to prevent cross-contamination and signal
loss; (iii) a precise and convenient protocol has been established
for amplification and library construction; (iv) there is an
unbiased data acquisition process and the availability of
appropriate downstream analysis tools. Multi-omics technologies
leverage the platforms, protocols, and analytical techniques of
singleomics. However, it is the challenge and the necessity of
modality separation that fundamentally distinguishes multi-
omics. We have categorized the modality separation strategies
into three: physical separation, in silico separation, and
enzymatic conversion (Figure 3). Moreover, we have delineated
amplification strategies into separated and co-amplification
approaches.

Physical separation

Physical separation techniques partition target molecules into
distinct pools for individual library construction. A fundamental
method involves extracting a fraction of a cell lysate for
personalized profiling. This strategy serves as a cornerstone for
current transcriptome and translatome bi-omics methods, which
rely on direct lysate distribution (Hu et al., 2016b; Zou et al.,
2022). Despite potentially losing half the signal, physical

https://doi.org/10.1007/511427-024-2770-x


https://doi.org/10.1007/s11427-024-2770-x

Transcriptome
—> _ﬁ_ mRNA, ncRNA, gRNA, epitranscriptome...

sl L)

v

Cell capture

7 o

L
SR

Separation for modalities
.
—> - —>

T |

Genome and epigenome

> AR WGS, SNP CNV, SV, DN/.-\.me.thylatlon, Chromatin
accessibility, Histone modification, 3D genome,
mtDNA, ecDNA...

Proteome and more
Epitome, Proteome, metabolome...

Sequencing and data analysis

Figure 2. Workflow for single-cell multi-omics detection. Cells containing multiple omics information are collected through different platforms similar to that by single-omics
methods. After the modalities are distinguished through different strategies, libraries containing sequence information and barcodes are sequenced, and the information is
processed with pipelines to separate and integrate multiple omics. Different colors indicate distinguished molecules, sequences, or features in individual graphs.

Physical separation

8 @V i
.\/\/\. ConA

Enzyme conversion

) 4

J 4

In silico separation
CpG GpC CpG
O 9
ME
V.M.CviPl
CpG GpC CpG
O+—7=—>0
ME ME

Sbf |
._ TTTTTT

Not |

= -

v

—-— TTT7TT

j

Figure 3. Different classes of modality-separation strategies. Strategies are classified
into three groups: physical separation, in silico separation, and enzyme conversion.
Each group includes multiple methods, as described in the main text and selectively
drawn. Different colors and shapes indicate different molecules or elements in each
method. Specifically, solid balls indicate enzymes or molecules; the green box indicates

barcode position (in different sequences); the red box indicates Tn5 insertion i5/i7
sequence; the yellow or blue box indicates enzyme-cutting sites.

—

separation can efficiently isolate molecules and maintain the
integrity of labile entities, such as RNA and proteins, under
various lysis conditions. This separation process can occur post-
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profiling as well; for example, sci-CAR amplifies cDNA and
fragmented DNA from divided lysate portions (Cao et al., 2018).

For enhanced separation, magnetic beads are used to isolate
specific molecules. For example, oligo(dT) beads are used to
extract poly-A RNA from lysates for use in downstream single-
cell RNA-seq protocols. In SCTG, genomic DNA is purified with
AMPure XP beads or ethanol, which may incur additional losses
(Li et al., 2015). Simultaneous high-throughput ATAC and RNA
expression with sequencing (SHARE-seq) combines combinator-
ial indexing with bead-based isolation of cDNA to improve
throughput (Ma et al., 2020b). Bead separation has been
integrated into advanced tri-omics methods such as single-cell
chromatin accessibility, RNA barcoding, DNA methylation
sequencing (scChaRM-seq), single-cell nucleosome occupancy,
methylome and RNA expression sequencing (scNOMeRe-seq),
and single-nucleus methylcytosine, chromatin accessibility, and
transcriptome sequencing (snmCAT-seq) for mRNA isolation,
thereby highlighting the technique’s utility and popularity (Luo
et al.,, 2022; Wang et al., 2021d; Yan et al., 2021).

Nuclei separation, which involves a two-step lysis, segregates
intact nuclei from cytosolic components. After gentle cell lysis,
nuclei are extracted by following different protocols. One
pioneering multi-omics method employs microfluidics to parti-
tion nuclei for DNA retrieval (Han et al., 2014). High-speed
centrifugation is also an effective means of isolating nuclei, as
demonstrated in scTrio-seq (Bian et al., 2018; Hou et al., 2016).
Plate-based centrifugation has increased throughput for isola-
tion, as observed with scCAT-seq or direct nuclear tagmentation
and RNA sequencing (DNTR-seq) (Qu et al., 2019; Zachariadis et
al., 2020). In addition, beads can facilitate nucleus trapping to
form visible clumps for easy manipulation. In the simultaneous
isolation of genomic DNA and total RNA sequencing (SIDR-seq),
antibody-conjugated beads have been used for nuclear precipita-
tion (Han et al., 2018a), while scSET-seq employed Concanavalin
A conjugated paramagnetic beads to bind specific membrane
glycoproteins (Sun et al., 2021a). A recent comprehensive study
conducted on colorectal cancer employed carboxylic acid beads
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for profiling genomic DNA and mRNA bi-omics (Zhou et al.,
2020). Such a bead-assisted nuclear separation method has been
incorporated into LiMCA—single-cell transcriptomics plus 3D
genome methodology (Wu et al., 2024a). Nuclei separation
effectively minimizes cross-contamination between nuclear and
cytosolic analytes but may result in the loss of molecular
complexity, which affects components such as nuclear mRNA
and mitochondrial DNA.

The aforementioned strategies aim to separate modalities
before amplification or, in the initial stages, to ensure complete
differentiation in subsequent analyses. However, these ap-
proaches often entail lower throughput, require more time and
resources, and may cause some signal loss. An enhancement to
this approach is implementing physical separation post-amplifi-
cation. For this reason, DR-seq is devised to co-amplify cDNA and
gDNA, followed by partitioning the amplicons into distinct DNA
and RNA libraries (Dey et al., 2015). Although ¢cDNA can be
tagged with specific T7 adaptors, there remains a risk of cDNA
contamination in the gDNA library. SNARE-seq employs a splint
oligo complementary to the Tn5 adaptor sequence post-
tagmentation, which enables the simultaneous capture of
chromatin accessibility and transcriptome. This method allows
unique cell barcoding within each droplet, which helps stream-
line the process (Chen et al., 2019).

Enzyme conversion

Enzyme conversion leverages enzyme-driven chemical modifica-
tions to distinguish or label different modalities. Commonly, this
process involves the use of a DNA methylase, such as M.CviPI, to
modify GpC sites in open chromatin regions that are not bound to
nucleosomes, resulting in the conversion to methylated cytosines
(Kelly et al., 2012). Subsequently, unmethylated cytosines are
converted into uracil through bisulfite conversion. This method
allows for the simultaneous profiling of naturally methylated CpG
sites across the genome and enzyme-converted GpC sites within
accessible chromatin. Techniques such as ScTrio-seq2, scCOOL-
seq, NMT-seq, and scNOMe-seq have adopted and refined this
approach to create a unified set of methodologies (Bian et al.,
2018; Clark et al., 2018; Guo et al., 2017; Pott, 2017). Although
this strategy tends to favor cytosine-rich loci and provides a
higher coverage around transcription start sites, it can be
integrated with RNA-seq. For example, cnmCAT-seq incorpo-
rates 5’-methyl-dCTP during cDNA synthesis in RT, thereby
protecting cDNA from bisulfite damage and eliminating the need
for separate mRNA isolation (Luo et al., 2022).

Another enzyme conversion strategy, as exemplified by Paired-
seq and Paired-tag, employs restriction enzymes to differentiate
libraries post-amplification (Zhu et al., 2019; Zhu et al., 2021).In
this process, following split-and-pool barcoding of single cells,
¢DNA and DNA are tagged with distinct adaptor sequences. The
pre-amplified mixture is then partitioned and selectively cleaved
with NotI or Sbfl. Strategies based on enzyme conversion heavily
depend on the specific performance of enzymes and represent
areas primed for further exploration and development.

Post-sequencing separation

Another significant category of the separation method involves
either co-amplification or copool of different modalities, which
distinguishes them after sequencing. In some instances, mod-
alities can be directly identified from the sequence. More
commonly, modalities requiring indirect identification utilize
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barcodes. Primers or adaptors are often employed to append
barcodes for targeting molecules during RT or PCR amplification.
Barcode separation offers several advantages, as follows: (i) it
obviates the need for additional separation steps, as barcodes are
integrated during profiling; (ii) it facilitates high throughput by
combining modality and cell barcodes; (iii) it minimizes signal
loss; (iv) it distinguishes between physically similar omics, such
as the various histone modifications. Tn5 transposases, which
cleave and tag double-stranded DNA or RNA-cDNA hybrids with
adaptors, are useful for barcode addition (Penkov et al., 2023).
In summary, each modality separation strategy has distinct
applications. Physical separation typically coincides with sepa-
rate amplification, whereas enzyme conversion and in silico
separation are generally employed before co-amplification. Some
methods generate individual libraries for each modality to
optimize the sequencing depth, while others construct a mixed
library to streamline procedures and reduce the processing time.
A single method may integrate multiple strategies, especially in
tri-omics technologies. Although transcriptome profiling has
utilized all of these three strategies, specific combinations such as
DNA methylation and chromatin accessibility are predominantly
associated with a single strategy, emphasizing its unique
advantage. Thus, the choice of separation strategy and timing
is dictated by the modalities involved, and these strategies
continue to evolve to better accommodate diverse modalities.

Development of multi-omics

Over the past decade, single-cell multi-omics methods have
undergone significant evolution, progressing from their initial,
low-throughput versions that covered a limited range of
modalities to sophisticated, comprehensive systems that incor-
porate a variety of strategies and encompass nearly all modalities.
We have compiled here a selection of these methods, ranging
from 2014 to 2023, in Table S2. Notably, there has been a
marked acceleration in the development of new methodologies,
particularly since 2021. The integration of modalities, including
the genome, epigenome, transcriptome, and other cytoplasmic
analytes, into the multi-omics toolkit has progressively expanded
during this period.

Genomics and epigenomics

The Central Dogma underscores the flow of genetic information
from DNA to RNA, highlighting a key objective of multi-omics, i.
e., exploring the connection between genomic or epigenomic
variation and transcriptional output. G&T-seq and DR-seq
exemplify two primary methodologies that have distinct
approaches (Dey et al.,, 2015; Macaulay et al., 2015). For
instance, G&T-seq employs oligo-dT-covered beads to capture
full-length mRNA for profiling via Smart-like protocols, while
gDNA is processed using methods such as MDA or PicoPlex,
whichever is applicable. Conversely, DR-seq co-amplifies cDNA
and gDNA to minimize sample loss, although it possibly
compromises full-length mRNA detection and introduces poten-
tial cDNA interference in DNA signals. TARGET-seq, like DR-seq,
employs co-amplification for targeted mutation detection along-
side cDNA and gDNA primers (Rodriguez-Meira et al., 2019). Sci-
L3 increases throughput by co-amplifying DNA and RNA with
distinct barcodes and combinatorial indexing (Yin et al., 2019).
ScONE-seq facilitates a one-tube reaction for genomics and
transcriptomics with Tn5 insertion post-RT (Yu et al., 2023a),
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enabling separate sequencing of DNA and RNA libraries at
optimal depths.

Following the widespread utilization of genomics, studies
integrating epigenomics have emerged. While genomics con-
centrates on individual variations or mutations, epigenetics
highlights cell differentiation and gene expression regulation.
The first epigenetic multi-omics methods primarily focused on
DNA methylation. In 2016, MT-seq, scTrio-seq, and M&T-seq,
based on RRBS or genome-wide BS-seq, followed a separation
strategy similar to that of G&T-seq, thereby providing a
foundational framework for DNA methylation multi-omics
(Angermueller et al., 2016; Hou et al., 2016; Hu et al.,
2016b). Smart-RRBS, a recent method, involves the application
of tens to thousands of cells without explicit nucleic acid
extraction (Gu et al., 2021). Newer methods using enzyme-
based methylation site conversion or third-generation sequen-
cing reduce DNA loss to achieve higher coverage, implying
potential multi-omics applications (Cao et al., 2023; Sun et al.,
2021b).

The earliest chromatin accessibility multi-omics did not stem
from existing single-omics methods such as DNase-seq, MNase-
seq, or ATAC-seq (Buenrostro et al., 2015; Lai et al., 2018; Song
et al., 2011). Enzyme conversion using GpC methylase was first
employed in scCOOL-seq and scNOMe-seq for profiling open
chromatin coupled with DNA methylation (Guo et al., 2017;
Pott, 2017). ScNMT-seq physically isolated mRNA from nuclei,
subsequently profiled via scRNA-seq, single-cell DNA methyla-
tion, and chromatin accessibility, ultimately becoming one of the
earliest tri-omics methods, followed by methods such as
scNOMeRe-seq, scChaRM-seq, scCAT-seq, and snmCAT-seq
(Clark et al., 2018; Luo et al., 2022; Wang et al., 2021d; Yan
et al., 2021) (Liu et al., 2019). Sci-CAR, the initial ATAC-based
method, combined direct splitting of cDNA and DNA fragments
with combinatorial indexing of pooled cells (Cao et al., 2018) to
profile thousands of single cells into a single experiment. Since
2018, ATAC-related Tn5 fragmentation has been widely adopted
in chromatin accessibility-associated methods owing to its
convenience and reliability, such as SHARE-seq (Ma et al.,
2020b), SNARE-seq (Chen et al., 2019), Paired-seq, and in situ
sequencing hetero RNA-DNA-hybrid after assay for transposase-
accessible chromatin-sequencing (ISSAAC-seq) (Xu et al.,
2022b). Chromatin accessibility has become a frequently
involved omics, second only to transcriptome (Cheng et al.,
2021a; Qu et al., 2019; Xing et al., 2020).

Histone modifications and TFs, targeted by Tn5-conjugated
antibody fragmentation, were initially reported in bulk methods
and then quickly adapted to single-cell analysis (Kaya-Okur et al.,
2019). Methods such as CoTECH, Paired-Tag, and scSET-seq,
which employ insertion strategies similar to ATAC-related
techniques and incorporate transcriptomics, have also been
developed (Sun et al., 2021a; Xiong et al., 2021; Zhu et al.,
2021). Alternatively, scPCOR-seq uniquely uses MNase con-
jugated to protein A for histone site localization (Pan et al.,
2022). Since 2020, the simultaneous profiling of multiple
chromatin-associated proteins within the same cells has become
feasible (Gopalan et al., 2021; Janssens et al., 2022a; Lochs et al.,
2024; Meers et al.,, 2023; Stuart et al., 2022; Tedesco et al.,
2022; Yeung et al., 2023). This strategy has also been combined
with epitope detection, as in scCUT&Tag-pro, wherein epitopes
were profiled using oligo-conjugated antibodies alongside
scCUT&Tag data (Zhang et al.,, 2022a). Another strategy
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involves the use of DNA adenine methyltransferase (Dam) to
methylate adenines at protein-associated GATC sites, marking
DNA sites’ interaction with labeled proteins. ScDam&T-seq and
EpiDamlID are designed to cleave these methylated GATC sites in
single cells, coupled with IVT-based amplification (Markodimi-
traki et al., 2020; Rang et al., 2022). DamID relies on in vivo
transfection and reaction of Dam fusion proteins; hence, the
results often reflect cumulative interactions or residence time
rather than immediate protein binding states.

Finally, the relatively underdeveloped yet crucial aspect of
epigenomics lies in understanding the 3D genome. Hi-C, a widely
utilized sequencing method, is based on spatial proximity ligation
of DNA fragments for profiling chromatin architecture (Lieber-
man-Aiden et al., 2009). The initial 3D genome-related multi-
omics approaches were developed in combination with DNA
methylation. ScMethyl-HiC and snm3C-seq detect bisulfite-
converted methylated sites along with ligated fragments from
different genomic loci (Lee et al., 2019; Li et al., 2019). Despite
potential contact reductions due to bisulfite conversion, these
methods have displayed correlations between methylated CpG
loci and higher-order chromatin structures, particularly com-
partments. The first transcriptome and 3D genome method,
named HiRES (Hi-C and RNA-seq employed simultaneously), was
reported recently (Liu et al., 2023f). HiRES employs barcode
separation of DNA and cDNA, followed by co-amplification of
both ligated genomic DNA and cDNA in a single-tube reaction.
Several methods quickly followed this report, combining various
strategies such as nuclei separation, barcode separation, and
combinatorial indexing (Luo et al., 2023; Wu et al., 2024a; Zhou
et al., 2023). Benchmarks for these methods are essential for
further evaluation. Considering the integral role of the 3D
genome in reflecting chromatin dynamics, it is likely intercon-
nected with other omics aspects. Therefore, new methods that
integrate the 3D genome with other omics are eagerly
anticipated.

Our discussion primarily focuses on nuclear DNA, which differs
from cytoplasmic DNA, including extrachromosomal DNA
(ecDNA) and organelle DNA, such as mitochondrial DNA
(mtDNA), which are often excluded from nuclei separation.
Nonetheless, some studies have incorporated the detection of
these DNA types. In PHAGE-ATAC, phage-mediated tagmenta-
tion enabled the detection of mtDNA mutations (Fiskin et al.,
2022); mtscATAC-seq adapted a modified 10x ATAC chromium
system for mtDNA detection, which traces thousands of cancer
cells into clones and sub-clones (Lareau et al., 2023). SCEC&T-seq
physically separated DNA, allowing ecDNA to be identified by its
circular feature (Chamorro Gonzalez et al., 2023); scGTP-seq
similarly captured ecDNA by using a single-molecule real-time
sequencing of long fragments amplified through transposon
insertion (SMOOTH-seq) like processes (Chang et al., 2023a).
Both methods confirmed a high correlation between oncogene
expression and ecDNA formation.

CRISPR-mediated gene editing, when combined with single-
cell approaches, significantly enhances our understanding of
genomic element functions. CRISPR-based methods such as
CRISP-seq, CRISPR droplet sequencing (CROP-seq), and Perturb-
seq co-profile transcriptomics, are often implemented on plates or
microfluidics, which enable genome-wide screening (Datlinger et
al., 2017; Dixit et al., 2016; Jaitin et al., 2016). Recent
advancements involve integrating gRNAs with ATAC-seq to
explore the effects of gene perturbation on chromatin accessi-
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bility. Perturb-ATAC and Spear-ATAC allow single-cell ATAC-
seq on microfluidics platforms, which enriches reverse-tran-
scribed gRNA with barcoded primers (Pierce et al., 2021; Rubin
et al., 2019). CRISPR-sciATAC increases throughput with
combinatorial indexed ATAC-seq and two-round PCR enrich-
ment of gRNA (Liscovitch-Brauer et al., 2021). Expanded
CRISPR-compatible cellular indexing of transcriptomes and
epitopes by sequencing (ECCITE-seq) incorporates protein in-
formation, facilitating precise sub-clustering of immune cells
based on the receptor type (Mimitou et al., 2019).

Post-transcription omics

Multi-omics technologies are mainly centered around transcrip-
tomics, not only because of the extensive development and
sophistication of transcriptomic methodologies but also because
of its central role in the flow of genetic information. However,
RNA profiling encompasses more than just mRNA quantifica-
tion. For example, full-length RNA sequencing provides addi-
tional insights into alternative splicing and allelic expression;
these aspects may be lost in methods that focus solely on 3'- or 5'-
enriched cDNA. Another critical aspect is the posttranscriptional
modifications of RNA, which play crucial roles in mRNA
regulation, RNA metabolism, and translation activity. One
notable modification in mammalian mRNA and IncRNA is
mOA (Sun et al., 2019). Recently, sn-m®A-CT has been developed
based on a 10x Chromium platform to simultaneously profile the
full transcriptome and m®A methylomes (Hamashima et al.,
2023). These m®A methylomes were found to effectively
differentiate cell types and exhibit variations in several pluripo-
tent marker genes.

The coupling of transcription and translation has raised
increasing attention recently. Ribo-seq enables the profiling of
ribosome-bound mRNA both at the population and single-cell
levels (VanInsberghe et al., 2021; Xiong et al., 2022). However,
detecting single-cell ribosome-bound mRNA poses challenges
owing to its scarcity and potential loss. T&T-seq and R2-lite have
successfully separated transcriptome and ribosome-bound trans-
latome in mammalian oocytes or embryos (Hu et al., 2022; Zou
et al., 2022). T&T-seq captures ribosome-mRNA complexes with
A-site beads, whereas R2-lite directly splits the lysate for
individual profiling. Notably, R2-lite identified pre-produced
mRNA in oocytes functional in early embryos, thereby poten-
tially initiating zygotic gene activation. Hence, single-cell
translatome profiling can help uncover post-transcriptional
regulation across cell types by following a method that applies
to cells of standard size.

Post-translation omics

Cytosolic analytes, which encompass a diverse array of molecules
in the cytoplasm, present unique challenges and opportunities for
single-cell analysis. Unlike nucleic acids, proteins cannot be
directly amplified or sequenced, which poses significant hurdles
in single-cell proteomics. Nevertheless, proteins can be indirectly
profiled by using oligo-conjugated antibodies. Techniques such
as cellular indexing of transcriptomes and epitopes by sequencing
(CITE-seq), as well as RNA expression and protein sequencing
assay (REAP-seq), have successfully helped profile surface
epitopes with dozens of oligo-conjugated antibodies, thereby
facilitating transcriptome-like analysis. The extensions of this
approach to intracellular proteins have been achieved using
methods such as Single-Cell Protein and RNA Co-profiling,
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single-cell RNA and immunodetection (RAID-seq), and inCITE-
seq (Chung et al., 2021; Gerlach et al., 2019; Reimegard et al.,
2021). However, this strategy is limited to proteins for which
efficient antibodies are available, thereby restricting its scope. A
recent method, single-cell simultaneous transcriptome and
proteome (scSTAP), tackles this issue by dividing oocyte lysate
(like R2-lite) and profiling RNA and proteins separately through
MATQ-seq and MS-based techniques (Jiang et al., 2023c).

Metabolomics focuses on small molecules, such as lipids or
sugars, that play critical roles in signaling pathways and energy
processes. Metabolic profiling typically relies on MS, which may
cause irreversible damage to the molecules. Research in the field
of single-cell metabolomics and its combination with proteomics
is emerging (Li et al., 2021b; Shrestha, 2020). One of these
approaches involves the use of oligo-EG conjugated microwells to
extract metabolites from adsorbed proteins for separate MS
analysis. However, metabolomics methods remain on the fringe
of multi-omics, and there is a need to develop more innovative
combinations.

New era in single-cell multi-omics: tech choices and further
applications

Overall, currently, known single-cell multi-omics can be
characterized based on several key features: (i) the majority of
current methods focus on a combination of transcriptomes with
other genomic modalities such as chromatin accessibility, DNA
methylation, chromatin-associated proteins, and 3D genome; (ii)
a range of previously unexplored modalities have recently been
incorporated into multimodal assays; (iii) there is a rapid increase
in the number of new methods; (iv) established methods are
progressively being applied to address biological problems and
then contribute to the construction of tissue atlases. Conse-
quently, the advancement in the development of new mono-
modal profiling workflows and strategies for modality separation
are propelling multi-omics research forward.

Ideally, a mature multimodal method should offer comparable
efficiency across each single-ome, feature a user-friendly proto-
col, and be cost-effective with the availability of accessible
downstream analysis tools. Certain combinations, such as
integrating 3D genomes with chromatin accessibility and histone
modifications or tri-omics involving transcriptome, translatome,
and proteome, are currently unachievable. For combinations
that involve multiple methodological variations, systematic
comparison of these methods and their standardization is
essential for widespread, large-scale applications. Here, we
compared several strategies with throughput, time, costs,
availability, and core instruments (Table 1). For laboratories
with limited single-cell experience, fewer cell diversity, and
simple biological models, some easy and cheap methods can be
sufficient, such as those including physical separation methods or
mouth-pipetting platforms. Microfluidics, combinatorial barcod-
ing, or in silico optimization can benefit a throughput design that
serves huge atlas projects or complex systems. As mentioned
earlier, multi-omics methods greatly depend on modality
separation and data quality. Modality contamination or exogen-
ous contamination should be particularly avoided because
multiple modality reactions extend over the entire method
period, which introduces additional potential risks. Some
methods share similar limitations, such as the excessive loss in
direct separation or RNA-to-DNA contamination in in silico
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Table 1. Comparison of different strategies, including modality separation and single-cell platforms

Strategy Throughput Time Cost Availability Core instruments
Direct lysate distribution Medium Fast Low Easy Pipette
Bead separation Low Medium Medium Medium Molecules binding beads
Nuclei separation Low Medium Medium Medium Nuclei binding beads
Enzyme conversion Usually High Fast Medium Easy Converting or cutting enzymes
In silico separation Usually High Medium Low Required well-designed algorithms Good PC
Mouthpipette Low Slow Low Required skillful person Mouthpipette tube
Plate sorting Medium Medium High for instrument Required FACS in clean room FACS for single-cell plating
Microfluidics High Medium High for instrument High requirement Microfluidics
Combinatorial barcoding High Fast Medium Required primers Plates and barcode primers

methods such as DR-seq. As there is no perfect method
established yet, some trade-offs should be made when selecting
a method that better serves the project.

It has been shown in the past that when compared with single
dimensional methods, multi-omics methods mainly study an
internal correlation among diverse cell types of different
modalities. In the long past, scientists applied DNA/RNA bi-
omics to study mutation and clonal expansion with crucial gene
switching in leukemia (Zachariadis et al., 2020). These correla-
tions were further verified as causality by methods, including
gene editing (Bhattarai-Kline et al., 2022). As multi-omics are
centralized with transcriptomes, RNA information can help
cluster basic cell types in complex tissues or provide an output for
gene regulation of the genome or epigenome. RNA dynamics
reflect a cell lineage within the development process, which
produces a temporal perspective to study other omics. The
potential interactions of different epigenomes can be seen in bi-
epiomics methods; for instance, DNA methylation can mold
chromatin architecture to present a diversity of neural cells (Lee
et al., 2019; Tian et al., 2023b). A widespread application of
post-transcription methods, including translatome, proteome, or
metabolome, remains short. These methods can be gradually
unlocked with the development of new methods or improvement
in efficiency. Alternative strategies developed in the future can
facilitate the establishment of a comprehensive system and
setting up industry benchmarks. Moreover, computational
methods have evolved to precisely distinguish different modalities
and even integrate different single-ome data into “multi-omics
integrated” data. With the rapid evolution of single-cell multi-
omics technologies, we can expect more insightful discoveries
associated with diverse fundamental biological processes such as
development, aging, and diseases.

Chapter 4. Spatial genomics technologies

Introduction of spatial genomics

“The Human Genome Project” stands as a pivotal moment in
contemporary biology, which initiated humanity’s systematic
capability to decipher the genetic code of living organisms
(International Human Genome Sequencing Consortium, 2004).
Positioned as a transitional milestone in the evolution of genetic
molecular detection techniques, it has progressed from scrutiniz-
ing individual molecules to high-throughput molecular synchro-
nization detection (Amaral et al., 2023). This progression also
signifies the shift from a single-genome era to the current age and
phase of multi-omics integration (Vandereyken et al., 2023).
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Spatial omics technology, which is emerging in the post-Human
Genome Project era, aligns with the historical trajectory of
genetic molecular detection methods and introduces a novel
framework for unraveling the biological genetic code (Marx,
2021).

The method employed in this study to identify the relative
spatial arrangements and expressions of tissues, cells, and
biomolecules for deciphering the mechanisms of biological events
is termed “spatial omics technology” (Larsson et al., 2021).
Although various multi-omics approaches, such as spatial
genomics and spatial proteomics, have emerged, the current
focus of spatial omics technology predominantly centers on
measuring and analyzing transcripts (Tang, 2021). This spatial
detection technique, at the transcriptional level, has a long-
standing history. In its early stages, direct detection of the
localization of nucleic acid and molecules within tissues and cells
posed a significant challenge. A clever solution involved the use
of artificially introduced fluorescent probes for in situ hybridiza-
tion of nucleic acids within tissues (Femino et al., 1998). By
detecting the fluorescent probe, it acts as a surrogate for directly
identifying nucleic acid molecules. In essence, fluorescent
imaging can be employed to observe the spatial positions and
abundance of nucleic acid expression within cell or tissue
sections. This methodology has been recognized as spatial in situ
hybridization (SISH) technology (Figure 4). Diverging from the
principles of hybridization imaging technology, which entail
chemically labeling base fragments for identification, the
advancement and maturation of techniques such as PCR,
ligation-based methods, and synthesis-based sequencing have
facilitated the identification of individual bases in nucleic acid
sequences with robust signals (Koboldt et al., 2013; Markham,
1993). For instance, in the case of in situ sequencing (ISS) (Ke et
al., 2013), following the binding of target RNA with padlock
probes, in situ amplification is performed, followed by ligation-
based sequencing to ultimately determine the spatial character-
istics of nucleic acid information. This technique, performing in
situ base sequencing to glean genetic molecular information, is
recognized as spatial ISS (SISS) technology.

With the accomplishment of “The Human Genome Project,”
the introduction of Roche’s first 454 next-generation sequencers
in 2005, and Illumina’s release of the Genetic Analyzer 2 in
2007, the landscape of biological sequencing transformed low-
throughput to high-throughput NGS (Metzker, 2010). In this
high-throughput sequencing paradigm, all nucleic acids are
extracted by subjecting them to biochemical reactions on the
entire tissue. Subsequently, they are amalgamated in a single
tube for sequencing, alignment, and assembly, which marks a
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Figure 4. Timeline of spatial transcriptomics and spatial multi-omics methods.
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significant shift from the conventional workflow that involves
sequential hybridizing and sequencing of individual nucleic
acids. This shift also invited novel perspectives for spatial omics
technology, giving rise to spatial in situ microdissection (SISM)
technology. Through high-precision microdissection techniques,
specific regions of tissue sections are physically separated, and
the dissected tissues undergo high-throughput sequencing of
mixed nucleic acid libraries (Emmert-Buck et al., 1996). This
approach helps associate each sequencing result with a unique
spatial position during the reconstruction of spatial locations.
The early implementations of spatial SISM encompass Tomo-seq
(Junker et al., 2014) and commercially available Digital Spatial
Profiling (DSP) (Merritt et al., 2020) techniques. SISM involves
the initial physical cutting of selected regions, followed by the
assignment of spatial location markers. However, this process
limits spatial resolution because of the constraints introduced by
the physical cutting often performed on cell populations (Bressan
et al., 2023). Although single-cell cutting is achievable, it
remains exceptionally challenging. Consequently, the enhance-
ment of spatial resolution has posed a limitation in the evolution
of spatial omics technology. To overcome the constraints
associated with physical operations, it is imperative to challenge
the conventional logic of slicing first and then assigning spatial
information. A breakthrough emerged in this direction by pre-
labeling tissue cells and subjecting them to subsequent biochem-
ical analyses, thereby mitigating the limitations of physical
operations. Furthermore, the potential for independent labeling
of individual cells or even nucleic acids within cells promised an
escalation in the resolution from multicellular to single-cell or
subcellular levels. The foundation of conventional sequencing
technology can be referred for this innovative strategy. In single-
cell sequencing approaches, barcode probes can pre-label each
nucleic acid within individual cells, followed by biochemical
reactions and sequencing for individual cells (Kolodziejczyk et al.,
2015; Li and Wang, 2021; Sankaran et al.,, 2022). The
advantages of barcode technology include the following: (i)
advanced labeling of cells and nucleic acids, which circumvents
the limitations of cutting first and then assigning spatial
information. (ii) A vast array of barcode probes that theoretically
exceed the number of nucleic acids in the tissues, ensuring a
unique barcode for each nucleic acid. (iii) Integration of barcodes
with polyT to form capture probes that are specific for the 3’
polyA tails of mRNA, thereby enabling unbiased transcriptome to
capture instead of targeting. (iv) Implantation of barcode probes
on diverse carriers, including common magnetic beads and
modified glass slide surfaces. By leveraging the maturity of
barcode technology and the progress in spatial omics, Stahl et al.
(2016) pioneered the implantation of barcodes on glass surfaces
in 2016. This technique allowed unbiased capture of nucleic
acids within covered tissues, which, when followed by in situ RT,
can generate an abundance of amplified sequences for high-
throughput NGS. This groundbreaking method, known as spatial
in situ barcode (SISB) technology, achieved high-throughput
transcription detection within tissue sections based on NGS in the
spatial dimension. Thereafter, diverging from the implantation of
barcode probes on flat surfaces, subsequent innovative techni-
ques emerged. For example, Slide-seq (Rodriques et al., 2019)
combines barcode sequences on magnetic beads, allows determi-
nistic barcoding in tissue for spatial omics sequencing (DBiT-seq)
(Zhang et al., 2020b), and introduces barcodes through fluidic
channels, while Stereo-seq (Chen et al., 2022a) and Seq-Scope
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(Cho et al., 2021), provides single-cell precision through the
development of sequencing chips.

In summary, spatial omics technology can be classified into
two primary categories based on the distinct inherent principles
for achieving spatial resolution and then subdivided into four
subcategories: (i) Spatial Imaging: SISH and SISS; (ii) Spatial
Sequencing: SISM and SISB. The rapid advancement of these
spatial omics technologies has significantly expedited scientific
research in the fields of developmental biology, neuroscience,
pathology, botany, and other cutting-edge research domains
(Moses and Pachter, 2022). These innovations offer unique
biological insights into a range of previously unexplored life
phenomena (Table S3).

Spatial technologies

SISH technology

smFISH (Femino et al., 1998) is regarded as the classical SISH; it
involves the combination of individual RNA molecules in tissues
with multiple fluorescently labeled probes. This technique allows
the capture of images, facilitating the detection of RNA spatial
localization and expressions. The fundamental logic underlying
SISH can be summarized in two key steps: (i) Oligonucleotide
Probes Binding to Targeted RNA Fragments by using specific
oligonucleotide probes that bind to target RNA fragments and (ii)
Capturing Images of Fluorescent Groups on Probes to detect
signals and positions of RNA molecules. However, SISH
encounters challenges with respect to signal-to-noise ratio and
detection sensitivity, which necessitates optimization of these
core steps with various solutions. However, enhancing the signal
value and sensitivity of RNA molecule detection can be achieved
by increasing the number of probes binding to each mRNA (Raj
et al., 2008). Moreover, branch amplification techniques, such as
branch DNA “double Z” probes (Player et al., 2001), hybridiza-
tion chain reaction (HCR) (Shah et al., 2016), and rolling circle
amplification (RCA) reaction can help enhance the detection
signal following probe-target hybridization (Wu et al., 2018).
ClampFISH (Rouhanifard et al., 2019) employs click chemistry
for probe end hybridization and signal amplification is achieved
through successive rounds of hybridization and click reactions in
this method. The detection signal can also be amplified by
applying the overall cycling smFISH strategy (Codeluppi et al.,
2018) and through the incorporation of primer-exchange
reactions (Kishi et al., 2019) (Figure 5).

The incorporation of spectral combinatorial labeling strategies
and high-resolution, super-resolution microscopy in imaging can
significantly augment the detection capabilities and sensitivity,
thereby offering a solution for optical signal congestion. In
seqFISH (Lubeck and Cai, 2012), each gene is designated a
unique color post-hybridization, and upon probe stripping, the
subsequent rounds of hybridization and colorimetric detection
ensue. Theoretically, by employing 4 colors and 8 rounds of
amplification, the entire genome can be encoded, yielding
48=65,536 potential codes. RNA SPOT expands the color palette
to 12 “pseudo-color panels,” and seqFISH+ (Eng et al., 2019)
further extends it to 60 colors. Through the amalgamation of
images and error-correcting hybridization, precise imaging of
10,000 genes can be achieved using this approach.

Another conventional method that employs spectral combi-
natorial barcoding is multiplexed error-robust FISH (MERFISH)
(Chen et al., 2015). It characterizes genes as “1” and “0” by
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Figure 5. Overview of the four main spatial transcriptomics methods.

employing hybridization and colorimetric detection. Subse-
quently, the genes are encoded into a binary form through
multiple rounds of hybridization. Error-correcting codes are
implemented using a minimum Hamming distance, facilitating
the detection of 10,000 genes. Integration with the expansion
microscopy further enhances the overall density of detectable
RNA, as with MERFISH (Wang et al., 2018a). Similarly, EASI-
FISH achieves 3D detection of brain slices with a thickness of
300 pum by combining the use of hydrogel and amplifying the
detection signal via the HCR (Wang et al., 2021c).

In addition to the conventional MERFISH and seqFISH
techniques, spatial in situ detection methods inspired by the
principles of smFISH have emerged, each offering unique
technical characteristics and application scenarios. For instance,
EEL FISH (Borm et al., 2023) utilizes electrophoresis to transfer
RNA from tissue sections onto a capture surface for data
acquisition, offering distinct advantages with respect to signal-
to-noise ratio and speed. The par-seqFISH (Dar et al., 2021)
method allows the recording of the gene expression and spatial
background in micro assemblies at a single-cell level with
molecular resolution. SISH has experienced rapid enhancements
in signal-to-noise ratio, detection capabilities, sensitivity, and
application scenarios with further development. Nonetheless, the
intricacies of multiple hybridizations and limitations in detection
capabilities due to optical congestion continue to impede
significant technological breakthroughs.

SISS technology

The distinction between SISH and SISS lies in the necessity for a
more robust nucleic acid signaling in sequencing so as to
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accurately detect and categorize each base, thereby completing
the sequencing process. Consequently, the crux of SISS lies in the
in-situ bulk amplification of nucleic acid fragments. PCR
technology forms the fundamental logic for nucleic acid
amplification, and the initial proposed solution for cloning and
amplifying DNA on glass microscope slides using PCR reactions is
Polony technology (Mitra and Church, 1999). In 2003, building
upon Polony technology, Church’s group (Mitra et al., 2003)
introduced the first-generation Fluorescent ISS (FISSEQ) technol-
ogy, enabling ISS of amplified DNA sequences from in situ PCR
and demonstrating its application potential in tissues like
bacteria and mice. In 2014, the second-generation FISSEQ
technology emerged (Lee et al., 2014). Differing from its
predecessor, this iteration directly captures non-targeted RNA
molecules within tissue sections, reverse-transcribes them into
c¢DNA, amplifies them through RCA, and employs phi29
polymerase. This process generates numerous continuous
amplified copies fixed in the three-dimensional gel space,
allowing for subcellular resolution ISS and showcasing potent
application capabilities in tissues such as mouse brains, embryos,
and Drosophila embryos (Lee et al., 2015). Another notable SISS
is ISS, introduced by Ke et al. (2013) in 201 3. ISS utilizes padlock
DNA probes to bind to target nucleic acid sequences, followed by
gap filling and ligation to form a complete circular structure.
Amplification is then performed, and connection-based sequen-
cing is employed to achieve spatial ISS. FISSEQ and ISS
technologies have established the foundational framework for
SISS, encompassing tissue and nucleic acid fixation, nucleic acid
amplification, and ISS. These innovations have paved the way for
subsequent SISS techniques with enhanced efficiency, resolution,
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and specificity.

Built upon ISS technology, the HybISS (Gyllborg et al., 2020)
method integrates barcoded padlock probes (PLPs) and RCA
approaches, utilizing bridged probes for sequence-by-hybridiza-
tion chemistry and highly multiplexed detection, in contrast to
the sequence-by-ligation scheme employed in ISS. This modifica-
tion facilitates higher-throughput spatial targeted sequencing of
larger tissue areas. In contrast, IISS (Tang et al., 2023c) alters
the probe binding scheme through combinatorial probe anchor-
ing chemistry (icPAL) and adopts a two-base barcode strategy,
enhancing sequencing quality, signal intensity, and specificity.
Spatially Resolved and signal-diluted Next-generation Targeted
sequencing (SPRINTseq) (Chang et al., 2023b) employs synthetic
sequencing by synthesis to expedite the reaction alongside a
microfluidic flow cell and a novel padlock probe hybridization
design. This significantly reduces the time needed for ISS,
boosting detection throughput. Remarkably, SPRINTseq enables
the detection of 142 million transcripts in 450,000 cells in <2
days, which showcases a substantial advancement in technol-
ogy. The enduring principles of ISS underscore the remarkable
progress achieved in the development of these innovative
technologies.

The integration of SISS with hydrogel technology is emerging
as a notable trend. The incorporation of hydrogel in tissue
clearing serves to diminish optical interferences from the tissue
background. STARmap (Wang et al., 2018b) exemplified this
trend, excelling in achieving high-resolution ISS of three-
dimensional tissues. In this methodology, STARmap/STARmap
PLUS initially uses pairs of DNA probes to bind the target mRNA
within the tissues, resulting in amplified DNA nanoballs (DNBs)
anchored within the three-dimensional hydrogel space. Subse-
quently, tissue clearing is executed by eliminating proteins and
lipids, paving the way for in situ sequencing, and enabling the
detection of over 1,000 genes within the cleared tissues (Shi et
al., 2023; Zeng et al., 2023b). ExSeq (Alon et al., 2021) uses the
expandability of hydrogel to secure tissue nucleic acids within the
hydrogel. Similar to FISSEQ, ExSeq is capable of nontargeted
sequencing through the amplification of RNA into cDNA
nanoballs. This method showcases the prospect of achieving
subcellular resolution in diverse tissues, including mouse
hippocampal neurons, visual cortex, and human breast cancer.

Building upon the imaging methodologies of SISH and SISS,
enhancements have been implemented in hybridization princi-
ples, combinatorial labeling, error correction schemes, and
various other aspects. When coupled with advanced microscopy
and hydrogel technology, these techniques have progressively
elevated throughput and sensitivity for spatial in situ detection
across the transcriptome. The authors even demonstrated a
significant potential in true 3D spatial omics. However,
challenges continue to persist, such as in the experimental
intricacies of multi-hybridization imaging schemes, optical
congestion arising from high-density nucleic acids, and the
inherent low-throughput nature of current sequencing schemes.
These factors collectively hinder fundamental parameter im-
provements, making it challenging to harness the full potential of
second-generation sequencing technologies.

SISM technology

In the period following the initiation of the human genome
project, spatial omics technologies have evolved in tandem with
second-generation sequencing techniques. The primary detec-
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tion method involves conducting high-throughput sequencing
on the entire composite library, as opposed to capturing precise in
situ images of individual nucleic acid sequences. This strategy
mitigates the constraints associated with multiple hybridizations
and optical congestion to provide the benefits of batch processing
and high-throughput detection. However, it is apparent that
delineating distinct spatial dimensions within the mixed sequen-
cing library has emerged as a new bottleneck and, hence, a
constraint in the process.

In SISM, the imparting and restoration of spatial information
for tissues and cells before and after sequencing constitute
fundamental elements of the technique. This is achieved through
physical partitioning or chemically labeling selected regions of
interest (ROIs). Subsequently, the isolated libraries undergo
either bulk sequencing or single-cell sequencing, which allows
the straightforward detection of spatial heterogeneity between
ROIs. LCM (Emmert-Buck et al., 1996), a widely employed
microdissection technology, employs laser irradiation on the
selected regions by fusing the artificial membrane with the
underlying cells. This process involves region segmentation,
recovery into a container, and subsequent sequencing of different
libraries. Tomo-seq (Junker et al., 2014) further enhances spatial
resolution by slicing the entire zebrafish embryo into 50-100
sections, extracting RNA from each section for individual
sequencing and thereby achieving a relatively coarse-resolution
3D ST detection. Building on the principles of LCM and Tomo-seq,
higher-resolution spatial omics technologies have been devel-
oped, such as Geo-seq (Peng et al., 2016), immuno-LCM-RNAseq
(Zhang et al., 2022b)—which incorporates immunofluores-
cence-guided laser cutting—STRP-seq (Schede et al., 2021)—
which involves the cutting of adjacent tissue sections at different
angles—and GaST-seq (Giolai et al., 2019)—which is specifically
designed for plant research.

Another application of ROI involves labeling with photoactive
groups within the tissues, followed by biochemical reactions to
assign spatial identifications (IDs) for sequencing detection.
Notable techniques in this category include TIVA-tag (Lovatt et
al., 2014), PIC (Honda et al., 2021), and ZipSeq (Hu et al., 2020).
Among these, DSP (Merritt et al., 2020) technology has achieved
commercial success.

In the context of SISM, spatial positioning information is
applied to tissues, and high-throughput measurements are
conducted on the entire library. However, the constraints
encountered in physical sectioning operations considerably limit
enhancement in spatial resolution. This limitation poses a
challenge when conducting large-scale studies at a single-cell
or subcellular level.

SISB technology

Microdissection technology involves the segmenting of various
regions of tissues. The potential to differentiate each mRNA
within a cell and perform high-throughput sequencing presents
an opportunity to improve spatial resolution from the cellular
level to the single-cell or even the subcellular level. Spatial
tagging technologies have played a crucial role in supporting this
concept. In 2016, Lundeberg’s group (Stahl et al., 2016)
introduced ST technology, a groundbreaking approach that
incorporated high-density probes with spatial barcodes and polyT
sequences on a glass surface for preparing a capture chip. Tissue
slices were placed on the chip, and treatments were applied to
enable penetration and perforation of cell membrane structures,
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facilitating the targeted capture of the 3’ polyA structures of
mRNA within cells by using the chip’s probes. In situ RT was
then performed to generate cDNA, which was subsequently
dissociated from the glass slide, collected into a container,
amplified by PCR, and subjected to high-throughput sequencing.
By aligning barcode sequences uniquely associated with mRNA
in the sequencing results with the known barcode positions
during implantation, the spatial locations of mRNA can be
calculated, thereby enabling spatially resolved transcriptome
sequencing. The spot spacing of ST technology, which refers to
the distance between the centers of spots, is 200 pm, which gives
a spatial resolution of 200 pum. Following its acquisition by 10x
Genomics and subsequent technical optimization, ST technology
was rebranded as “Visium,” offering an improved resolution of
100 um. Although Visium does not achieve an absolute single-
cell resolution, considering the presence of multiple cells within
each spot, it still offers significant technical advantages when
compared with microdissection techniques. In addition, ST
technology is the first to successfully assign spatial IDs to mRNA
using barcodes, thereby introducing an original concept for
subsequent spatial omics technologies and laying the foundation
for the current popular spatial omics methodologies (Cheng et al.,
2023a).

The essence of barcode-based spatial omics technologies lies in
the method of assigning distinct barcodes to individual mRNA
molecules. In ST technology, different barcode probe clusters are
physically implanted at specific distances from each other on a
glass slide to ensure minimal interference. An alternative
approach involves carrying different barcode probes on separable
carrier units, which are then assembled to form a chip with the
carrier as the minimum spatial resolution. For example, Slide-seq
(Rodriques et al., 2019) and Slide-seqV2 (Stickels et al., 2021)
have implemented this concept by using magnetic beads, which
are widely being used presently, whose spatial resolution is
determined by the diameter of the magnetic beads, which is
typically 10 um. In contrast, high-definition STs (HDST) (Vicko-
vic et al., 2019) use smaller magnetic beads that are placed in
microwells to discriminate spatial barcodes so as to achieve a
finer spatial resolution of 3 pm. However, due to limited detection
signals, only the regions formed by multiple magnetic beads can
be used as the minimum analysis unit without attaining single-
cell resolution. Microfluidic devices have demonstrated notable
advantages in the distribution of spatial barcodes. In the case of
DBIiT-seq (Zhang et al., 2020b), a microfluidic device is employed,
permitting separate liquid addition in the x and y directions. This
capability facilitates the addition of x-axis and y-axis coordinates
to mRNA within tissue slices to accomplish spatial ID transposi-
tion. Despite these advancements, the spatial resolution is
constrained by the limitations of the microfluidic channel size,
and it has not yet attained the level of single-cell resolution.

The evolving trend in barcode technology is focused on reading
and editing nucleic acid sequences with higher spatial resolution
accuracy. This process involves equipping them with unique
sequence spatial barcodes for planar capture and RNA sequen-
cing. Unlike the development of barcode assignment schemes
from the ground up in previous technologies, high-throughput
sequencing technologies have been naturally progressing in this
direction over several decades. High-throughput sequencing
schemes entail biochemically attaching numerous cDNA ampli-
fication sequences with specific physical spacing onto the surface
of a sequencing chip (Reuter et al., 2015). Subsequently,
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individual high-resolution base sequencing is performed on each
amplification sequence. Over continuous iterations, the mini-
mum physical spacing of nucleic acid sequences on Illumina and
BGI sequencing chips reaches the nanometer level, with the
number of nucleic acid clusters on a single chip reaching
hundreds of millions. The parameters of these chips, whether
physical or optical, have pushed the boundaries of the field to
their maximum. Considering this point, the idea of replacing the
nucleic acid fragments on the sequencing chip with capture
probes consisting of different combinations of barcode and polyT
sequences opens the possibility of capturing and sequencing
tissue mRNA. Theoretically, this approach can achieve nan-
ometer-level/subcellular-level spatial resolution omics technolo-
gies. The imminent challenge lies in reaching the technological
limits of the field in the short term. In the realm of technological
progress, Stereo-seq based on BGI sequencing chips and seq-
Scope (Cho et al., 2021) based on Illumina sequencing chips have
gradually emerged around 2022, which aligns with the
trajectory of technological development and reshaping of spatial
omics technologies. The distinction lies in the composition of the
Stereo-seq chip’s surface, which comprises matrix-arranged spot
points that leverage BGI sequencing’s patented DNBs to carry
spatial barcode probes, which achieve a consistent resolution of
500 nm. Registering and segmenting single-stranded DNA
(ssDNA)-stained tissue images has accomplished genuine sin-
gle-cell resolution in spatial sequencing. In addition, owing to the
expensive dimensions of BGI sequencing chips’ reaction chip, the
Stereo-seq spatial chip can span larger centimeter-level sizes,
reaching up to 13 cmX13 cm, which facilitates spatial omics
detection across entire sections of monkey brains. Both two
single-cell resolution SISB methods involve comparisons of
diverse barcodes within mixed libraries to ascertain mRNA
positions, necessitating two rounds of sequencing for each chip
and subsequently escalating the experimental costs. Piexl-seq (Fu
et al., 2022) introduces an innovative solution wherein barcode
transfer on the capture chip is accomplished by following a
stamp-like method. This novel approach enables the acquisition
of several dozen original spatial omics chips in a single
sequencing run, thereby ultimately reducing the overall opera-
tions cost.

Sequencing-based spatial omics technologies such as SISM and
SISB offer notable technical merits amid the evolution of high-
throughput sequencing technology. For instance, they have
excelled in achieving unbiased whole transcriptome detection,
and their enhanced throughput and user-friendly operation have
propelled their widespread adoption in the spatial omics
technology market. However, as previously mentioned, sequen-
cing chip-based spatial omics technologies have, to an extent,
encountered constraints in the field, which have posed chal-
lenges for significant short-term enhancements to key technical
parameters. Naturally, the development of technology hinges on
the imperatives of scientific research. The existing strengths of
STs suffice to cater to the demands of a majority of research
endeavors, thereby exhibiting robust application capabilities
across domains such as neuroscience, developmental biology,
pathology, and plant biology (Tian et al., 2023a). In the
immediate future, the discernible technological trajectory in-
volves transitioning from single STs to multi-omics, encompass-
ing genomics, epigenomics, proteomics, and much more. The
pivotal focus is thus on achieving simultaneous detection of
multiple omics within the same tissue section.
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Spatial multi-omics

Spatial multi-omics research spans genomics, epigenomics,
transcriptomics, proteomics, and metabolomics, as well as
investigations into transcriptional and translational states
(Vandereyken et al., 2023). Presently, spatial omics technologies
predominantly center on the transcriptome dimension for
deducing the expression patterns and regulatory mechanisms
in biological phenomena through mRNA abundance analysis. In
the context of central dogma, RNA expression is not only the
outcome of upstream gene transcription and epigenetic regula-
tion but also the catalyst for downstream protein translation. The
central dogma has evolved into the “spatiotemporal central
dogma,” which allows simultaneous characterization of the
biological phenomena at multiple omics levels, encompassing
temporal and spatial dimensions, allowing for a more compre-
hensive understanding of cellular fate regulation mechanisms.
This evolution significantly enhances our microscopic under-
standing of macroscopic life phenomena. Pioneering spatial
omics technologies are forging a technological ecosystem geared
toward concurrent multi-omics detection, with a primary
emphasis on the transcriptome dimension. These technologies
exhibit promising prospects, particularly in domains such as
mouse brain research and disease studies (Figure 6).

Spatial genomics

Despite the fact that genome research boasts a lengthy history,
the technology available for delineating the spatial dimension of
chromatin states or DNA information within tissues remains
nascent. Hi-M (Cardozo Gizzi et al., 2019), which is grounded in
multiplexed imaging, represents a method that can concurrently
discern chromosomal organization and transcriptional informa-
tion within individual nuclei. However, due to constraints in
imaging technology and hybridization capabilities, Hi-M en-
counters limitations in detecting tissues and DNA loci. Through
the optimization of multiple hybridization schemes, SISH has
markedly enhanced the detection of cell numbers and genomic
loci. DNA-MERFISH technology (Sibai et al., 2020), which
employs sequential hybridization, provides direct visualization of
chromatin structural domains and compartments, unveils
interchromosomal interactions, and facilitates simultaneous
imaging of over 1,000 gene loci and nascent transcripts. DNA
seqFISH+ (Takei et al., 2021) allows imaging of 3,660
chromosome loci in mouse embryonic stem cells. Similar to
transcriptomics technology, in situ imaging-based techniques,
such as SISH and SISS, primarily characterize targeted loci,
while sequencing-based methods capture unbiased whole-tissue
DNA information. Leveraging the foundation of Slide-seq,
Chen’s group (Zhao et al., 2022) pioneered Slide-DNA-seq by
using barcode and capture sequence modifications on densely
packed beads to achieve an unbiased capture of DNA within the
tissue surface. Following sequencing, spatial genomic informa-
tion has become accessible and applicable in the study of human
cancer samples, uncovering clonally specific genetic alterations
across diverse genomes. Although slide-DNA-seq can be
integrated with adjacent sections for multi-omics characteriza-
tion, it presently falls short of achieving simultaneous multi-
omics sequencing on the same tissue section. In summary,
spatial genomics technology offers distinctive insights into
developmental biology, human diseases, and various research
domains. However, the availability of widely applicable spatial
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genomics technologies remains limited. Therefore, future
technological advancements should focus on developing meth-
ods that enable the simultaneous detection of the genome and
transcriptome.

Spatial epigenomics

Spatial epigenomics introduces a novel perspective for analyzing
the spatial dimension of cellular fate regulation mechanisms, and
its technological development has rapidly progressed in tandem
with transcriptomics technology. Zhuang’s group (Lu et al.,
2022) employed the MERFISH technique based on multiplexed
SISS to capture specific epigenetic modifications on chromatin in
situ. The authors labeled the DNA near the modification site with
a T7 promoter, transcribed the labeled DNA fragments in situ to
generate RNA, and detected and characterized the target RNA
using MERFISH’ multiplexed in situ fluorescence hybridization
technology, thereby enabling spatial epigenomic detection, called
epigenomic MERFISH. Sequencing-based spatial omics technol-
ogies have exhibited enhanced compatibility in omics studies. In
spatial ATAC, Stahl’s group (Llorens-Bobadilla et al., 2023)
integrated Tn5 transposase into the tissue clearing step of ST-
based RNA capture technology, which has allowed the labeling
of open chromatin and the restoration of spatial position through
spatial barcoding, thereby achieving spatial ATAC detection.
Similarly, by leveraging microfluidic channels, Fan’s group
proposed spatial-ATAC-seq (Deng et al., 2022b) and Spatial
CUT&Tag (Deng et al., 2022a) technology. The Spatial CUT&Tag
involves the introduction of antibodies targeting modified
proteins into tissue sections, followed by enhancement of pA-
Tn5 transposase binding with secondary antibodies. Next,
adapters are inserted into the antibody recognition sites of DNA
with histone marks, and the sequences with spatial barcodes are
in situ connected to the adapters through bilateral channels.
Subsequent sequencing then generates a genome-wide map for
the spatial analysis of histone modifications.

Microfluidic indexing-based spatial assay for transposase-
accessible chromatin and RNA-sequencing (MISAR-seq) adopted
similar strategies for spatially resolved joint profiling of chroma-
tin accessibility and gene expression (Jiang et al., 2023a). In
conclusion, epigenetic regulation stands as a crucial facet for
comprehending the mechanisms underlying microscale cellular
fate regulation and macroscopic biological events such as
development and disease. Spatial epigenetic regulation technol-
ogy has gradually emerged and garnered attention. However, the
simultaneous detection of the epigenome and transcriptome
encounters technical challenges, hindering the rapid develop-
ment of simultaneous multi-omics epigenetic technologies. This
area thus remains a significant avenue for future advancements
in multi-omics technology.

Spatial proteomics

In the realm of spatial omics technology, the essential
prerequisite for accurately pinpointing biomolecules in space lies
in their specific capture in situ or an unbiased capture, followed
by reconstruction using the carried positional IDs. Guided by
these principles, proteins can be detected in situ through the
specific binding of antigen-antibody interactions, which can then
facilitate targeted spatial detection. Alternatively, proteins can be
quantified and sequenced by linking oligonucleotide barcodes
with antibodies, thus leveraging the CITE-seq principle. Owing to
the stability of proteins and the compatibility of experimental
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Figure 6. Timeline of the application of spatial omics methods in the fields of development, neuroscience, pathology, and plants.
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procedures, achieving simultaneous detection of proteins and
transcriptomes on the same tissue section is relatively straight-
forward. This capability has enabled true spatial dual-omics
technology encompassing proteomics and transcriptomics and
provided crucial technical support for the rapid development and
widespread application of spatial proteomics technology.

The method for detecting targeted proteins in situ, following
specific binding with antibodies, relies heavily on the
execution of the final imaging step. Therefore, this approach
facilitates the direct spatial dimension detection of targeted
proteins in imaging-based ST technologies. This method is
frequently employed in conjunction with the existing RNA
detection methods to integrate stable protein detection
schemes. In imaging mass cytometry (Schulz et al., 2018),
RNA is amplified in situ by using the RNAScope technique,
and metal chelate antibodies are subsequently introduced to
bind to the targeted proteins. Following staining, in situ
imaging is conducted to achieve spatial dual-omics detection.
CAD-HCR (Liu et al.,, 2022c) technology amplifies RNA
signals in situ through the HCR, and fluorescence imaging is
performed after achieving a specific binding between anti-
bodies and proteins. STARmap PLUS technology, an extension
of STARmap’s RNA in situ detection, allows imaging of
proteins after the in-situ binding of primary and secondary
antibodies, thereby enabling spatial protein detection. This
approach has been instrumental in the determination of
spatial-specific expression of amyloid-beta and tau protein
plaques, which are critical in the progression of Alzheimer’s
disease (AD) (Zeng et al., 2023b).

This approach involves pre-binding antibodies to nucleotides
carrying unique barcode sequences and polyA tails, followed by
specific binding to antigens. This process allows the capture of
antigens alongside mRNA sequences by the polyT capture
probes. High-throughput sequencing of the sequences carrying
barcodes enables the reconstruction of their spatial positions.
This CITE-seq-based strategy proves more suitable for sequen-
cing-based spatial omics technology. Stereo-CITE-seq technology
(Liao et al., 2023), built upon Stereo-seq, employs antibodies
with antibody-derived tags (ADTs) sequences for targeted
proteins. Capturing the ADTs allows synchronous quantification
of transcriptomes and spatial protein detection. Other techniques
employing the ADT strategy include DBiT-seq based on micro-
fluidic channels (Zhang et al., 2020b), SM-Omics and SPOTS
based on ST technology, and Spatial-CITE-seq based on Slide-seq
(Liu et al., 2023e). In addition, an atomic effort has been made to
profile spatially resolved translatomics (e.g., RIBOmap (Zeng et
al., 2023a)), metabolomics (e.g., SEAM (Yuan et al., 2021), and
scSpaMet (Hu et al., 2023)) at the single-cell level. Overall,
sequencing-based spatial omics technologies exhibit stronger
compatibility for capturing proteins and transcriptomes. Syn-
chronous dual-omics analysis thus holds significant potential in
pathological research.

In broader terms, spatial multi-omics technology is still in its
early phases, and achieving simultaneous spatial detection of
multiple omics on a single tissue section is a formidable
challenge. The current workaround involves segregating the
detection of different omics on adjacent tissue sections,
followed by integration of the data for analysis. In the future,
the pursuit of true spatial multi-omics on a single tissue section
is bound to emerge as a crucial direction for technological
advancement.

https://doi.org/10.1007/511427-024-2770-x

Comprehensive comparison of spatial omics technologies

Various spatial omics techniques are rapidly evolving, necessitat-
ing a thorough evaluation of their respective strengths and
limitations for targeted applications in specific contexts. Compar-
ison across categories of these techniques generally encompasses
spatial resolution, detection efficiency, signal diffusion, and tissue
area.

(1) Spatial resolution. Imaging-based spatial omics methodol-
ogies, as exemplified by MERFISH (Moffitt et al., 2016) and
STARmap (Wang et al., 2018b), facilitate the detection of
individual molecules within cells at the subcellular resolution
level. This enables single-cell resolution through spatial segmen-
tation of single cells by using cell staining techniques.
Differentially, sequencing-based spatial omics approaches gen-
erally involve the capture of nucleic acid molecules via probes,
with subsequent spatial position reconstruction achieved
through barcoding. Consequently, the spatial resolution of the
latter is contingent upon the probe density on the capture
substrates. Presently, the majority of sequencing-based spatial
omics methodologies function at a multicellular resolution, with
each capture unit encompassing multiple cells, as exemplified by
Visium (Suo et al.,, 2022) and DBiT-seq (Liu et al., 2020Db).
Nonetheless, certain techniques exhibit probe densities that can
attain subcellular resolution and spatial single-cell precision can
be achieved via cell image segmentation, as demonstrated in
Stereo-seq (Chen et al., 2022a), Seq-Scope (Cho et al., 2021), and
Pixel-seq (Fu et al., 2022).

(2) Detection efficiency. The evaluation criteria for detection
efficiency currently vary between imaging-based and sequen-
cing-based spatial omics techniques. smFISH is frequently
employed to compare the detection efficiency owing to its high
sensitivity, wherein the average number of transcripts detected
per gene in each cell or region is assessed. Imaging-based spatial
omics techniques generally exhibit a higher detection efficiency;
for instance, MERFISH achieves an efficiency of approximately
95% (Moffitt and Zhuang, 2016). Conversely, sequencing-based
spatial omics techniques often exhibit reduced detection effi-
ciency, attributable to the type of capture and library sequencing
methodologies used. For example, STs detect only 6.9% of the
UMIs per unit area when compared with smFISH (Stahl et al.,
2016). Imaging-based spatial omics techniques typically target
specific nucleic acid sequences, with optical constraints encoun-
tered during in situ imaging or sequencing, which limits the
number of targeted nucleic acids that can be detected in a single
experiment. Consequently, optimizing these optical limitations
remains a primary focus toward enhancing the efficacy of
imaging-based spatial omics techniques. Presently, both MER-
FISH (Xia et al., 2019) and seqFISH+ (Eng et al., 2019) can
detect 10,000 genes. Theoretically, sequencing-based spatial
omics techniques have the potential to capture the entirety of
mRNA within cells by using polyT probes. Therefore, the primary
objective in evaluating these techniques is to calculate and
enhance the total number of reads captured per unit area or in a
single cell. For instance, in an adult mouse coronal hemibrain
section, Stereo-seq can detect 1,910 UMIs and 792 genes per cell.

(3) Signal diffusion. The spatial detection accuracy of RNA
significantly influences the precision of detection outcomes. This
parameter is extensively examined in sequencing-based spatial
omics methodologies. A contributing factor to this scrutiny is the
phenomenon wherein mRNA migrates a short distance post-
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enzymatic reaction -permeabilization and is subsequently cap-
tured. The extent of this diffusion is contingent upon tissue type
and the duration of the enzymatic reaction. For instance, in the
comparative analysis of the Slc17a7 marker gene within the
olfactory bulb, both Slide-seq V1.5 and PIXEL-seq exhibit
relatively robust performance with respect to diffusion. Con-
versely, when evaluating the Pmel marker gene in ocular tissues,
Stereo-seq demonstrates a superior performance (You et al.,
2024).

(4) Tissue area. Owing to the inherent limitations in detection
methodologies, imaging-based spatial omics techniques often
face challenges in executing large-scale detection within a single
experiment. These methods are typically constrained in that they
can detect a range of only a few hundred to a few thousand
genes. Conversely, sequencing-based spatial omics techniques
exhibit greater flexibility. The effective capture area of these
techniques is contingent upon the probe arrangement on the
capture substrate. For instance, Visium encompasses an area of
6.5 mmx6.5 mm (Denisenko et al., 2024). PIXEL-seq features an
effective capture area of 75 mmx25 mm, and Stereo-seq can
generate spatial omics data for monkey brain tissues with
dimensions of 5 cmX3 cm (Chen et al., 2023a). The scalability
and flexibility of these methodologies render them particularly
suitable in the investigation of complex tissues and large-scale
spatial gene expression patterns.

Analysis and application

With the emergence and widespread adaptation of spatial omics
technology, the primary emphasis of spatial omics technology in
scientific applications has gradually shifted from technical
implementation to the analysis and processing of output data
(Palla et al., 2022a). However, without an efficient, direct, and
effective analysis approach for handling large volumes of
generated data, it is difficult to distill core detection indicators
from the massive datasets for guiding biological research. This
hindrance can ultimately lead to data wastage and impede
progress in the field of spatial omics research. Therefore, the data
analysis stage has evolved into a limiting factor in spatial omics
technology, encompassing aspects such as data segmentation,
database integration, the development of multi-omics analysis
methods, 3D reconstruction algorithms, and much more. The
introduction and continuous improvement of efficient and
practical analysis tools are poised to bring greater convenience
and novel research methodologies to scientific research.

Spatial omics technology has ushered in new insights and
research perspectives across diverse fields, spanning develop-
mental biology, neuroscience, pathology, and botany. The
foundational step in understanding biology often involves
identifying the cell types and delineating cellular or genetic
functional characteristics (Nolan et al., 2023). By providing a
spatial dimension perspective, spatial omics offer a means to
unearth novel cell types (Zeng, 2022). The integration of spatial
features facilitates the establishment of connections between
function and structure. During the developmental process,
continuous spatial readability can significantly enhance the
crosstalk analysis between differentiated cells and their regula-
tion of cell differentiation by the surrounding cellular factors
(Arutyunyan et al., 2023; He et al., 2022).

This approach facilitates the identification of cell subtypes that
operate within distinct spatial locales. For instance, in the
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development of axolotl brain tissues, Wei et al. (2022) identified a
particular cell type that can generate three distinct subpopula-
tions, each occupying different spatial positions. Similarly, Zhang
et al. (2023a) characterized three clusters of cells with subtly
varying transcriptomes, which were mapped to specific regions in
the human embryonic limb. The spatial relationships offer a
critical perspective in cancer research, particularly in the
elucidation of the advantageous interactions between cancer
cells and surrounding immune cells in cancer cell migration (Ji et
al., 2020; Karras et al., 2022). Notably, Erickson et al. (2022)
identified distinct clonal patterns within tumors and adjacent
benign tissues by analyzing spatial CNVs. This approach provides
a framework for understanding the spatially continuous transi-
tion from benign to malignant tissues. In the domain of
neuroscience, spatial omics methodologies offer significant
advantages for uncovering the distinctive architecture and
functions of brain tissues. For example, these techniques have
delineated a spatial atlas of the mouse central nervous system at
molecular resolution (Shi et al., 2023), delineated the cell type
specificity within the primary motor cortex of the mouse (Zhang
et al., 2021c), and highlighted the critical role of the spatial
connectivity network of neurons in determining the specific
functions of brain regions (Chen et al., 2023a; Fang et al.,
2022a). In the realm of plant biology, the presence of cell walls
poses challenges for conventional single-cell sequencing techni-
ques. Spatial omics technology and leveraging of tissue section-
ing and tissue clearing methods triumphs over the hurdles posed
by cell walls (Li et al., 2023b; Xia et al., 2022). This approach
enables spatial in situ signal capture, presenting breakthrough
methodology for botanical research. The transcriptional profiles
of upper and lower epidermal cells in Arabidopsis leaves display
nuanced differences. For instance, Xia et al. (2022) effectively
identified and differentiated these spatially distinct yet transcrip-
tionally similar cell subtypes by analyzing the differential
expression characteristics. In addition, Du et al. (2023)
postulated the presence of two types of meristematic-like cell
pools within secondary vascular tissues and corroborated the
hypothesis through multiple methodological approaches. In
summary, the emergence and development of spatial omics
technology contributes to technological convenience and acces-
sibility to various research fields, thereby fostering advancements
in our current understanding of complex biological systems
(Table S4).

Chapter 5. Computational challenges

With rapid advancements in scRNA-seq technologies, a flood of
computational tools has been developed to handle the massive
scRNA-seq data. Generally, these tools are developed for data
preprocessing, batch-effect correction, data normalization, dimen-
sion reduction, feature selection, cell clustering, cell type annota-
tion, graphic presentation, and other purposes. For example, Cell
Ranger was developed for data preprocessing; Harmony (Lake et
al., 2019) was introduced for batch-effect correction; and Seurat
(Hao et al., 2021) was developed for normalization, dimension
reduction, feature selection, and cell clustering. Although manual
annotation with a predefined set of marker genes is the gold
standard method for cell type annotation, a set of tools such as
SingleR (Aran et al., 2019), CellAssign (Zhang et al., 2019a), and
Garnett (Pliner et al., 2019) have been developed to annotate cells
automatically to some extent. In addition, some useful tools have
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been developed to infer cell trajectory (Qiu et al., 2017; Street et
al.,, 2018), cell-cell communication (Browaeys et al., 2020;
Cabello-Aguilar et al., 2020; Efremova et al., 2020; Jin et al.,
2021), metabolic state (Wagner et al., 2021), cell-type-specific
regulon (Ma et al., 2020a), and somatic mutation (Vu et al.,
2019) from scRNA-seq data.

Computational analyses based on the scDNA-seq data mainly
encompass mutation detection, mutation clustering, genotype
inference, and phylogeny reconstruction. To address this
concern, plenty of tools have been developed that aim to: (i)
detect SNVs or CNVs, such as SCAN-SNV (Luquette et al., 2019),
SeCNV (Ruohan et al., 2022), and SCOPE (Wang and Jiang,
2022; Wang et al., 2020a); (ii) perform mutation clustering and
genotype inference, such as AMC (Yu and Du, 2022), BnpC
(Borgsmuiller et al., 2020), and SCClone (Yu et al., 2022); (iii)
phylogeny reconstruction based on either or both of SNVs and
CNVs such as ConDoR (Sashittal et al., 2023), Phertilizer (Weber
et al., 2023), MEDALT (Wang et al., 2021a), BiTSC (Chen et al.,
2022d), and CellPhy (Kozlov et al., 2022). In addition, some
useful tools have been developed to detect doublets (e.g.,
doubletD (Weber et al., 2021)) or quantify intra-tumor hetero-
geneity (e.g., Dhaka (Rashid et al., 2021) and rcCAE (Yu et al.,
2023c)) from scDNA-seq data.

Considering the high dimensionality and sparsity of single-cell
epigenomic data, dimension reduction is a critical step. To
address this concern, numerous analytical tools have been
developed. A popular method is latent semantic indexing, which
has been implemented in many tools, such as Signac (Stuart et
al., 2021) and ArchR (Granja et al., 2021). In this method, the
term frequency-inverse document frequency (TF-IDF) and
singular value decomposition were used to transform the sparse
count matrix. In addition, methods including spectral embedding
(e.g., SnapATAC (Fang et al., 2021)), topic modeling (e.g.,
cisTopic (Bravo Gonzalez-Blas et al., 2019)), and variational
autoencoders (AEs) (e.g., SCALE (Xiong et al., 2019)) were
introduced to reduce the dimension by transforming the sparse
count matrix into a cell-cell similarity matrix, thereby defining a
set of “topics” for similar features or encoding features via neural
network. Owing to the wide application of single-cell chromatin
accessibility assays, most of these tools were developed for this
specific modality, with the possibility to be adapted and applied to
other epigenomic data. Another critical step in the analysis of
single-cell epigenomic data is to identify and characterize cell
type-specific regulatory elements and their targeted genes. For
scATAC-seq data, tools such as Signac (Stuart et al., 2021),
ArchR (Granja et al., 2021), and SnapATAC (Fang et al., 2021)
provide the functions to identify cluster-specific peaks and peak-
to-gene links. For scDNAm-seq data yielded by snmC-seq (Luo et
al., 2017), sn-m3C-seq or snmCAT-seq (Luo et al., 2022) and
ALLCools (Liu et al., 2021) enables the identification of
differentially methylated region (DMR) and DMR-to-gene links.
For scHi-C data, SnapHiC (Yu et al., 2021b) has been developed
to detect chromatin loops and predict target genes based on
physical interactions.

With the accumulation of multi-layered modalities, the
efficient integration of multi-omics datasets poses a huge
challenge for computational biologists. To address this concern,
a variety of algorithms were developed for the following purposes:
(i) removing batch effects from multiple datasets, such as MNN
(Haghverdi et al., 2018), Scarnorama (Hie et al., 2019), and
Conos (Barkas et al., 2019); (ii) extract single-cell level latent

https://doi.org/10.1007/511427-024-2770-x

variables for downstream analysis (e.g., clustering), such as
VEGA (Seninge et al., 2021), scDHA (Tran et al., 2021), and
scMM (Minoura et al., 2021); (iii) infer single-cell developmental
progress, such as SPADE (Anchang et al.,, 2016) and DPT
(Haghverdi et al., 2016); (iv) integrate multi-omics datasets, such
as MARIO (Zhu et al., 2023), Seurat (Hao et al., 2021), LIGER
(Liu et al., 2020a), GLUE (Cao and Gao, 2022), StabMap
(Ghazanfar et al., 2024), Cobolt (Gong et al., 2021), and MultiVI
(Ashuach et al., 2023). In addition, computational efforts were
made to (i) introduce graph construction from single-cell spatial
data, such as Squidpy (Palla et al., 2022b), Athena (Martinelli
and Rapsomaniki, 2022), and SPEX; and (ii) detect metabolites
from individual cells, such as SpaceM (Rappez et al., 2021).

Here, we have discussed five key computational challenges
encountered in single-cell genomics.

From bulk tissues to single cells

Recent advancements in computational deconvolution methods
have been proposed for estimating cell type abundances in tissue
RNA-seq profiles (Figure 7) for identifying cell type-specific gene
expression alterations and detecting rare cell populations. These
methods are categorized based on their methodology, including
linear models (Li et al., 2020; Monaco et al., 2019; Peng et al.,
2019b; Shen-Orr et al., 2010; Wang et al., 2019b; Zhong et al.,
2013), support vector regression (Newman et al., 2015; New-
man et al., 2019), gene set enrichment approaches (Aran et al.,
2017; Quon et al., 2013; Yoshihara et al., 2013), probabilistic
models (Kang et al., 2019), and deep learning models (Chen et
al., 2022c¢; de la Fuente et al., 2023; Menden et al., 2020).
However, various benchmarking efforts have demonstrated that
the performance of these deconvolution methods can be
influenced by factors such as data volume, data transformation,
and the composition of the reference matrix. For example,
enrichment-based approaches and probabilistic approaches often
impose limitations on the number of usable cell types (Im and
Kim, 2023), while deep learning-based methods encounter
challenges in comprehensively simulating crucial rare compo-
nents (Zhang et al., 2023d). In addition, solid tissues frequently
contain closely related cell types, and the gene expression
correlation among these cell types introduces collinearity,
thereby showcasing challenges in resolving their relative
proportions in bulk data. The collinearity problem can be
improved by selecting marker genes through support vector
regression, as demonstrated in Cell-type Identification By
Estimating Relative Subsets Of RNA Transcripts (Newman et
al., 2015) and BSEQ-sc (Baron et al., 2016) or by employing a
tree-guided procedure that recursively focuses on closely related
cell types, as exemplified in MuSiC (Wang et al., 2019b). Apart
from reference-free deconvolution methods, such as DECODER
(Peng et al., 2019b) and CDSeq (Kang et al., 2019), most
methods rely on prior knowledge of cell types based on either cell
type-specific gene expression signatures or scRNA-seq/snRNA-
seq data obtained from the same tissues. When constructing a
cell reference atlas, it is therefore important to integrate data
from the same tissue samples, consider the effect of scRNA-seq
and snRNA-seq, address data processing, standardize cell type
annotation, and enhance cell type resolution (Maden et al.,
2023). Overall, computational deconvolution can provide a
convenient and efficient means for analyzing bulk data from a
single-cell perspective.

SCIENCE CHINA Life Sciences Vol.68 No.5, 12261282 May 2025 1249


https://doi.org/10.1007/s11427-024-2770-x

From bulk tissues to single cells

@ulk tissue )
- > -
AVAS 7 OM
0wy 2

UoIN|OAL0IS(]

e
i

ingle cell

EI

Y

From single-omics to multi-omics

\

Transcriptomics
(sc/snRNA-seq)

Epigenomics

@ ) Horizontal

Proteomics}—> U
Metabolomics|

® ) Diagonal

Omics integration

From a single species to cross-species
4 ! A

Orthologous genes

Paralogous genes

R /

Figure 7. Key computational challenges presented in single-cell genomics analysis.

From a single cell to millions of cells

When compared with bulk RNA-seq analysis, scRNA-seq offers
the advantage of exploring cellular processes with higher
resolution. However, scRNA-seq is more vulnerable to various
disturbances, including systematic differences derived from
experimental procedures, dropout events, sequencing depth,
and others. To address these challenges and conduct data
preprocessing and noise removal, numerous bioinformatics
algorithms are specifically dedicated to single-cell analysis. The
general workflow of single-cell analysis typically involves quality
control, alignment, feature quantification, normalization, dimen-
sion reduction, differential expression, and clustering analysis. As
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mentioned in some previous reports (Adil et al., 2021; Poirion et
al., 2016), high levels of zero inflation pose a key challenge in
analyzing scRNA-seq data. To address these dropout issues, cell
imputation methods have been developed (Patruno et al., 2021).
Model-based imputation methods utilize specific statistical models
such as the Gamma-Gaussian mixture model (Li and Li, 2018),
Poisson-Gamma mixture model (Huang et al., 2018), zero-
inflated negative binomial model (Risso et al., 2018), and
binomial model (Tang et al., 2020) to identify similar cells.
Smooth-based imputation methods employ smoothing or diffu-
sion techniques for determining gene expression values in cells
with similar expression profiles, for example, Drimpute (Gong et
al., 2018), Markov affinity-based graph imputation of cells
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(MAGIC) (van Dijk et al., 2018), and kNN-smoothing (Wagner et
al., 2018). In addition, data reconstruction methods employ low-
rank matrix-based approaches (Linderman et al., 2022; Mongia
et al., 2019; Zhang and Zhang, 2018) or deep learning methods
(Amodio et al., 2019; Arisdakessian et al., 2019; Deng et al.,
2019; Fraslan et al., 2019; Lopez et al., 2018) to represent cells
in a low-dimensional linear space or latent form for imputation.
Recent studies have compared and evaluated systematic bench-
marks of these scRNA-seq imputation methods (Cheng et al.,
2023b; Hou et al., 2020). Although MAGIC and single-cell
analysis via expression recovery (SAVER) (Huang et al., 2018)
have outperformed other methods (Hou et al., 2020), they
impute all zeros in the expression matrix, which increases the risk
of overfitting for imputation (Zheng et al., 2023). Furthermore,
the effectiveness of imputation varies across datasets (Cheng et
al., 2023b). Therefore, it is essential to provide data-driven
guidance for scRNA-seq imputation analysis based on the specific
characteristics and challenges presented by each dataset.
Advancements in single-cell atlas mapping technology have
facilitated the expansion of single-cell datasets in terms of both
size and quantity (Angerer et al., 2017), which has helped
establish common cell atlas consortium databases containing
millions of single cells (Ye et al., 2024a). Consequently, single-
cell genomics is powering big data science, thereby introducing
new computational challenges and opportunities for data
integration at the atlas level. To address the challenges of
analyzing millions of cells, frameworks have been developed for
single-cell data integration, such as the Python-based Scanpy
(Wolfet al., 2018) and the R-based Seurat v5 (Hao et al., 2024Db).
The major hurdle in achieving a common ontology of cell types
for downstream analysis in single-cell atlas-level integration is
the presence of batch effects (Eisenstein, 2020; Lihnemann et al.,
2020) arising out of variations ranging from technical to
biological factors (Luecken et al., 2022). Various batch effect
correction (BEC) methods have been developed based on different
models, ranging from early linear decomposition models to the
more recent approaches such as mutual nearest neighbors
(MNN)-based and deep learning models (Ryu et al., 2023). Bayes-
based Combat (Johnson et al., 2007) and PCA-based Harmony
(Korsunsky et al., 2019) are the popular linear decomposition
models. A typical class of MNN-based BEC methods, such as
MNNCorrect (Haghverdi et al., 2018), fastMNN (Haghverdi et al.,
2018), and Scanorama (Hie et al., 2019), use MNN between
batches as anchors. In addition, methods like scMerge (Lin et al.,
2019) and sMNN (Yang et al., 2021) initially cluster each batch
and then identify MNN between the clusters. Furthermore, MNN
has been combined with non-negative matrix fractalization in
methods such as Linked Inference of Genomic Experimental
Relationships (LIGER) (Welch et al., 2018), K-nearest neighbors
(KNN) in BBKNN (Polanski et al., 2020), and deep learning
models in deepMNN (Zou et al., 2021). In addition, deep
learning-based BEC methods utilize a diverse model framework,
with MMD-ResNet (Shekhar et al., 2016) employing a residual
neural network (ResNet (He et al., 2016)); SAUCIE (Amodio et
al., 2019) using a deep neural network with an AE workflow;
scGen (Lotfollahi et al., 2019) implementing a deep neural
network with variational AE (VAE); scVI (Lopez et al., 2018)
combining VAE with a probabilistic approach. In addition, Seurat
continuously updates its integration workflows. Seurat v2 uses
canonical correlation analysis (CCA) for BEC, and a higher
versions (Seurat v3 to v5) are used in “anchor-based” BEC
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methods, including anchor-based CCA and anchor-based reci-
procal PCA (RPCA).

To provide an unbiased guide to the choice of the BEC method,
benchmarking studies on integration methods have been
conducted. In small-scale samples (comprising hundreds or
thousands of cells), ComBat outperforms nonlinear methods
with the quantitative metric k-nearest-neighbor batch-effect test
(KBET), which evaluates batch-effect removal and dataset
integration (Biittner et al., 2019). For medium-scale samples
(hundreds of thousands of cells), Harmony, LIGER, and Seurat v3
are best recommended for batch integration (Tran et al., 2020) as
they compare four benchmarks across 14 BCE methods (includ-
ing kBET, local inverse Simpson’s index (Korsunsky et al., 2019),
average silhouette width (Rousseeuw, 1987), and adjusted rand
index (Hubert and Arabie, 1985)). However, best practice
recommendations vary for different sample scenarios, such as
BBKNN and Harmony, exhibiting strong performance in mixed
heterogeneous biodiversity samples (Chen et al., 2021b). In
large-scale samples (millions of cells), deep learning-based BEC
methods such as scVI and scGen perform well, especially in
handling complex integration tasks (Luecken et al., 2022).
Moreover, the runtime efficiency is a crucial consideration for
large-scale data integration. Overall, benchmarking integrations
such as scIB serve not only to aid researchers in selecting the
available integration methods but also in assisting developers in
building more efficient methods (Luecken et al., 2022).

Besides BEC methods, another crucial data integration issue
involves the harmonization and automated labeling of cell types.
For example, scANVI (Xu et al., 2021a) represents a semi-
supervised method that extends the scVI model to enable
automated annotation of cell types and states. CellTypist
(Dominguez Conde et al.,, 2022) employs logistic regression
models with stochastic gradient descent learning to identify cell
types and provides built-in and pre-trained models for different
tissues. As an upgraded version of CellTypist, CellHint (Xu et al.,
2023a) focuses on cell type harmonization. By utilizing a
predictive clustering tree, CellHint can efficiently evaluate cell-
cell similarities and harmonize cell annotations across multiple
datasets.

Integrating large-scale single-cell data into a common frame-
work is therefore essential for constructing a unified cell census
from a single cell to millions of cells. This comprehensive resource
not only enhances our current understanding of human biology
at the cellular level but also facilitates the exploration of diverse
cellular functions and interactions in the human body.

From single-omics to multi-omics and spatial omics

Recent advancements in single-cell high-throughput technolo-
gies have enabled biologists to catalog various cell types across
multiple omics layers, such as chromatin accessibility (scATAC-
seq (Cusanovich et al., 2018)) and transcriptome (scRNA-seq),
together providing a more comprehensive perspective to uncover
the underlying mechanism for cell diversity as well as the
changes occurring during disease development or progression.
Unlike single-omics data, which provides information limited to a
single molecular dimension, multi-omics data offers a multi-
faceted view of cell identity by integrating information from
multiple layers of cellular function. The integration creates a
complex interplay of dependencies and relationships, thereby
presenting unique challenges for analysis, such as data integra-
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tion, data heterogeneity, dimensionality reduction, computa-
tional demands, and data interpretation.

Emerging single-cell protocols such as SHARE-seq (Kim et al.,
2023b) and CITE-seq (Stoeckius et al., 2017) enable simulta-
neous profiling of multiple omics, offering a foundational basis for
integrating multi-omics data at a single-cell resolution. To utilize
and combine these datasets of multiple types, various novel
computational methods that are both effective and precise have
been proposed. Overall, these integration methods can be broadly
classified into three types: horizontal, vertical, and diagonal data
integration (Athaya et al., 2023), depending on cell pairing and
anchor information. Vertical integration aims to integrate
multimodal single-cell data within the same cells through the
correlation of information from distinct modalities. The
“weighted-nearest neighbor” (WNN) method (Hao et al., 2021)
is an example of vertical integration that applies an unsupervised
framework to learn cell-specific modality weights and construct a
WNN graph for integrative analysis. WNN analysis has been
leveraged to pair single-cell transcriptomes and ATAC-seq
profiles, which benefits the multimodal definition of cell identity
as well as the identification of putative regulatory programs.
Despite the emergence of simultaneous assays, different omics are
typically measured independently, which gives rise to unpaired
data, requiring horizontal and diagonal data integration.
Horizontal data integration relies on a set of shared features
(such as genes) to link data from different modalities, including
CCA (Butler et al., 2018) and LIGER (Welch et al., 2018). CCA
has been explored to integrate scRNA-seq and scATAC-seq
datasets by transferring chromatin accessibility to gene activity
scores, while LIGER integrates gene expression and DNA
methylation by assigning the methylated regions to the nearest
gene. Furthermore, many multimodal deep learning (MDL)
approaches adopt the diagonal data integration strategy. For
each high-dimensional data type, MDL can generate a low-
dimensional representation of single cells and convert it into a
common latent space for integration by building on model
architectures such as variational AEs (VAE), AE, convolutional
neural network (CNN), and recurrent neural network. Some past
studies integrated more than modality pairs, as exemplified by
GLUE (Cao and Gao, 2022). As a deep learning framework
combining AEs for each modality with a graph-based neural
network, GLUE bridges the gaps among three different omics,
including gene expression, chromatin accessibility, and DNA
methylation, thereby enabling the effective triple-omics integra-
tion.

Another challenge in multimodal analysis is the need for
integrating scRNA-seq data with ST data. The spatial informa-
tion of cells plays a crucial role in determining their states and
functions, which enables the reconstruction of transcriptional
panoramas for tissue architecture. Although ST datasets contain
transcriptome profiles along with spatial localization, they often
lack high resolution for individual spots. On the other hand,
scRNA-seq data retains individual cell heterogeneity but
eliminates the spatial information due to cell isolation proce-
dures. Therefore, there is an urgent need for new integrative
approaches to leverage complementary signals from both scRNA
and ST data. One application for integrative analysis of SCRNA-
seq and spatial expression data is in cellular devolution, which
helps uncover the cellular heterogeneity for each captured spot in
ST data. Methods designed for cell devolution tend to employ
corresponding scRNA-seq datasets as references, including CARD
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(Ma and Zhou, 2022), Cell2location (Kleshchevnikov et al.,
2022), and Tangram (Biancalani et al., 2021). Another
integrative application is to reconstruct the spatial association
of cells in scRNA-seq data by using ST data as references. For
example, scSpace (Qian et al.,, 2023) can identify spatial cell
subpopulations by using a transfer learning model and then
reconstruct cells onto a pseudo-space.

In conclusion, computational methods for multimodal integra-
tion are fast gaining popularity in single-cell analyses and
provide innovative insights into complicated cellular systems and
biological processes.

From a single species to cross-species

Cell types are evolutionary units with the potential for
independent evolutionary variations (Arendt et al., 2016). The
increasing number of single-cell organism-level datasets from
different species creates opportunities to explore evolutionary
relationships between cell types across species. Cross-species
analysis provides valuable insights into the origin and evolution
of cell types, shedding light on species-specific expression
patterns. Furthermore, many studies use model organisms, such
as mice, zebrafish, and fruit flies, in the investigation of
fundamental biological processes and disease mechanisms so as
to obtain valuable information about how cell types execute their
functions in both healthy and diseased bodies, thereby contribut-
ing to our understanding of biological processes across diverse
organisms. Specifically, cross-species analysis, such as in the
context of complex diseases like IgA nephropathy (IgAN) (Chen
et al., 2024b), offers a powerful tool in the identification and
understanding of shared disease mechanisms across species and
pinpointing potential therapeutic targets.

MetaNeighbor (Crow et al., 2018) works based on the notion
that cells of the same type share greater numbers of similar gene
expression patterns than cells from different types; it has been
applied to systematically assess the transcriptional similarity
between species. The results of MetaNeighbor among humans,
mice, and monkeys (Han et al., 2020; Qu et al., 2022) imply that
the cell type similarity in orthologous gene expression transcends
mammalian species divergence. Moreover, through MetaNeigh-
bor analysis between vertebrates and invertebrates, researchers
constructed a cross-species cell-type evolutionary tree at the
organism level for tracing the origin of major cell lineages during
animal evolution (Wang et al., 2021b) and further identified
common pathways that change across typical life span (Wang et
al., 2023b) to shed light on the dynamic changes in cell function
and regulation across species. However, MetaNeighbor analysis
has limited usage for remote species because they share a few
one-to-one ortholog genes. To address this concern, Tarashansky
et al. (2021) proposed the self-assembling manifold mapping
(SAMap) algorithm that incorporates the relative contributions
of homologous genes derived from reciprocal BLAST for cross-
species cell mapping. Using SAMap, researchers identified 1,209
homologous cell-type pairs across eight species, and only 36.5%
(441 of 1,209) could be recognized by MetaNeighbor analyses
using one-to-one orthologous genes (Li et al., 2022c¢). In
addition, the result of benchmarking strategies for cross-species
integration revealed the superiority of SAMap over BEC methods
in integrating whole-body or organism-level atlases among
species (Song et al., 2023). Notably, cross-species deep learning
methods such as CAME (Liu et al., 2023c) and SATURN (Rosen
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et al., 2024) were constructed recently and demonstrated better
performance than SAMap in terms of benchmarking. To deal
with homologous genes, SATURN uses the concept of “macro-
genes,” defined as groups of genes with similar protein
embeddings, and CAME applies graph neural networks to make
full use of homologous information.

However, these methods and all the efforts are largely limited
to pairwise comparisons followed by integrative analyses for the
identification of homologous cell-type pairs across species.
Recently, Mah and Dunn (2024) employed principal components
as phylogenetic features to reconstruct cell type evolution across
species through cell phylogenies. Although cell phylogenies
allow researchers to phylogenetically define cell type via clade
membership, they remain restricted to one-to-one homologies
shared by species. In addition, Wang et al. (2021b) inferred the
phylogenetic tree with IQ-TREE (Nguyen et al., 2015), indicating
that cell types from the same cell lineage tend to be clustered in
vertebrate pairwise comparison, while, in invertebrates, cell types
from the same species tend to cluster. Therefore, cross-species
analysis utilizing traditional cell phylogenetic trees, especially for
homologous gene selection in lower species, remains challen-
ging. Future work should consider the incorporation of
paralogous and orthologous genes in constructing cell phylo-
genies to address this issue.

Overall, cross-species analyses enhance our understanding of
the evolution of cell types. This analysis not only informs insights
into the genetic and functional relationships between different
species but also paves the way for a better understanding of the
fundamental principles underlying the diversity and adaptation
of cell types across various organisms. From the transcriptional
similarity of homologous genes to the construction of cell
phylogenetic trees, cell type evolution is increasingly getting
integrated into the evolutionary perspective.

AI application for single-cell genomics

Single-cell technologies generate large amounts of data, typically
with characteristics of high dimensionality, sparsity, and
complexity, which makes the analysis using conventional
computational methods difficult and unfeasible. To address these
challenges, researchers are turning to Al methods as potential
alternatives.

The application of Al algorithms in the field of single-cell
genomics is expected to offer significant advantages for analysis,
including batch effect correction, denoising, and dimensionality
reduction, making the single-cell genomics datasets easier to
interpret and visualize. Al algorithms method can mainly use
two types of data as input: non-sequential data (such as cell
profiles and gene expression from scRNA-seq) and sequential
data (such as DNA sequences of cCREs from scATAC-seq).

Currently, Al algorithms can holistically account for all stages
of single-cell genomics analysis (Brendel et al., 2022; Erfanian et
al., 2023). For example, the applications of the AI models
mentioned earlier include several categories: deconvolution
(such as TAPE (Chen et al., 2022c¢)), BEC (such as SAUCIE
(Amodio et al., 2019) and scGen (Lotfollahi et al., 2019)),
integration of multimodal omics (such as GLUE (Cao and Gao,
2022)), and cross-species analysis (such as CAME (Liu et al.,
2023c)). Other applications include cell-cell communication
analysis (such as DeepCCI (Yang et al., 2023a)) and RNA
velocity (such as DeepVelo (Chen et al., 2022e)). At the
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epigenetic level, Al models are used to transfer labels from
scRNA-seq to scATAC-seq data, as demonstrated by scGCN (Song
et al., 2021), and to construct TF regulatory networks from
single-cell ATAC-seq data, as exemplified by DeepTFni (Li et al.,
2022b). At the spatial level, specially designed AI models are
increasingly available (Zeng et al., 2022). Methods including
DeepST (Xu et al., 2022a), STAGATE (Dong and Zhang, 2022),
and DeLTA2.0 (O’Connor et al., 2022) have been designed to
capture both gene expression profiles and spatial information.
Furthermore, CellCharter (Varrone et al., 2024) has been
developed to identify the cellular spatial niches related to tissue
remodeling and cell plasticity. In addition, Graph Convolutional
Neural Networks for Genes (GCNG) (Yuan and Bar-Joseph, 2020)
and HoloNet (Li et al., 2023a) are commonly used to infer cell-
cell interactions at a spatial resolution.

For a deeper exploration of gene regulatory programmers, it is
essential to construct AI models with million-level single-cell
data. Big data-inspired AI models hold promise for unraveling
complex gene interactions and regulatory mechanisms, thereby
aiding in the understanding of disease processes and potential
therapeutic targets. Recently, Geneformer (Theodoris et al.,
2023), a transformer-based model pretrained on a corpus of 30
million scRNA-seq data, has been used to facilitate predictions in
settings with limited data using transfer learning. The pretrained
Geneformer model demonstrated excellent performance in
predicting gene dosage sensitivity. The fine-tuning procedure
for downstream tasks includes predictions on chromatin
dynamics and network dynamics. Specifically, in silico perturba-
tion includes in silico deletion and in silico activation. The ability
to simulate these perturbations in silico is thus crucial as it can
provide a valuable reference point for guiding downstream
experimental work, facilitating more efficient and effective
biological research. Similarly, the Al model scGPT (Cui et al.,
2024) is pretrained on over 10 million cells and enables multi-
omics integration. Additionally, the transformer-based cross-
species foundation model GeneCompass (Yang et al., 2023b) is
pretrained on an extensive scRNA-seq dataset of more than 120
million cells from humans and mice. Notably, single-cell
transformers models have exhibited versatility in single-cell
genomics, as evidenced by the resources available on the web:
https://github.com/theislab/single-cell-transformer-papers
(scBERT) (Yang et al., 2022). These models can tackle a wide
range of downstream tasks, including cell type annotation, gene
expression imputation, genetic perturbation, cell clustering, gene
regulatory network inference, simulation, and denoising. Cur-
rent single-cell transformer models can be categorized into
various groups. In conventional transformer architectures,
models like scBERT, BioFormers (Fang et al., 2023), and CellLM
(Zhao et al., 2023) utilize standard transformer architectures,
often employing Masked Language Modeling (MLM) with
different loss functions and objectives for gene expression
prediction or cell representation learning. Decoder-based models
such as scMulan (Bian et al., 2024) and tGPT (Shen et al., 2023)
rely on decoder architectures for tasks such as conditional cell
generation or batch integration. Multiencoder models such as
GeneCompass and scFoundation (Hao et al., 2024a) utilize
multiple encoders, often to handle different aspects of the data,
such as genetic perturbation effect prediction. In AE models, the
multitask learning model (Pang and Tegnér, 2020) employs an
AE with two transformer encoders for cell clustering. The
Universal Cell Embedding (Rosen et al., 2023) incorporates

SCIENCE CHINA Life Sciences Vol.68 No.5, 12261282 May 2025 1253


https://github.com/theislab/single-cell-transformer-papers
https://doi.org/10.1007/s11427-024-2770-x

specialized embeddings, which are designed to capture informa-
tion about the gene expressions or chromosomal positions,
enhancing their ability to learn meaningful representations of
cells. iSEEEK (Shen et al., 2022) and Geneformer leverage rank-
based ordering of gene expression values within their input
representations, thereby contributing to their performance in
gene-related tasks. scFormer (Li et al., 2024) is a great example of
a task-specific model that is designed to address specific
challenges in single-cell analysis by using a modified MLM
approach coupled with other techniques. Models such as TOSICA
(Chen et al., 2023b), scTransSort (Jiao et al., 2023), STGRNS (Xu
etal., 2023c¢), CIForm (Xu et al., 2023b), and TransCluster (Song
et al.,, 2022) represent a diverse category of unsupervised
approaches, each with its own set of objectives and unique
embedding strategies. Overall, big data-inspired AI models
implement comprehensive analyses across various biological
applications.

However, the abovementioned Al models operate on single-cell
data independent of the knowledge about the sequence, such as
the gene expression profiles. Sequence-based AI models have
emerged recently, offering direct modeling of the genome
sequentially. These models offer the potential to analyze and
understand genetic information in a more comprehensive and
detailed manner, thereby providing valuable insights for various
applications in genomic studies and personalized therapies. Nvwa
(Li et al., 2022c¢) is a groundbreaking CNN model using 13-kb
DNA sequences as inputs. It creates a unified framework to
analyze the regulatory process of gene expressions and elucidate
the mechanism of how different cell types use the same DNA
sequence to encode different genes. Nvwa effectively utilized Al-
derived cis-regulatory elements as well as identified complex
regulatory rules, presenting a novel strategy for studying
regulatory grammar in diverse biological systems. Another
model based on the CNN architecture, scBasset (Yuan and
Kelley, 2022), inputs 1,344-bp DNA sequences from scATAC-seq
data. scBasset achieves cell clustering, data denoising, data
integration across assays, and TF activity inference. In particular,
scBasset can predict perturbations including single nucleotide
mutations as well as TF motif insertions in the non-coding
regions. To bridge the gap between epigenetic regulation and
gene expression, Al models such as Huatuo (Xiao et al., 2023),
ExpectoSC (Sokolova et al., 2023), and seq2cell (Schwessinger et
al., 2023) are constructed by integrating sequence-based
epigenetic models to facilitate the prediction of cell type-specific
expression directly from DNA sequences. Huatuo and ExpectoSC
are constructed on the framework of CNN-based DeepSEA Beluga
(Zhou et al., 2018), while transformer-based Enformer (Avsec et
al., 2021) is used in seq2cell. Notably, these AI models promote
the estimation of the effects of single nucleotide mutations on the
gene expressions. However, Sasse et al. (2023) proposed that
current sequence-based Al models often fail to accurately predict
the direction of mutation effects on the gene expression. These
authors suggest leveraging of diverse genomes and biochemical
processes as inputs for future deep learning models.

Chapter 6. Advances in single-cell atlas mapping

Mouse cell atlas

The evolution and enhancement of throughput and sensitivity in
single-cell technologies have facilitated the development of cell
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atlases across numerous species. Typically, a conventional cell
atlas should, at a minimum, depict a comprehensive catalog of
cell types in either single or multiple tissues across at least one
dimension (i.e., transcriptome, genome, proteome, or metabo-
lome). Considering the importance of the transcriptome, the
majority of current cell atlases are constructed from the
transcriptomic level. As a preeminent animal model, high-
throughput single-cell RNA sequencing (scRNA-seq) methodol-
ogies have been primarily utilized for the pioneer mapping of
murine cellular atlas (Mus musculus). The cellular compositions
of diverse murine tissues serve as a reference for studies
investigating developmental, aging, and disease mechanisms.
Despite the efforts to characterize the single-cell landscapes
across various tissues (Haber et al., 2017), it was not until 2018
that the MCA unveiled an exhaustive single-cell transcriptomic
profile encompassing nearly half a million cells across more than
40 organs and tissues (Han et al., 2018b). This repository stands
as a pivotal resource conducive to the discernment of cell types
across predominantly studied organs as well as unexplored
tissues. The Tabula Muris Consortium reported another compre-
hensive single-cell transcriptome atlas of 20 mouse organs
(Tabula Muris et al., 2018). The use of a combination of high-
sensitivity full-length alongside 3’-end methods has facilitated a
more detailed characterization of TF patterns across diverse cell
lineages. These studies serve as a pioneering landmark, defining
the first large-scale cell atlas spanning multiple murine tissues at
the gene level. In the realm of chromatin accessibility,
Cusanovich et al. (2018) pioneered the first single-cell chromatin
accessibility atlas on a genome-wide scale, encompassing 13
distinct adult murine tissues. In addition, the presence of
regulatory elements, being cell type-specific, provides a robust
framework purposed for pinpointing cell types that are pre-
dominantly associated with common human diseases and traits.
Other representative studies focused on cell heterogeneity in
different systems. For example, Fang et al. (2022b) integrated the
stromal cell atlas across multiple tissues during the develop-
mental stages. Zeisel et al. (2018) mapped the single-cell
transcriptome atlas of the murine mammalian nervous system
in major anatomical regions, including the brain, spinal cord,
peripheral sensory organs, and the enteric and sympathetic
nervous systems. In addition, Kalucka et al. (2020) constructed
the first mouse endothelial cell atlas and established metabolic
signatures in different vascular beds.

The murine embryo serves as a homologous model that is
instrumental in unraveling the integral molecular events
entwined with the process of cell development. After the release
of the adult mouse cell atlas, another two studies constructed a
single-cell transcriptome atlas in 2019, with a focus on mouse
gastrulation and organogenesis. Pijuan-Sala et al. (2019)
adopted 10x genomics technology to comprehensively delineate
the transcriptomic landscape across nine distinct temporal
points, spanning from 6.5 to 8.5 days postfertilization. In a
complementary study, Cao et al. (2019) innovatively employed
sci-RNA-seq3 technology to analyze approximately 2 million
cells derived from 61 embryos, spanning stages from 9.5 to 13.5
days of gestation. Collectively, these two studies provided
continuous and complete lineage-specific gene expression
resources. As for another mouse developmental cell atlas, Fei et
al. (2022) unveiled a comprehensive mouse cellular differentia-
tion atlas that captures the temporal series of morphogenesis,
extending from the early embryogenesis stage at E10.5 to
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postnatal day 21. The Xbpl was identified as a pivotal master
regulator governing cell fate decisions in mice. Mittnenzweig et
al. (2021) reported a single-embryo, single-cell-level mouse
gastrulation (E6.5 to E8.1) atlas. Qiu et al. (2024) constructed
the largest scRNA-seq dataset to date of mouse embryonic
development and presented a comprehensive atlas (Ontogeny of
Mouse) consisting of an impressive 12.4 million cells, covering
critical stages spanning from gastrulation to the postnatal period.
Other single-cell multi-omics studies have supplemented results
from other dimensions, including cis-elements, histone modifica-
tions, and spatial information (Gorkin et al., 2020; Jiang et al.,
2023b; Smith et al., 2022). In the dimension of STs, Peng et al.
profiled the spatial transcription atlas of early gastrulation
(embryonic day 5.5 (E5.5) and E7.5), as well as the brain
development (Jiang et al., 2023a; Peng et al.,, 2019a). Other
researchers adopted Slide-seq and Stereo-seq to portray mouse
whole embryo organogenesis at the subcellular resolution,
respectively (Chen et al., 2022a; Sampath Kumar et al., 2023).
Altogether, these two studies covered the development stages
from E8.5 to E16.5. The open-access ST databases greatly
facilitated other researchers in exploring these resources. Some
reports have already been published in the field of aging research.
For instance, the “Tabula Muris Senis” highlights aging-related
perturbations and systemic inflammation in multiple tissues
(Almanzar et al., 2020). The spatial and single-cell atlas of the
cycling and aging female reproductive tract sheds light on the
role of fibroblasts and fibrosis in extracellular matrix reorganiza-
tion during a reproductive lifespan (Winkler et al., 2024).

Human Cell Atlas (HCA)

Initiated in 2016, the HCA consortium signifies a worldwide
collaborative endeavor, diligently working to characterize a
cellular reference blueprint of all human tissues (Regev et al.,
2018). Enlisting the utilization of avant-garde single-cell
genomic methodologies, this collective effort aims to profoundly
understand human health and various diseases to provide
insights into the fundamental mechanisms shaping our physio-
logical and pathological states. The first draft of the HCA aims to
profile over 100 million human cells from all organs in men and
women. In this draft, the data resource will mainly be based on
the mature scRNA-seq (also including other omics) profiling of
cell suspension (Lindeboom et al., 2021). The end version will be
a comprehensive, super-resolution spatiotemporal multiscale
omics database encapsulating the dynamic landscape of every
single cell type within the human body. This seminal resource,
which is readily accessible to the scientific community, promises
to serve as a reference atlas of inestimable value not only for basic
biological discoveries but also as an instrumental tool for an
array of clinical applications. The development of the HCA
community is also expected to facilitate the translation of
technology from basic research to clinical application scenarios.
In 2019, marking another significant milestone, the National
Institutes of Health (NIH) instituted the Human Biomolecular
Atlas Program (HuBMAP). This endeavor inaugurated an
additional research consortium dedicated to charting the terrain
of the human body at the single-cell resolution (Snyder et al.,
2019). In the year 2023, the HuBMAP project rendered a report
encapsulating its advancements, as signified by the depiction of
single-cell transcriptomic atlases for the human kidney and
intestines. Moreover, it explored new frontiers by providing ST
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atlases of the fetal-maternal interface, thereby adding another
feather of accomplishment to their ongoing scientific exploits
(Greenbaum et al., 2023; Hickey et al., 2023; Lake et al., 2023).

Research communities in China are keen participants who are
making salient contributions toward shaping the trajectory of
HCA research. In an epoch-making study published in 2020,
Han et al. (2020) presented the world’s foremost single-cell
transcriptome landscape that spans multiple tissues—a colossal
dataset comprising over 700,000 cells from an excess of 50 tissue
types—thereby providing an insight into the comprehensive
organ system of the human body. This research unprecedentedly
encompasses data about a comprehensive range of adult tissues,
embryonic structures, as well as diverse cell lines. In parallel,
they unfolded a thorough single-cell transcriptional profiling
study covering an expanse of 15 organs derived from a standard
adult individual (He et al., 2020). Progressing along the
chronological thread of research within the sphere of multi-
organ cell atlas, the Tabula Sapiens Consortium has contributed
significantly in the scientific realm, crafted another atlas that
encompasses multiple organs at a single-cell transcriptomic level,
and distinctly identified nearly 500 cell types (The Tabula
Sapiens Consortium et al., 2022). Furthermore, Fraslan et al.
(2022) employed single-nucleus RNA sequencing as an effica-
cious stratagem to scrutinize frozen, banked specimens pertain-
ing to eight human organ types procured from 16 philanthropic
donors. This sophisticated exploration proposed an innovative
framework for the utilization of frozen tissue samples, thereby
significantly augmenting the Genotype-Tissue Expression (GTEx)
project’s repertoire.

The Human Developmental Cell Atlas (HDCA), a significant
component of the HCA, is launched with the distinct objective of
formulating an exhaustive reference map at the single-cell level
to capture the nuances of normal organogenesis and early
developmental stages. This ambitious undertaking has laid a
robust foundation to further the understanding of aging and
cancer and to invigorate the field of regenerative medicine
(Haniffa et al., 2021). Within this realm, the laboratories of Qiao
and Tang have conducted a series of pioneer multi-omics studies,
charting new territories in understanding human germline cells
and embryo implantation processes (Li et al., 2017; Li et al.,
2018; Zhou et al., 2019). With the advancement and
popularization of scATAC-seq methods, an increasing number
of HCA studies are concurrently focusing on the cell type-specific
regulatory elements brought about by chromatin accessibility
data. Past research has followed along various stages of human
embryonic development. Two such in-depth studies have
produced comprehensive transcriptome and spatial datasets that
cover critical phases in human embryogenesis. These phases
encompass the early gastrulation period, specifically 16- and 19-
days postfertilization, as well as the organogenesis stage,
occurring 4 to 6 weeks into fetal development. These studies
have provided an intricate understanding of these crucial
development stages (Tyser et al., 2021; Xu et al., 2023d). The
group’s Genomic Architecture of Cells in Tissues (GeACT)
project, alongside a comparable preprint multi-omics study,
employed high-detectability scRNA-seq and scATAC-seq ap-
proaches. They systematically profiled the cellular atlas of
human fetuses during gestation, focusing on the window of 8—
21 weeks (Tian et al.,, 2020; Yu et al., 2021a). Shendure’s
laboratory pioneered the creation of the most extensive fetal HCA
to date (transcriptome and chromatin accessibility). This
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groundbreaking work catalogs 4 million individual cells derived
from a spectrum of 28 fetuses, with estimated postconceptual age
ranging from 72 to 129 days (Cao et al., 2020a; Domcke et al.,
2020). Zhang et al. (2021b) pioneered the inaugural scATAC-
seq atlas, elucidating over one million nuclei from a diverse set of
222 distinct cell types across 30 different adult human tissues.
These authors also performed an integrative analysis of previous
published fetal datasets and their study provided a research
paradigm to identify the correlation of fetal and adult human
cCREs with human traits and diseases. With the advancements of
ST technology in recent years, these methodologies have now
been incorporated into the mapping of HCAs to validate key
molecular feature events during developmental processes with
temporal and spatial resolution. Pan et al. (2023), for instance,
reported the inaugural spatiotemporal transcriptome atlas of
human embryos post-gastrulation. This pioneering research
effort revealed organ-centric regulons that are postulated as
potential determinants of cellular lineage. Moreover, they
succeeded in categorizing the genes of specific cell types
associated with developmental irregularities and infections,
thereby contributing significantly to our current state of knowl-
edge about embryonic development and disease pathology.

The advancements in single-cell atlases of various human
organ tissues are indeed remarkable and captivating. Recently,
Jiao’s group (Li et al., 2023e) combined scRNA-seq and Stereo-
seq to build the spatiotemporal developmental atlas of multiple
human brain regions from 6-23 gestational weeks. This is the
most extensive spatiotemporal developmental transcriptome
atlas of the human brain to date, covering the greatest period
and area; it uncovered the instrumental roles of diverse
interactions between different types of glial cells and neurons in
the regional specialization process of neuron subtypes. Notably,
the Brain Research through Advancing Innovative Neurotech-
nology’s Initiative-Cell Census Network (BICCN) alliance, pro-
pelled by the NIH, has achieved a series of progressions in the
exploration of cell types and functions in humans, non-human
primates, and rodent brains. This project revolves around the
construction and comparative analyses of single-cell atlases for
these species’ brain maps. These multi-omics works cover the
comprehensive brain cell types in different anatomic regions
(Braun et al., 2023; Chartrand et al., 2023; Johansen et al.,
2023; Jorstad et al., 2023a; Jorstad et al., 2023b; Kim et al.,
2023a; Lee et al., 2023; Li et al., 2023f; Siletti et al., 2022; Tian
et al.,, 2023b; Velmeshev et al., 2023; Weninger and Arlotta,
2023). Collectively, these efforts represent significant contribu-
tions to further our understanding of human biology and pave
the way for future research in areas such as disease mechanisms,
diagnostics, and therapeutics (Figure 8).

Cell atlas of other organisms

The nonhuman primate serves as another important model
organism in the field of biomedical research. It has proven to be
particularly instrumental in investigating human physiology,
disease progression, and, notably, the intricacies of organ aging.
The BGI in China generated the first nonhuman primate cell atlas
(NHPCA) (Han et al., 2022). In their study, they provided an
expansive cell transcriptomic atlas that incorporated data from
more than 1 million cells spanning 45 tissues collected from
adult nonhuman primates, specifically Macaca fascicularis. Sig-
nificantly, the authors further established a high-definition ST
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atlas that intricately mapped the single-nucleus transcriptomic
landscape of the entire macaque cortex (Chen et al., 2023a). A
comprehensive cross-species transcriptomic data comparison
comprising humans, macaques, and mice underscored the
presence of cell types exclusive to primates, predominantly
enriched within the fourth layer of cortical tissues.

Zhai et al. (2022) provided a comprehensive report on the
gastrulation and early organogenesis cellular atlas of monkeys,
which notably bolstered our comprehension of primate develop-
ment. Their study demonstrated the transcriptomic character-
istics pertinent to diverse cell types during primitive streak
expansion, somitogenesis, the genesis of the gut tube, neural tube
patterning, and neural crest differentiation periods. Building
upon this body of research, another study combined scRNA-seq
and scATAC-seq to construct a detailed map of gene expression
and chromatin accessibility at the single-cell level across 16
organs in cynomolgus monkeys (Qu et al., 2022). Cross-species
comparative investigations, encompassing mice, monkeys, and
humans, have proposed a distinctly elevated equivalence in
immune-related cellular characteristics, which is predominantly
shared between monkeys and humans. In another critical brain
region, the adult and aging cellular atlases of the hippocampus
have also been reported (Hao et al., 2022; Zhang et al., 2021a).
The authors unearthed the onset of proinflammatory reactions in
aged microglial and oligodendrocyte cells to cultivate an adverse
microenvironment impeding neurogenesis. Moreover, the group
led by Liu has made notable strides in recent years by unveiling a
remarkable series of primate tissue aging cell atlases. They
assembled and established a unique single-cell transcriptome
atlas of numerous aging primate organs, inclusive of the
cardiopulmonary system, ovaries, liver, testes, muscles, arteries,
and the pancreas (Huang et al., 2023a; Jing et al., 2023; Liet al.,
2021a; Ma et al., 2021; Wang et al., 2020b; Yang et al., 2024;
Zhang et al., 2020c). Most aging-associated transcriptional
alterations, which have been identified specific to certain cell
types, underscored an amplified systemic inflammation as a
characteristic signature of primate aging. Moreover, this group
ingeniously formulated tissue-specific therapeutic strategies
geared toward intervening in the degenerative processes related
to aging.

Within the domains of piscine and amphibious studies,
organisms such as zebrafish, Xenopus, and axolotl serve as
quintessential models, offering valuable insights into the intricate
processes of embryonic development and holistic tissue regen-
eration. Jiang et al. (2021) unveiled a comprehensive zebrafish
cellular landscape, representing over 250,000 unique cells that
span across both embryonic and adult life stages. The authors
shed light on the distinctive characteristics of the blastema
population, which are a crucial component of the zebrafish’s
extraordinary caudal fin regeneration. Briggs et al. (2018)
derived a comparative cell atlas of Xenopus and zebrafish
development to identify embryonic cell states. The first single-
cell transcriptome atlas of Xenopus, including multiple larval and
adult organs, was reported by Liao et al. (2022). In their study,
the authors discovered a ubiquitous regulatory mechanism
encompassing the phenotype of antigen processing and pre-
sentation, which were consistently manifested in cells derived
from disparate embryonic layers during metamorphosis. The
Axolot] serves as another paradigm in the realm of develop-
mental and regenerative biology. Notable single-cell RNA-
sequencing studies investigating Axolotl limb regeneration
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Figure 8. Mapping of human and mouse cell atlases at the single-cell level.

uncovered distinctive subsets of stem cells and identified pivotal
regulatory activity within fibroblasts linked to the instigation of
regeneration (Gerber et al., 2018; Lin et al., 2021b). Further-
more, the inaugural atlas of axolotl cells provided a comprehen-
sive mapping of transcriptomic alterations that occurred
throughout the course of metamorphosis and development (Ye
et al., 2022). In the most recent advancements, an ST dataset
indicated an injury-induced cluster of ependymal cells that
manifested as a progenitor cell population with the ability to
replace lost neurons (Wei et al., 2022). This research further
delineated the presence of a state resembling immature neurons
at the injury site.

The fruit fly (Drosophila melanogaster) is a classic model
organism in the study of neurobiology and genetics. Li et al. (Li
etal., 2022a; Lu et al., 2023) diligently constructed a cross-tissue
single-cell transcriptome atlas encompassing both adult and
aging flies that featured the gene signatures and correlating TFs
manifesting across various cell types. Serving as a point of
reference, these cellular signatures catalyze further explorations
into genetic perturbations and disease modeling studies.
Furthermore, the aging fly cell atlas sheds light on the evolution
of age-related gene expression and the dynamic changes in
pathways, such as the noticeable shift in lineage toward the fat
body and the incidence of apoptosis in muscles. In a noteworthy
addition, the authors established an aging clock model that
ingeniously allows the prediction of an animal’s age purely based
on scRNA-seq data. Fly brain cell atlas has successfully
deciphered the single-cell accessible chromatin and transcrip-
tome atlas throughout adulthood and during the aging process,
thereby identifying comprehensive regulatory regions associated
with the processes of developmental trajectories, neurogenesis,
reprogramming, and maturation (Davie et al., 2018; Janssens et
al., 2022b). The comprehensive whole-body cell landscapes
encompassing zebrafish, flies, and earthworms have been
painstakingly assembled thereafter, paving the way for a
genomic sequence-grounded, cross-species deep learning model.
This state-of-the-art model holds the potential to accurately
predict cellular lineages for creating new avenues for future
research (Li et al., 2022c). Certain cell atlas mappings of
terrestrial invertebrates have been recorded in the existing
scientific publications. The cell atlas of the earthworm manifested
a more comprehensive array of major cellular lineages than
those examined previously (Shao et al., 2020). At the L2 larval
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stage, the developmental cell atlas of C. elegans incorporated
extensive whole-body cellular representations encapsulated
within a singular organism (Cao et al., 2017). Meanwhile, the
lineage-resolved molecular atlas of C. elegans during embryogen-
esis and subsequent larval development evidenced a pattern of
lineage priming within distinct cells right up unto the precipice of
terminal fate determination (Packer et al., 2019). In addition,
some review articles have encapsulated the application and
advancements of single-cell technologies within the realm of
plant studies (Bawa et al., 2022; Yu et al., 2023b).

Chapter 7. Single-cell insights for translational
medicine

Single-cell genomics has emerged as a powerful tool in decipher-
ing the complexities of human diseases, particularly in the field of
cancer. By providing unprecedented resolution and insights into
cellular heterogeneity, single-cell genomics has revolutionized
our current understanding of disease mechanisms, treatment
response, and patient stratification, as well as drug discovery and
therapy selection in the context of precision medicine. In this
section, we have highlighted how single-cell genomics can be
translated into clinical applications and discussed its transforma-
tive impact on disease understanding and treatment strategies
(Figure 9).

Transformative impact of single-cell genomics on cancer
treatment

Hyperfine resolution of single-cell genomic: better targeting cancer
cells in tumor progression
As a leading cause of death across the world, cancer poses
formidable dangers with a widespread menace in mechanisms
that are yet to be disentangled. Dissecting cancer mechanisms is
of paramount importance in understanding the complexities of
cancer biology, with pivotal implications in diagnosis, treatment
strategies, and prognostic predictions. Thanks to the unprece-
dented aid of single-cell genomics, finer profiling of cancer cells
provides deeper insights into the treatment and mechanisms of
cancer, which encompass several key aspects such as cancer
initiation and progression, cancer metastasis, and cancer
heterogeneity.

Cancer initiation and progression are complicated processes
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that involve the acquisition of genetic and epigenetic alterations
by normal cells resulting in the development of malignant
properties and, finally, modifying the surrounding host cells into
the tumor-supportive tumor microenvironment (TME). Cancer
driver genes, whose mutations are more likely to induce cancer
than those of passenger genes (Greenman et al., 2007), and
cancer stem cells (CSCs), which arise by mutation from normal
stem cells and maintain the self-renewal capability (Jordan et al.,
2006), are thought to be two key initiators of tumorigenesis
(Hanahan, 2022). Single-cell DNA sequencing (scDNA-seq) and
its mapping to scRNA-seq can identify somatic mutations, copy
number alterations, and chromosomal rearrangements in
individual tumor cells, thereby revealing the phylogenetic
relationships and temporal order of mutational events (Funnell
et al., 2022). Single-cell omics technologies also illuminate the
isolation and identification of CSCs, which helps understand the
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specific mutations and epigenetic changes that confer a selective
advantage, resulting in the initiation and propagation of cancer
(Frank et al., 2021; Lawson et al., 2015; Yang et al., 2017).
Single-cell omics technology has the potential to unveil the
intricate cellular and molecular dynamics of cancer cells under-
lying cancer metastasis, which refers to the spread of cancer cells
from the primary tumor site to distant organs or tissues—a
complex process encompassing multiple biological events invol-
ving invasion, intravasation, dissemination, extravasation, and
colonization (de Visser and Joyce, 2023; Gerstberger et al.,
2023). By employing single-cell spatial, transcriptomic, and
epigenomic analyses, several recent studies can successfully
elucidate the immune landscape and intricate cellular interaction
network within metastatic tumors (Karimi et al., 2023; Zhang et
al., 2023Db). Furthermore, CTCs and disseminated tumor cells
(DTCs) represent tumor cells that respectively detach from the
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primary tumor and enter the bloodstream or lymphatic system
(Lin et al., 2021a) as well as those that have already shed from
the primary tumor and migrated to other tissues or organs (Kang
and Pantel, 201 3). Understanding the mechanisms of how CTCs
and DTCs survive physical shear stress, evade anoikis, and evade
clearance by immune cells is crucial in the field of metastasis
research (Gerstberger et al., 2023; Ring et al., 2023). Single-cell
genomics facilitates the characterization of CTCs at the cellular
level in the context of their rare nature and uncovering their
heterogeneity, plasticity, survival strategies, and metastatic
capacity (Liu et al., 2023d; Reza et al., 2021; Suvilesh et al.,
2022; Ye et al., 2023). In addition, the employment of single-cell
sequencing technology for the detection of CTCs has made a
noteworthy impact on facilitating early-stage diagnosis and
prognostic monitoring of oncology.

Tumor heterogeneity, the diversity of cancer cells within a
tumor or among different tumors, serves as a pivotal determinant
in tumor evolution, treatment response, and drug resistance and
can arise from genetic variations, epigenetic modifications, or
TME factors (Prasetyanti and Medema, 2017). Deciphering
tumor heterogeneity is paramount for the selection of targeted
therapies determined based on molecular features. In early-stage
investigations, tumor heterogeneity was originally defined based
on discrepancies in driver gene mutations among distinct tumor
types, reflecting inconsistent mutation patterns and frequencies
(Wood et al., 2007). This concept gradually evolved to
encompass the heterogeneity of mutation profiles within the
same tumor, implying intratumoral diversity of neoplastic cells
(Gerlinger et al., 2012), such as the absence of EGFR mutations
in some lung cancer cells, which limits the efficacy of EGFR-
targeted therapies in eradicating most cancer cell population.
Subsequently, with the advancements in diverse single-cell
technologies, the integration and temporal analysis of numerous
single-cell pan-cancer atlases have given a more nuanced
definition of tumor heterogeneity encompassing the comprehen-
sive illustration of differential composition and dynamic interplay
in the TME across distinct tumor types, disparate tumor regions,
and among different patients (Barkley et al., 2022; Cheng et al.,
2021b; Tang et al., 2023a; Zheng et al., 2021). Moreover, single-
cell multi-omics technologies, such as scATAC-seq, scTrio-seq,
and CITE-seq, provide supplementary perspectives for disentan-
gling the intricacies of tumor heterogeneity (Bian et al., 2018;
Satpathy et al., 2019). Hence, beyond the mere characterization
of cancer cell genetic features, unraveling the heterogeneity and
intricate interactions within the TME via single-cell genomics
assumes a critical and indispensable role.

Unlocking new frontiers through single-cell genomics: the potential of

targeting tumor-specific TME cell subtypes

Our understanding of cancer has evolved over the course of time,
shifting from a narrow focus concentrated on cancer cells to a
broader understanding encompassing the intricate surrounding
ecosystem composed of non-malignant cells and the extracellular
matrix, termed the TME. Despite their profound impact on the
discovery of cancer driver genes, traditional technologies for bulk
samples, which treat the tumor sample as a cohesive unit and
primarily capture reads from cancer cells, fail to portray the
detailed components and tumor-associated signals of the holistic
tumor ecosystem. Thanks to their capability of deciphering
cancer genomes at a hyperfine resolution, burgeoning single-cell
technology has elevated the cancer research paradigm to reveal
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the cellular components and diversity of TME, some of which
possess antitumor characteristics and others play pro-tumor
roles.

Dissecting the anti-tumor response of various T cell types in the
context of TME is the key to enhancing the efficacy of cancer
treatment, which, therefore, entails rigorous and comprehensive
profiling across multiple dimensions. When combined with TCR
sequencing, sScRNA-seq empowers the identification of various T
cell subtypes in pan-cancer landscapes (Zheng et al., 2021). For
example, exhausted CD8* T cells (Tex), featured with reduced
cytotoxicity and effector function (Blank et al., 2019; Chen and
Flies, 2013; Wherry, 2011), have been identified to demonstrate
preferential enrichment in various tumors (Oliveira et al., 2021;
Zhang et al., 2018; Zheng et al., 2017a), with LAYN as a
signature gene exerting negatively regulation functions. Mean-
while, the CXCL13* activated precursors of exhausted CD8* T
cells have been associated with tumor-reactive features and a
better prognosis (Guo et al., 2018; Liu et al., 2022b), while
CXCL13*CD4* T cells, also denoted as T helper 1 (Th1) like T
cells, seem to have anti-tumor potentials (Zhang et al., 2021d;
Zheng et al., 2022), both of which collectively play a predictive
role in immune checkpoint blockade (ICB) response (Liu et al.,
2022b). Another subtype of CD4* T cells, regulatory T cells
(Tregs), have been characterized into two clusters in single-cell
profiling of nonsmall cell lung cancer (NCSLC) based on the
expression pattern of TNFRSF9 (4-1BB), whose TNFRSF9*
cluster highly express genes such as ILIR, which is associated
with immunosuppressive functions (Guo et al., 2018).

Myeloid cells, which are comprised of several distinct popula-
tions, account for substantial proportions and mass of immune
cells and are acknowledged as comparable contributors to tumor
progression and metastasis (Sender et al., 2023), thereby
attracting continuous scrutiny as potential targets for cancer
therapeutic interventions (Engblom et al., 2016). However, it is
imperative to note that not all subtypes of myeloid cells within
the TME exhibit pro-tumor function, thereby necessitating a
pressing demand for the application of single-cell genomics to
dissect their heterogeneity and delineate the immunosuppressive
clusters for more precise therapeutic targets (Cheng et al.,
2021b). Multiple discrete single-cell studies have autonomously
identified several pivotal subtypes of myeloid cells, such as C1QC*
and SPP1* macrophages, which exhibit inflammatory and
angiogenic signatures, respectively (Zhang et al., 2020a).
Notably, neither of these subtypes aligns with the conventional
M1 and M2 dichotomous phenotypes, thus underscoring the
indispensability of employing single-cell technologies for precise
macrophage classification. In hepatocellular carcinoma (HCC),
single-cell analysis has contributed to the delineation of specific
subgroups within tumor-associated neutrophils (TANs), such as
CCL4*, SPP1*, and PD-L1* TANs, which have demonstrated
pro-tumor attributes and potential as therapeutic targets (Xue et
al.,, 2022). Also designated as mregDC, LAMP3* DC has been
shown to possess the potential to migrate to lymph nodes and
regulate multiple T cells and NK cells through crosstalk (Maier et
al., 2020; Zhang et al., 2019c¢), such as by regulating the ICB
response through cellular triads formed by mregDC, CXCL13*
Th, and PD-1P Progenitor CD8* T cells (Magen et al., 2023),
thereby potentially regulating the anti-tumor functions of NK
cells (Tang et al., 2023a).

Immune and stromal cells other than T cells and myeloid cells
also hold paramount significance in the process of cancer
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procession. A recent pan-cancer research presented a panorama
of human natural killer cells by analyzing their heterogeneity
and function in tumors from 716 patients with 24 cancer types,
uncovering a subset denoted TaNK cells, which are enriched in
tumors and exhibit anti-tumor function and unfavorable
prognosis (Tang et al., 2023a). Another research demonstrated
that LRRC15% cancer-associated fibroblasts (CAFs), as influenced
by TGF-B, promote tumor growth and exert a direct inhibitory
effect on CD8* T cell function to restrict the ability to respond to
checkpoint blockade therapies (Krishnamurty et al., 2022).

Uncovering immunotherapy biomarkers and prospectively enhancing
response rates with single-cell genomics

ICB therapies, such as anti-PD-1/L1 treatment, have demon-
strated significant efficacy in controlling tumor progression in
some cancer patients (Sharma et al., 2023). However, the
response rates vary among different tumor types, and a
considerable proportion of patients do not benefit from these
treatments (Nishino et al., 2017). Moreover, some of the
currently identified biomarkers, such as tumor mutational
burden, mismatch repair (MMR) deficiency, and PD-L1 expres-
sion, do not consistently predict treatment outcomes across all
cancer types. Consequently, there is a pressing need for the
establishment of precise biomarkers that can accurately forecast
the therapeutic response to ICB to enable optimal patient
selection and maximize efficacy with minimal toxicity. By
enabling high-resolution analyses of dynamic changes in the
TME before and after treatment, single-cell sequencing technol-
ogy can facilitate the exploration of immunotherapy mechanisms
and help identify novel and effective biomarkers. Notably, a past
study investigating PD-1 antibody treatment in basal cell
carcinoma revealed the concept of clonal replacement, wherein
the therapy improved the numbers of tumor-specific CD8 T cells
with novel clonotypes (Yost et al., 2019). Another study in
NSCLC through scRNA-seq and scTCR-seq analysis identified an
expansion of precursor-exhausted T cells among treatment
responders, originating from local expansion or peripheral blood
T cell infiltration and replenishment, which was defined as clonal
revival, expanding upon the theory of clonal replacement (Liu et
al., 2022a). Subsequently, through a meta-analysis of single-cell
data from patients undergoing ICB treatment in diverse cancers,
researchers identified an elevation of tumor-specific
CXCL13*CD8* T cells in responders (Liu et al., 2022b; Zhang
et al., 2021d). This past study also implied that CXCL13 can
serve as a potential unified biomarker for tumor-reactive CD8* T
cells and ICB response.

The TME encompasses a dynamic and intricate interplay
among stromal cells, immune cells, and tumor cells, which
plays a pivotal role in tumor progression and response or
resistance to ICB therapy. By leveraging the high-resolution
capabilities of single-cell analysis, researchers can discern
distinct cellular subpopulations associated with immune
therapy resistance, thereby shedding light on strategies to
enhance ICB response rates or facilitate the development of
novel immunotherapeutic interventions. For instance, through
single-cell profiling, two clusters, namely ecm-myCAF and
TGFB-myCAF, have been identified to interact with Tregs and
exert influential roles in ICB resistance (Kieffer et al., 2020); in
another investigation, the association between iCAFs and ICB
response was confirmed (Ma et al., 2023a). Notably, in gastric
cancer, scRNA-seq analysis revealed the presence of fibroblast
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and endothelial subpopulations linked to ICB resistance, there-
by opening up new avenues for immunotherapeutic exploration
(Kang et al., 2022). Among the immune constituents within the
TME, myeloid cells dominate, with specific subsets, including
tumor-associated macrophages (TAMs), exhibiting suppressive
properties that contribute to ICB resistance. In an in-depth
scrutiny of HCC, single-cell data uncovered PD-L1* TANs as a
potential immunotherapeutic target, considering their capacity
to impede T cell cytotoxicity (Xue et al., 2022). A multi-
dimensional single-cell analysis revealed the crucial involve-
ment of SPP1* TAMs through the SPP1-CD44 axis and the
targeting potential of enhancing the efficacy of immunotherapy
in driving tumor immune evasion in AFP-positive HCC (APHC)
(He et al., 2023).

Optimizing therapeutic strategies for chemotherapy, radiotherapy,
and combination therapies

The mechanisms underlying the efficacy of chemotherapy and
radiotherapy in clinical cancer treatment have extended beyond
the cytotoxic effects to now include the modulation of the anti-
tumor immune microenvironment (Galluzzi et al., 2015).
Leveraging single-cell genomics methodologies has facilitated
the exploration of latent mechanisms, thereby advancing the
formulation of enhanced therapeutic strategies for chemother-
apy, radiotherapy, and combination treatments, thereby poten-
tially optimizing the anti-tumor outcomes. In gemcitabine plus
cisplatin treatment of nasopharyngeal carcinoma, for instance,
single-cell analysis showed that chemotherapy induces B cells to
stimulate the expansion of Tpy and Tyl through IL-1B.
Remarkably, IL-1B has been identified as a potential biomarker
for exploring the treatment efficacy, promisingly enhancement of
patient management, and informing the selection of therapeutic
approaches (Lv et al., 2023). An exploration of chemotherapy
data in breast cancer confirmed the post-chemotherapy enrich-
ment of ICOSL* B cells, a subset that enhances chemotherapy
efficacy by eliciting an anti-tumor T cell immune response with
its functionality intricately regulated by the complement-CR2
signal (Lu et al., 2020). This past study also posits CD55 as a
potential target for enhancing chemotherapy effectiveness.
Single-cell analysis has facilitated the identification of pre-
existing chemoresistant genotypes within tumors prior to
neoadjuvant chemotherapy, thereby presenting potential oppor-
tunities for predictive efficacy assessment before treatment (Kim
et al., 2018). In the context of radiochemotherapy (RCT), single-
cell sequencing has delineated the nuanced responses of specific
TME subpopulations, revealing features such as MHC-II upregu-
lation in epithelial cells and an augmentation of naive CD4* cells,
CD16* NK cells, and FCN1* M-MDSC cells after RCT (Liu et al.,
2023a).

In recent years, the widespread adoption of combined
immunotherapy with chemotherapy, radiotherapy, and other
modalities has demonstrated a notable enhancement in the
overall response rates and survival rates, surpassing the out-
comes achieved with individual approaches (Meric-Bernstam et
al., 2021). Single-cell technology has advanced the exploration
of pertinent combination therapies, revealing diverse novel
combinations for various cancer types and facilitating the
investigation of mechanisms that can contribute to enhanced
therapeutic efficacy across malignancies such as NSCLC (Cascone
et al., 2023) and breast cancer (Bassez et al., 2021; Zhang et al.,
20214d).
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Treatment of non-cancerous diseases

In addition to its applications in cancer treatment, single-cell
genomics holds significant promise in the diagnosis and
treatment of a wide range of non-cancerous diseases, encom-
passing viral inflammatory conditions, immunological diseases,
and neurological ailments. By leveraging the power of single-cell
genomics, researchers can now unravel the intricate cellular
heterogeneity and functional diversity inherent in these diseases,
thereby shedding light on the underlying molecular mechanisms
and identifying the potential therapeutic targets. This approach
not only deepens our understanding of the complex cellular
landscapes associated with various non-cancerous ailments but
also paves the way for the development of precision medicine
strategies.

Autoimmune diseases, which encompass >80 distinct dis-
orders such as type 1 diabetes mellitus, inflammatory bowel
disease, multiple sclerosis, rheumatoid arthritis, and systemic
lupus erythematosus, are characterized by dysregulated re-
sponses of B cells and T cells toward self-antigens, which triggers
the generation of autoantibodies and self-reactive T cells
(Pisetsky, 2023). The intricate nature of autoimmune diseases
poses formidable challenges, with marked inter-patient hetero-
geneity and a limited understanding of the underlying patho-
genic mechanisms (Harroud and Hafler, 2023). Single-cell
genomics technologies offer valuable insights by enabling the
identification of TCR and BCR sequences from individual
lymphocytes, which empowers researchers to decipher the
intricacies of immune-related diseases and explore novel
therapeutic avenues. Furthermore, the comprehensive profiling
of immune disorders using large-scale single-cell atlases, along
with the integration of healthy reference atlases, contributes
significantly to the advancement of patient stratification and
precision medicine in autoimmune diseases (King et al., 2021;
Rood et al., 2022), such as in systemic lupus erythematosus
(Arazi et al., 2019; Perez et al., 2022; Stewart et al., 2020),
multiple sclerosis (Deng et al., 2021; Falcao et al., 2018), type 1
diabetes (Chiou et al., 2021; Hrovatin et al.,, 2023), Crohn’s
disease (Mukherjee et al.,, 2023), and rheumatoid arthritis
(Nathan et al., 2022; Yamada et al., 2023; Zhang et al.,,
2019b), as well as other immunological diseases such as
hypersensitivity syndrome (Kim et al., 2020).

Many infectious diseases, particularly viral infections, elicit
infection-induced tissue inflammation, which causes immune
dysregulation and profound clinical manifestations (Hill, 1998).
To comprehend the intricate immunopathogenesis underlying
these diseases, the utilization of large-scale single-cell atlases has
emerged as an invaluable tool, providing a comprehensive
depiction of tissue inflammation and enabling the identification
of distinct immune subsets (Rood et al., 2022). Notably, our
understanding of the immunological mechanisms governing
certain infectious diseases remains limited. However, through the
application of single-cell genomics analysis, we can unravel the
complex interplay between pathogens and immune cells, thereby
elucidating disease mechanisms and unveiling novel therapeutic
targets. For instance, in the unprecedented global crisis of COVID-
19, the integration of an extensive single-cell landscape
encompassing various discase severities and stages uncovered
an array of immune characteristics associated with COVID-19
infection (Ren et al., 2021). These atlases also furnish intricate
details about the cellular and molecular responses elicited by the
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virus of interest, thereby delineating disparities in immune
reactions to COVID-19 across diverse ethnicities and distinct
cellular subpopulations (Aquino et al., 2023). Pioneering
research utilizing scRNA-seq analysis has unraveled the intricate
interplay between COVID-19 and myeloid cells through C-type
lectin receptors and Tweety family member 2, which collectively
contribute to immune hyperactivation (Lu et al., 2021). More-
over, the powerful combination of scBCR-seq and scRNA-seq
techniques facilitates an effective identification of potent neu-
tralizing antibodies, thereby offering promising therapeutic
interventions and preventive strategies against prevalent in-
fectious diseases (Cao et al., 2020c).

In addition to the conventional disease therapies available,
single-cell technologies have exhibited a promising potential in
enhancing assisted reproductive technologies (ART) as a crucial
tool in infertility treatment. The rapid advancement in single-cell
multi-omics has facilitated the generation of high-resolution
single-cell atlases of preimplantation human embryos (Li et al.,
2018), along with providing profound insights into the maternal-
fetal interface interactions during the early gestation period
(Vento-Tormo et al.,, 2018). These innovations have offered
essential theoretical and technical foundations for the progres-
sive evolution of ART. For instance, a clinical study on
preimplantation embryo DNA methylation profiling demon-
strated that embryos with optimal methylation states are
associated with better clinical outcomes in ART (Gao et al.,
2023).

Regarding other prevalent complex diseases, the application of
single-cell atlases collected for diverse disease tissues and organs
provides a heightened resolution for comparative analysis
between pathological and healthy tissues. These cell atlases
proved instrumental in unveiling novel cellular subpopulations
expressing disease-relevant genes, deciphering alterations in
cellular composition, and elucidating intricate intercellular
crosstalk that underlies the pathogenic mechanisms across
organs, such as in the liver (Aizarani et al., 2019), kidney
(Schreibing and Kramann, 2022), lung (Sikkema et al., 2023),
brain (Garcia et al., 2022; Kanton et al., 2019; Winkler et al.,
2022), heart (Asp et al., 2019; Litvinukova et al., 2020), and
gastrointestinal tract (Fawkner-Corbett et al., 2021). Further-
more, the integration of multi-organ single-cell atlases facilitates
a comprehensive elucidation of the heterogeneity in the impact of
disease-associated genes on distinct tissues, as well as tissue-
specificity of the gene expression, cellular subtypes, and
compositional distributions (Elmentaite et al., 2022; Eraslan et
al., 2022; Mulder et al., 2021; The Tabula Sapiens Consortium et
al., 2022).

Drug discovery and precision medicine by single-cell
technology

Target discovery: broadening the focus from cancer cells to holistic
TME

One of the key strategies in the pursuit of target discovery
involves the direct targeting of driver genes in neoplastic cells.
Preliminary analyses and screenings conducted through con-
ventional genomic methods often lack the requisite granularity,
necessitating substantial experimental efforts and temporal
investments to obtain an expansive list of potential targets.
Single-cell technologies offer an efficacious approach in this
direction. For instance, leveraging scRNA-seq and scDNA-seq for
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intratumor heterogeneity dissection and the analysis of epithe-
lial-mesenchymal transition (EMT)-related genes is a strategic
screening approach for tumor cell genes, which facilitates the
discovery of new targets and innovative treatment strategies
(Gavish et al.,, 2023; Pellegrino et al.,, 2018). Within the
spectrum of other pathological conditions, the convergence of
genome-wide association studies (GWAS) with single-cell ex-
pression quantitative trait loci (sc-eQTL) (Yazar et al., 2022),
STING-seq (Morris et al., 2023), sc-linker framework (Jagadeesh
et al.,, 2022), and other singular cell sequencing modalities
facilitates the comprehensive integration of RNA sequences and
human genetics. By delving into the molecular intricacies of
GWAS mutations, this approach probes into the causal relation-
ships among cell types, risk loci, and the associated diseases,
thereby elucidating potential therapeutic target genes or cells.

Therapeutic approaches exclusively targeting cancer cells may
encounter challenges in accessing certain targets, as evidenced
by the limited efficacy of CAR-T in solid tumors. The burgeoning
field of single-cell genomics, when coupled with advancements in
integrative analyses, proffers a novel paradigm for target
discovery, which pivots on the identification of therapeutically
relevant subtypes of TME cells through single-cell omics so as to
uncover pertinent genes and modulation of their cellular
interactions, consequently skewing the balance in favor of a
tumoricidal TME. This approach encompasses functional aug-
mentation or recruitment of anti-tumorigenic cellular subtypes
such as CXCL13" precursors of exhausted CD8* T cells (Liu et al.,
2022b), CXCL13*CD4* T cells (Zhang et al., 2021d), and the
diminution of pro-tumorigenic cellular subtypes like activated
Treg (Guo et al., 2018), SPP1* macrophages (Zhang et al.,
2020a), TaNK (Tang et al., 2023a), LRRC15* CAFs (Krishna-
murty et al., 2022), or the obstruction of their interactive
pathways, potentially offering a more holistic and nuanced
approach to neoplastic therapy.

Furthermore, various cell therapies can be harnessed across a
spectrum of diseases including cancer (Weber et al., 2020), and
the construction of a tumor antigen map through single-cell
genomics furnishes potential targets for diverse cell therapies in
cancer (Lareau et al., 2021b). Methods affiliated with single-cell
genomics can thus foster the development of diverse cell or
immune therapies, including deciphering of biological character-
istics and adverse reaction mechanisms of CAR-T and unearthing
potential novel strategies via single-cell technologies and
methodologies such as scRNA-seq, scTCR-seq, scATAC-seq,
CyTOF, and CITE-seq (Huang et al., 2023b).

Single-cell high-throughput target and drug screening

The potential targets identified through preliminary analysis
necessitate further screening to ascertain their functional
relevance to certain disease biology via genetically encoded
perturbations or preclinical models. Perturbations induced by
specific candidate genes often elicit distinct transcriptional
changes across heterogeneous cellular subpopulations or tissue
organs. Conventional methodologies, such as the use of a
combination of pooled CRISPR screening approach with bulk
RNA-seq, may obscure the nuanced functionality of these genes
in minority cell populations (Bock et al., 2022). To surmount this
limitation, emerging scCRISPR-seq such as perturb-seq (Dixit et
al., 2016), which integrates with scRNA-seq, as well as ECCITE-
seq, which has expanded CRISPR to multimodal single-cell
screens (Papalexi et al., 2021), have been devised. These high-
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throughput methodologies empower the detection of the func-
tional impact of multiple targeted genes across cellular subtypes,
enabling streamlined and accurate screening of candidate
targets. To further alleviate the experimental burden, several
deep learning frameworks leveraging single-cell perturbation
data have been developed. Models like GEARS, which incorporate
graph neural networks, predict the downstream effects of
multiple gene perturbations, even those not experimentally
perturbed, thereby guiding experimental design and mitigating
costs (Roohani et al., 2024). Another approach, known as
CINEMA-OT, employs causal independent effect module attribu-
tion based on causal inference to undertake single-cell perturba-
tion analysis and prognosticate therapeutic efficacy (Dong et al.,
2023).

Following the identification of potential drug candidates, the
subsequent steps involve high-throughput screening (HTS) of
drug reagents. Conventional HTS methods, though effective, are
often associated with high costs and significant time investments,
as each screening step can only be conducted using a single
dosage and under certain specific biological conditions (Macar-
ron et al., 2011). The advent of single-cell technology, when
integrated with HTS, allows for simultaneous testing under
multiple dosages and diverse conditions (Van de Sande et al.,
2023). Moreover, a range of new single-cell methods have
emerged to enhance the cost-effectiveness and efficiency of HTS
in combination with scRNA-seq, either by reducing the cost or
increasing the throughput. For example, the Sci-Plex method,
which employs Nuclear hashing and single-cell combinatorial
indexing sequencing (sci-RNA-seq), can capture the global
transcriptional response of cancer cells to thousands of indepen-
dent perturbations at a single-cell resolution within a single
experiment (Srivatsan et al., 2020).

Patient stratification and personalized precision therapy

The intricate heterogeneity observed among distinct tumors
necessitates the precise stratification of different cancer patients
during therapy selection, as it is a critical step in enhancing the
efficacy and safety of cancer treatment. Current studies on tumor
stratification, which rely on conventional genomics approaches,
are primarily based on genetic or epigenetic profiles as well as
alterations in oncogenic pathways (Guinney et al., 2015;
Hoadley et al., 2018). The use of enhanced resolution in single-
cell studies, especially in analyses of large-scale data, enables
better-refined molecular stratification of cancer patients, which
incorporates not only cancer cells but also immune cells in the
TME, thereby guiding better targeting strategies for accurate,
precise, and personalized immunotherapy. For instance, a
classification of pan-cancer samples based on the composition
of tumor-infiltrating T cells from a large-scale pan-cancer
landscape of T cells can have distinct clinical implications and
preferences for certain cancer types. These findings suggest that
patient groups of cancer types featured with a high proportion of
exhausted T cells and low resident memory T cells have worse
overall survival and that cancer types enriched in the group of
high numbers of exhausted T cells and low Treg, such as
melanoma, are indicative of better response to ICB therapy
(Zheng et al., 2021). T cell-based patient stratifications are
associated with the efficacies of T cell-targeted therapy; as such,
the stratifications considering integration of other TME cells
might provide a broader perspective for deciphering the complex-
ities in therapy selection for immunotherapy targeting a wider
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range of cells (Joanito et al., 2022; Leader et al., 2021). In
addition, the intricate nature of dynamic cellular interactions
within the TME necessitates surpassing the limitations of
categorizing single-cell types or individual cancer types, thereby
pressing for further leaps in accurate patient stratifications based
on large-scale single-cell integration of all TME components
across numerous cancer types, which can ultimately guide the
personalized selection of immunotherapy regimens.

The challenge posed by pan-essential cancer targets may
engender inadvertent toxicities in patients (Chang et al., 2021).
Patient stratification through single-cell genomics, hinging on
the distinct enrichment profiles of diverse cell subtypes within
patients, can allow the implementation of patient-specific
targeted pharmacotherapies or treatment modalities, whose
variance can be comparatively assessed by leveraging identified
biomarkers. Patient stratification paradigms have now extended
beyond the realm of cancer and have found applications in
diverse diseases. In Crohn’s disease, for example, scRNA-seq has
unveiled the cellular module termed GIMATS, which is
intricately linked to anti-TNF therapy resistance (Martin et al.,
2019). Similarly, in human chronic inflammatory skin disease, a
sophisticated tool that leverages single-cell characteristics has
been devised for the purposeful classification of rash samples (Liu
et al., 2022d).

Deciphering adverse effects of immunotherapy
In recent years, the landscape of cancer treatment has been
significantly altered by the advent of immunotherapeutic
strategies, with ICB standing out as a pivotal player therein.
However, the clinical efficacy of these approaches is intricately
entwined with the emergence of immune-related adverse events
(irAEs), which affect a diverse array of organs, including the
gastrointestinal tract, skin, liver, kidneys, and lungs, thereby
introducing a formidable challenge in patient care and manage-
ment (Martins et al., 2019). Despite the generally lower incidence
of irAEs in comparison to that in conventional treatments, their
nuanced and multifaceted characteristics impose substantial
hurdles in the realm of clinical management, which, to some
extent, constrain the progressive advancement of immunothera-
pies (Gangadhar and Vonderheide, 2014). The application of
single-cell sequencing and analysis has emerged as a pivotal
approach for determining the intricate mechanisms of irAEs and
for propelling the mitigation of adverse side effects. Single-cell
genomics research has elucidated the pivotal role of a-myosin as
a significant autoantigen in immune checkpoint inhibitor-
associated myocarditis (ICI-MC), which acts as a potent stimulus
for clonal T-cell expansion and incites autoimmune inflamma-
tory responses (Axelrod et al., 2022). Notably, peripheral o-
myosin-specific T-cells have been identified as a promising
biomarker for predicting myocarditis risk. Another study high-
lighted the enrichment of Temra CD8* cells in patients with ICI-
MC and an upregulation of chemokines CCL5/CCL4/CCL4L2
(Zhu et al., 2022). In checkpoint inhibitor-induced colitis (+CPI
colitis), comprehensive single-cell analysis of colitis data eluci-
dated a pronounced proliferation and accumulation of cytotoxic
effector CD8* T cells, indicating their potential implication in the
pathogenesis of +CPI colitis while also identifying several
cytokines, chemokines, and surface receptors as prospective
therapeutic targets for any associated side effects (Luoma et al.,
2020).

Single-cell genomics has thus emerged as a transformative
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approach with broad implications in cancer therapeutics as well
as in the treatment of other complex diseases. By broadening the
investigative perspective, such as dissecting TME and patient
stratification, single-cell genomics can facilitate drug target
discovery and screening, thereby propelling the efficacy of
precision medicine. The ongoing exploration of the vast potential
of single-cell genomics within the realm of healthcare holds
significant promise toward heralding imminent transformative
changes in clinical practices.

Chapter 8. Perspectives, challenges, and
opportunities of single-cell genomics

With synergistic advances made in experimental and computa-
tional techniques in the fields of single-cell and spatial genomics,
it has been revealed, in the context of both physiology and
pathology, how heterogeneous the transcriptome of individual
cells can be in a seemingly homogeneous cell population (Kelsey
et al.,, 2017; Lein et al., 2017; Stubbington et al., 2017). Despite
these advances, several challenges remain to be resolved in the
successful application of single-cell genomics in the future. First,
single-cell multi-omics has become an indispensable approach to
elucidate the complexity of cellular processes. Although numer-
ous techniques have been developed so far, there is much scope
for improvement in the protocols to address issues such as limited
coverage so as to capture more informative and complete
genomic data (Baysoy et al., 2023). Second, spatial genomics
has revolutionized our current understanding of cellular
processes by providing the exact location of cells. Although
several spatially resolved single-cell multi-omics techniques have
been developed so far, most of these methods are low-throughput
and have low sensitivity, and hence cannot capture the complete
spatial architecture of tissue with most of the molecular
information (Baysoy et al., 2023). Third, the cost of single-cell
spatial genomics is very high, and there is a need to develop cost-
effective and scalable methods for their routine application.
Another important challenge in this area arises from data
integration. Matched data from single-cell multi-omics are
relatively easy to handle since distinct modalities can be tethered
to a single cell. However, future improvements are required for
the integration of unmatched data, considering the excessive
single-cell data available with singular modality that has been
generated over the past decade (Argelaguet et al., 2021). To
move forward to successful clinical translation, there is a need to
bridge the gap between research and clinical application for
improving patient outcomes. Finally, since single-cell and spatial
genomics methods amass huge amounts of genomic information,
ethical issues related to data privacy and application in clinical
settings would also need to be considered.

Increase data coverage

Recent genomic technologies for studying single-cell gene
expression (scRNA-seq), chromatin accessibility (scATAC-seq),
and chromatin interactions (scHi-C, Dip-C) have tremendously
advanced our understanding of cellular function and diversity.
However, there is a major obstacle in this direction—data
sparsity. Although the current single-cell data coverage is
generally adequate for identifying cell types and clustering, it
lacks the depth needed for a thorough characterization of
individual cells. The additional data required include their
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intricate properties, specific functions, response to external
stimuli and drugs, and their differentiation or reprogramming
paths. To fully harness the potential of these technologies and to
aspire toward creating cellular reference maps of organisms and
detailing the position, function, and characteristics of every
individual cell, the coverage of single-cell data must be increased
significantly.

In scRNA-seq, the utilization of random priming and in situ
polyadenylation have enabled full-length coverage and detection
of total RNA (McKellar et al., 2023; Salmen et al., 2022; Xu et
al., 2023f). In addition, the application of diverse single-molecule
labeling strategies is poised to elevate the detectable spectrum of
RNA (Mahat et al., 2024; Wu et al., 2024b; Yao et al., 2023; Ye
et al., 2024b). These innovative methods can extend their utility
to STs or in situ sequencing, thereby enhancing the sensitivity of
single-cell and spatial genomic methods.

In sn-ATAC-seq, different strategies may have the potential to
increase the sensitivity. For instance, Tn5 transposase has been
applied to insert T7 promoters (T7P) into genomic DNA (gDNA)
to facilitate in vitro linear amplification and thereby reduce PCR-
introduced bias during exponential amplification (Bartlett et al.,
2021; Chen et al., 2017a; Lake et al., 2018; Sos et al., 2016).
More recently, Mulqueen et al. implemented a method using a
single-adaptor transposition strategy (Mulqueen et al., 2021)
called s3-ATAC that utilizes a forward-adaptor containing a
uracil base. By employing a uracil-intolerant polymerase for gap-
filling, this approach prevents the incorporation of a forward
adapter sequence on both ends. Subsequently, the reverse
adapter is introduced with a polymerase-based adaptor switch.
In this step, a reverse primer with locked nucleic acid is
incorporated into the template by using a uracil-processing
polymerase. In addition, the adoption of long-read strategies in
single-cell analyses, such as scNanoHi-C (Li et al., 2023c), has
shown promise, demonstrating approximately nearly complete
coverage of genomic regions (99.3% of 100-kb pair genomic
bins).

In spatial and in situ sequencing, 10x Genomics Xenium in situ
gene expression profiling has expanded the target panel from 300
to 5,000 genes for single-cell spatial imaging (https://
www.10xgenomics.com/platforms/xenium). Deep-STARmap
and Deep-RIBOmap enabled single-cell in situ transcriptional
and translational gene expression of 200-um thick tissue blocks
(Sui et al., 2024). Besides single-molecular DNA sequencing
(Pacbio, Nanopore) and smFISH-based strategy (Vizgen, Nano-
String, 10x Genomics Xenium), single-molecule protein sequen-
cing has emerged as a promising way for integrated omics (Reed
et al.,, 2022). Subtle cellular structure analyzing methods for
nuclei, mitochondria (Guo et al., 2023), and ribosome (VanIns-
berghe et al., 2021; Zeng et al., 2023a) provides more elaborate
information about cytogenetics and cell kinetics.

Cumulatively, these innovations have significantly improved
the complexity of libraries for individual cells, thereby enhancing
detection sensitivity and disclosing subtle cellular variations.
Advancements along these lines are, therefore, poised to further
deepen our insights into the myriad of biological intricacies
inherent in a single cell.

Increase multi-omics of single-cell mapping

Cellular mechanisms of biological functions involve the central
dogma of genetic information converting from DNA to RNA to

1264 SCIENCE CHINA Life Sciences Vol.68 No.5, 1226-1282 May 2025

protein. The traditional mono-omics methods can not reveal the
direct causality between different types of molecular information.
Multi-omics technologies, however, represent a pivotal advance-
ment in molecular biology that is designed to capture multiple
types of molecular information within the same biological
samples by a single experiment. To understand the molecular
hierarchy of genome structures and functions, methods like
Chromatin Interaction Analysis with Paired-End Tag (ChIA-PET)
(Fullwood et al., 2009) have been developed to detect TF binding
sites and associated chromatin interactions, while Chromatin
Interaction Analysis with ATAC-seq (ChIATAC) (Chai et al.,
2023) was created to simultaneously measure chromatin
accessibility and interactions in cell populations. However,
despite the great strides accomplished and the known potential,
two primary challenges persist. First, Hi-C-related data is
inherent to limited resolution, which hampers the detailed
characterization of interactions between cis-regulatory elements
and their target gene promoters. Second, multi-omics single-cell
studies involving 3D genome analysis have limited throughput.
Particularly, the latter represents a serious bottleneck, constrain-
ing our ability to perform comprehensive and detailed studies at
scale and, thus, slowing the pace of gathering insights into the
3D genomic organization across a diverse range of cell types and
conditions.

The next frontier in multi-omics research lies in overcoming
current limitations to achieve high-resolution mapping of
chromatin interactions, particularly to gene-centric contacts
involving specific promoter-enhancer interactions that directly
modulate the gene expression for determining cell identity. By
combining this approach with RNA expression information
within the same cell, researchers can investigate the relationship
between the genome structure with transcription. Additionally,
incorporating protein information may provide mechanistic
insights that span from DNA to RNA to protein synthesis—a
process that is at the heart of the central dogma of molecular
biology.

Equally critical is tackling the chemical incompatibilities
inherent in multi-modal methodologies, which often lead to
reduced detection capabilities when compared with that with
single-modality analyses. In these directions, it is foreseeable that
additional modalities of molecular information can be included in
the future multi-omics single-cell methods for simultaneously
mapping RNA expression and interactions among DNA-DNA,
DNA-proteins (e.g., histone and TF), DNA-RNA, and RNA-RNA.
Such multi-omics molecular information derived in the same cell
will greatly enhance our ability to establish the causal relation-
ship between 3D epigenomic states to their functional outcomes
in transcription regulation and cellular functions. To support
widespread, large-scale applications of multi-omics research,
systematic comparison and standardization of multiple metho-
dological variations will be essential. Major projects such as
ENCODE, BICCN, and 4DN have used multi-omics technologies to
build comprehensive atlases (BRAIN Initiative Cell Census
Network (BICCN), 2021; Dekker et al., 2017; Peng et al., 2021).

Multi-modal datasets can act as a “molecular” bridge (Hao et
al., 2024b) for connecting single-cell datasets across modalities.
Although the existing mono-modality single-cell research has
provided a deep dive into specific biological aspects, its insights
remain isolated, which is limited to the scope of each modality.
Encompassing information from disparate modalities, multi-
modal datasets can enable effective translation and integration
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within these modalities, free from the reliance on constraining
biological presumptions. In summary, advancements in these
directions will not only refine our current understanding of the
cellular machinery but also enhance our ability to decipher the
molecular underpinnings of a healthy state and a diseased state.

Integrate single-cell multi-omics with spatial omics

For multi-cellular organisms, cellular function is highly depen-
dent on the context of spatial localization within a given tissue or
organ. Although recent advancements in imaging and sequence-
based spatial technologies have revolutionized our understand-
ing of how gene expression patterns are influenced by the spatial
arrangement of cells within tissues, spatial omics technologies
are currently constrained by limited capturing area and low
chemistry efficiency. As a result, spatial omics data have a
reduced capacity to capture genomic and transcriptomic features
when compared with single-cell analyses. To capitalize on the
existing single-cell consortia data (Regev et al., 2017), efforts
have been made to integrate the scRNA-seq data with the ST
data. Despite these efforts, the existing computational tools for
integration often lack precision; they typically estimate the cell
types within each spatial spot rather than obtaining a single-cell
resolution (Wan et al., 2023). Advancing computational tools is
critical in enhancing single-cell analyses, as it enables research-
ers to fully leverage spatial context toward understanding
cellular functions and interactions. This development is key to
unlocking the full potential of spatially informed single-cell
biology.

Recently, Russell et al. (2024) introduced a groundbreaking
method that involved tagging tissues with spatial barcodes,
followed by the recovery of the desired nuclei for robust single-
cell RNA-seq analysis. These spatial barcodes are ingeniously
designed to integrate seamlessly with downstream single-cell
processing workflows. The spatially barcoded nuclei can then be
input into commercially available single-cell microfluidic plat-
forms, thereby bridging the single-cell measurements with spatial
genomics insights. Although the Slide-tag technique currently
faces challenges due to sample loss, which limits analysis to only
a subset of the tissue, it represents a significant step forward in
linking single-cell analysis with spatial context, thereby enhan-
cing our understanding of cellular functions within their native
environments.

Alternatively, an appealing strategy to link spatial omics data
with single-cell multi-omics data, or conversely, to assign single-
cell multi-omics information with spatial localization in the tissue
context, is through computational integration. For matched ST
data and single-cell multi-omics datasets with RNA, 3D genome,
and epigenome modalities from the same biological sample, the
shared spatial RNA and the single-cell RNA data can function as
an information bridge to connect tissue anatomic location with
the 3D epigenomic information. Therefore, future development in
this direction by leveraging the combined capabilities of single-
cell precision and spatial resolution is positioned at the cutting
edge of scientific discovery. Technically, future directions for
spatial omics may involve click chemistry, chemical labeling, and
a computational-based “optics-free” system for single-molecular
imaging reconstruction (Weinstein et al., 2019). The application
foreground of spatial omics may focus on the 3D construction of a
large number of clinical samples (especially formalin-fixed
paraffin-embedded tissues) for biomarker detection. High-resolu-

https://doi.org/10.1007/511427-024-2770-x

tion, ease-of-use, and cost-efficient open-source spatial omics
frameworks are expected to lead to the widespread application of
these technologies in medical organizations (Schott et al., 2024).

Al for single-cell science

On one hand, single-cell technologies produce highly systematic
data, which makes them well-suited for Al training. On the other
hand, AI has been providing revolutionary applications in single-
cell genomics, thereby elevating the field to new heights. It has
revolutionized data preprocessing, batch-effect correction, data
normalization, dimension reduction, feature selection, cell
clustering, cell type annotation, graphic presentation, and other
aspects. We have provided here an overview of the broad scope of
Al applications in single-cell science, including (i) advanced deep
learning models (Chen et al., 2022c; de la Fuente et al., 2023;
Menden et al., 2020) that enable deconvolution from bulk to
single-cell data, thereby capturing individual cell behaviors with
precision; (ii) AI methods (Amodio et al., 2019; Arisdakessian et
al., 2019; Deng et al., 2019; Eraslan et al., 2019; Lopez et al.,
2018) can represent cells in a low-dimensional linear space or
latent form to fill in any missing or unseen gene expression
values, thereby enhancing the overall data quality; (iii) Al-driven
algorithms like SAUCIE (Amodio et al., 2019), scGen (Lotfollahi
etal., 2019), and scVI (Lopez et al., 2018) correct batch effects to
align datasets from different experimental conditions; (iv) by
utilizing techniques such as GPTCelltype (Hou and Ji, 2024), Al
automatically classifies or labels different cell types based on the
gene expression profiles; (v) AI models like GLUE (Cao and Gao,
2022) incorporate multiple layers of biological data to provide
deeper insights into cellular processes; (vi) AI models like CAME
(Liu et al., 2023c) and SATURN (Rosen et al., 2024) integrate
datasets across multiple species to understand cell type evolution
and conservation; (vii) AI methods like DeepST (Xu et al.,
2022a), STAGATE (Dong and Zhang, 2022), and DeLTA2.0
(O’Connor et al., 2022) capture both the gene expression profiles
and spatial information, thereby enriching our current under-
standing of cellular organization within tissues; (viii) AI
techniques such as DeepCCI (Yang et al., 2023a) enable the
comprehensive exploration of interaction between different cell
types to reveal complex cellular dynamics; (ix) Al techniques like
DeepVelo (Chen et al., 2022¢) enable reconstruction of temporal
trajectories of cellular states, thereby unraveling dynamic
processes such as differentiation and development; (x) AI models
such as Nvwa (Li et al., 2022c) decodes the secrets of regulatory
grammars, which plays a pivotal role in elucidating core
regulatory mechanisms governing gene expression and provid-
ing valuable insights into cell fate determination; (xi) pre-trained
models like Geneformer has an impressive success in the context
of gene regulatory network inference in the field of single-cell
science. Overall, Al is shaping single-cell data analysis (Ma and
Xu, 2022).

Al models have become a powerful tool in the field of spatial
data, with their applications ranging from cell type identification
to functional perdition. These applications leverage AI’s ability to
analyze complex spatial patterns and relationships within
biological systems. The key areas where AI can significantly
contribute include (i) models like DeepST and STAGATE leverage
graph-based methods to reconstruct spatial relationships, which
provides a more comprehensive understanding of spatial
organization; (ii) AI algorithms like DSTG (Song and Su, 2021)
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and GTAD (Zhang et al., 2023c¢) utilize graph-based convolu-
tional network to perform spot deconvolution, parsing spot-based
data into single-cell level expression profiles; (iii) models such as
SpaGCN (Hu et al., 2021) and GLISS (Zhu and Sabatti, 2020)
integrate gene expression, spatial location, and histology to
identify spatial domains and spatially variable genes through the
application of graph convolutional networks; (iv) models like
GCNG and HoloNet are commonly employed to infer cell-cell
interactions at a spatial resolution. Notably, graph-based models
have emerged as a powerful tool for spatial data analysis. The
ability to represent complex spatial relationships within tissues as
graphical topological structures has unlocked new possibilities
for understanding tissue organization and function to greater
depths.

Future AI models within the field of single-cell science are
expected to leverage multi-omics data even further so as to
enhance our understanding of gene regulatory rules and syntax.
The evolution of Al architectures from CNN-based to attention-
based models is a testament to the power of the latter in dealing
with complex, long-range relationships. Current specialized
transformer models like scGPT, scMoFormer (Tang et al.,
2023b), and scCLIP (Xiong et al., 2023) have been constructed
for single-cell omics prediction. More importantly, systems
biology will witness considerable benefits from AI models inspired
by big data, which will shift it from a mere integrative subject to
one with heightened predictive capabilities.

Clinical translations

In addition to their profound impact on our current under-
standing of disease pathogenesis, drug discovery, and precision
medicine, single-cell and spatial genomics have the potential to
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be transformative in developing targeted therapies and bridging
the gap between research and clinical applications for improved
patient-related clinical outcomes.

Previous studies have suggested that the majority of variants
identified through GWAS are situated in the extensive non-
coding regions of the human genome, which comprises
approximately 91% of the total genome (Claringbould and
Zaugg, 2021). These non-coding regions do not directly affect
protein coding, implying an enhancer-mediated regulatory role.
However, GWAS studies often fail to link variants to specific
target genes and do not specify the functions of these variants in
specific cell types or tissues. As such, linking GWAS variants to
their target genes is crucial for developing targeted therapies.

Single-cell multi-omics 3D genome mapping technologies can
enable precise mapping of enhancers at single-cell resolution (Liu
et al., 2023f). This precise mapping will, in turn, facilitate the
connection of GWAS loci with their target genes, thereby
enabling the development of drugs targeting these genes and
allowing the enhancers to serve as direct targets for putative
therapy. For example, in diseases where enhancers drive the
expression of undesirable gene products, editing the enhancer
sequence via CRISPR editing techniques presents a promising
treatment option. This therapy has been pioneered in transfu-
sion-dependent fB-thalassemia and sickle cell disease (Frangoul et
al., 2021). Unlike targeting specific proteins or enzymes,
targeting disease-related enhancers offers greater cell type
specificity and tissue specificity, with the promise of minimizing
the disruption of gene functions of other cell types.

In clinical practice, the application of single-cell genomics can
benefit the oncological, hematological, and immunological
aspects of diagnostic biomarkers and therapeutic target detection
(Lim et al., 2023), especially for epigenetic targeted therapy
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Figure 10. Future directions in single-cell and spatial genomics. A, Increasing data coverage in single cells (NGS, next-generation sequencing; SMRT, single-molecule real-time
sequencing). B, Enabling of multi-modal detection in single cells. C, Integration of single-cell genomic data with spatial genomic and in situ sequencing data. D, Leveraging Al for

single-cell and spatial genomics.
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(Yamagishi et al., 2024). Multimodal single-cell genomics
approaches have enabled wholescale sequencing of small, frozen
clinical specimens (Wang et al., 2023c). Spatial genomics of
clinical FFPE samples can further provide a retrospective
pathology landscape for tumor treatment (Jackson et al.,
2020). Technical advances in single-cell and spatial genomics
have provided solutions for different clinical samples. The cell-
type specific regulatory events in disease can inspire cutting-edge
therapies, including genome editing, oncolytic virus (Ling et al.,
2023), cell and immunotherapy, and epigenetic targeted small
molecules.

In the forthcoming years, the advent of single-cell and spatial
genomics is poised to facilitate the establishment of the
regulatory atlas, detailing cell type-specificity and the develop-
mental stages’ specificity. Fine-tuning the activity of regulators
or regulatory elements can empower clinicians to achieve precise
control over gene expression, thereby expanding the possibilities
for targeted treatments. This approach may emphasize a broader
regulatory genomic landscape, thereby laying a novel ground-
work for future drug development.

Conclusion

With improvements in throughput, sensitivity, and modalities,
single-cell and spatial technologies are expected to drive a
paradigm shift in all facets of biological investigation. In addition,
the synergistic integration of Al stands as a cornerstone, poised to
bolster these efforts to enable more advanced analysis and
interpretation of genomic data (Figure 10). Together, these
innovations promise to usher in a new era of discovery, with the
potential to reveal new biological insights and translate them
into clinical applications for improved human health and disease
management.

Summary

Recent advancements in single-cell and spatial genomics have
revolutionized the research on cellular states and heterogeneity.
Innovations in single-cell multi-omics and spatial genomics have
opened up ways to integrate molecular data with the mapping of
cellular features within tissue contexts. These technologies have
enabled the construction of detailed cellular atlases, offering new
insights into tissue organization and disease mechanisms. In
addition, improved computational tools have enhanced data
integration, while systematic data from single-cell and spatial
genomics have paved the way for digital cell atlases across
various systems. Importantly, Al-driven predictive foundation
models are emerging to enable in silico perturbation screening
and synthetic regulatory network design to advance our current
understanding of complex diseases and guide targeted therapeu-
tic strategies.
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