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ABSTRACT 

Single-cell and spatial omics have revolutionized biomedical research by enabling high-resolution molecular profiling across 
cells and tissues, thereby overcoming key limitations of bulk sequencing and revealing unprecedented cellular heterogeneity and 
spatial organization central to development, homeostasis, and disease. Specifically, advances in high-throughput, subcellular, and 
multiomics profiling are promoting the field toward deeper insights. In parallel, computational progress, including generative 
artificial intelligence (AI) and foundation models, is developing rapidly for manipulating multimodal multiomics data. These 
advancements have been applied to diverse diseases and biological systems, facilitating innovative biomedical findings. However, 
a significant gap persists between rapid methodological advances and their systematic application for deciphering human biology 
and pathology. This review synthesizes recent breakthroughs in single-cell and spatial technologies and surveys computational 
methods, including AI-driven approaches, foundation models, and multi-omics integration algorithms for both single-cell and 
spatial analyses. We then summarize representative applications across major human organ systems in health and disease, 
highlighting opportunities for biomarker discovery, therapeutic target identification, and precision medicine. Finally, we discuss 
current challenges and future directions for bridging technological innovation with robust biomedical discovery and translational 
impact. This review provides a vital guide for researchers in the field, offering critical insights for accelerating the translation of 
single-cell and spatial omics. 
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 Introduction 

ingle-cell and spatial omics technologies have transformed
he study of human biology by enabling molecular profiling
t single-cell resolution and within intact tissue architecture.
nlike conventional bulk sequencing techniques that measure
veraged signals across heterogeneous populations, single-cell
pproaches characterize distinct cell types, transitional states, lin-
age relationships, and regulatory programs across the genome,
pigenome, transcriptome, proteome, and metabolome [ 1 ]. Spa-
ial omics technologies further address the limitations of single-
ell sequencing by integrating molecular profiling with spatial
ocalization, providing a map for molecular data directed to tissue
rchitectures [ 2 ]. Together, these technologies provide a multidi-
ensional view of complex biological systems and have become
ssential tools for understanding development, homeostasis, and
he cellular basis of disease. 

echnological advances over the past decade have rapidly
xpanded the modalities, throughput, and resolution achievable
n single-cell and spatial profiling [ 3 ]. Improvements in microflu-
dics, barcoding chemistry, imaging, sequencing, and mass spec-
rometry (MS) now support deep transcriptomic, genomic, epige-
omic, proteomic, and metabolomic characterization at scale [ 4 ].
patial platforms have progressed from multicellular spot-level
easurements to subcellular transcriptomic mapping, high-plex
rotein imaging, and emerging spatial epigenomic assays [ 5,
 ]. Joint-profiling technologies increasingly allow simultaneous
easurement of multiple molecular layers within the same
ell or tissue region, enabling the reconstruction of regulatory
elationships that cannot be inferred from single-modality data
lone [ 1, 2 ]. These innovations collectively generate complex,
igh-dimensional datasets that require dedicated computational
rameworks for accurate interpretation. 

n parallel with experimental progress, computational analy-
is methods for single-cell and spatial omics have expanded
ubstantially. Classical tasks, including quality control (QC),
ormalization, dimensionality reduction, and clustering, remain
oundational, but analytical demands now extend to tasks such as
ultimodal data integration, trajectory inference, gene regulatory
etwork inference, cell–cell communication modeling, and cell
iche identification [ 7–11 ]. Significantly, machine learning and
eep learning approaches, ranging from matrix factorization
nd graph neural networks to variational autoencoders and
ransformer-based architectures, have improved robustness to
oise and enhanced cross-modality inference [ 12, 13 ]. Moreover,
ecently developed foundation models trained on large-scale
ellular atlases provide unified representations across tissues and
latforms, enabling transfer learning and cross-modal prediction
nd offering new opportunities for biological discovery and
ranslational research [ 14, 15 ]. 

hese combined technological and computational developments
ave accelerated applications across multiple species, organ
ystems, and biomedical domains, spanning the development
f life, oncology, immunology, neuroscience, cardiometabolic
iseases, infectious diseases, and related fields, revealing disease-
ssociated cellular phenotypes, regulatory circuits, and microen-
ironmental structures inaccessible to bulk assays [ 16 ]. Such
of 44
insights facilitate biomarker discovery, therapeutic target identi-
fication, and mechanistic understanding of treatment response or
resistance, and are increasingly being explored in preclinical and
clinical contexts [ 17 ]. Despite these advances, challenges remain
in data sparsity, integration across platforms, achieving higher
spatial resolution for additional modalities, and establishing
standards for clinical translation. 

In this review, we synthesize recent advances in single-cell
and spatial omics technologies, as well as computational and
artificial intelligence (AI)-driven analytical frameworks. We
highlight their applications in human biology and disease across
diverse organ systems and discuss key challenges and future
directions for enhancing clinical and translational impact. The
review is structured in four sections. First, we summarize
breakthrough technologies for single-cell and spatial sequencing
across multiple molecular layers, including genome, epigenome,
transcriptome, proteome, and metabolome. Second, we discuss
computational advancements, reviewing state-of-the-art methods
for mono-omics analysis, multi-omics integration, and cross-
modal/cross-scale data integration, with a focus on AI-based
algorithms and foundation models. Third, we summarize rep-
resentative applications of these technologies in human biology
and disease, illustrating how they drive biomedical discoveries.
Finally, we critically discuss remaining challenges and future
directions for advancing biomedical discovery and translation
using single-cell and spatial omics. 

2 Single-Cell and Spatial Omics: Data Modalities 
and Technologies 

The architecture of multicellular organisms is inherently shaped
by cellular heterogeneity. Traditional bulk-level assays, which
average molecular signals across millions of cells, obscure the
very cellular diversity that governs organismal development,
homeostasis, and disease. To deconstruct this complexity, a
paradigm shift toward high-resolution analysis was necessary.
Single-cell and spatial omics technologies have revolutionized
our understanding of complex biological systems by enabling
researchers to dissect cellular heterogeneity with unprecedented
resolution. This section reviews the foundational technologies
that constitute the modern single-cell and spatial omics toolkit.
These methods are the engines generating the high-dimensional
data discussed in subsequent chapters. We structure this section
along two primary axes: (1) the transition from dissociated single-
cell analysis to analysis in native tissue context and (2) the
evolution from profiling a single modality to the integrative power
of multi-omics (Figure 1 ). 

2.1 Single- Cell Mono- Omic Technologies 

The first technological wave aimed to resolve biological systems
into their individual cellular units. This required developing
methods sensitive enough to capture distinct molecular layers
from vanishingly small amounts of starting material. The result-
ing technologies each address a fundamental biological question,
but also present a unique set of technical trade-offs. 
MedComm, 2026



FIGURE 1 The technological landscape of single-cell and spatial omics. This diagram illustrates the evolution of omics technologies along two 
primary axes: the transition from dissociated single-cell analysis to analysis in native tissue context, and the shift from profiling single modalities to the 
integrative power of multi-omics. The four quadrants categorize technologies into single-cell mono-omics, single-cell multi-omics, spatial mono-omics, 
and spatial multi-omics. The inner ring depicts the core molecular layers (genome, epigenome, transcriptome, proteome, and metabolome) and the 
central conceptual shift from cellular cataloging to systems-level understanding. Outer callouts highlight both representative foundational methods and 
recent breakthroughs (2023–2025) designed to address critical technical trade-offs and resolution barriers. 
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.1.1 Single-Cell Transcriptomics 

he transcriptome serves as a comprehensive molecular profile
egarding the identity and function of a cell. Single-cell RNA
equencing (scRNA-seq) measures genome-wide mRNA expres-
ion in individual cells, which enables the classification of cell
ypes, the identification of dynamic states, and the reconstruction
f differentiation trajectories. This approach originated from
ioneering work by Tang and colleagues [ 18 ]. Subsequently, the
echnological landscape of scRNA-seq is broadly bifurcated by a
rucial trade-off between cellular throughput and transcriptomic
epth. Methods that prioritize cellular scale are dominated by
roplet-based microfluidics, commercialized notably by the 10 ×
enomics Chromium platform [ 19 ] and building on foundational
ethods like Drop-seq [ 20 ] and in Drops [ 21 ]. This approach
ncapsulates individual cells with barcoded beads in picoliter-
ized droplets, enabling the high-throughput (HT) profiling of
housands to millions of cells per experiment. While cost effective
edComm, 2026
and scalable, droplet-based methods typically capture only the
3 ′ or 5 ′ end of transcripts, limiting insights into splice variants.
Parallel to microfluidic droplet systems, microwell-based plat-
forms utilizing gravity sedimentation have achieved commercial
success. The BD Rhapsody system built upon the CytoSeq method
[ 22 ] and employed high-density microwell arrays to capture cells
of diverse dimensions via gravity settling. In a similar vein, the
Honeycomb HIVE platform derived from Seq-Well technology
[ 23 ] and featured a portable architecture that seals the array
with a semipermeable membrane. This design facilitated sample
stabilization at the point of collection and thereby addressed
logistical challenges in clinical studies. Furthermore, the field
has expanded beyond physical compartmentalization through
split-pool combinatorial indexing (CI) strategies. Technologies
commercialized by Parse Biosciences (based on SPLiT-seq [ 24 ])
and ScaleBio (based on sci-RNA-seq [ 25 ]) utilized the cell
or nucleus itself as a reaction vessel. By performing succes-
sive rounds of pooling and splitting to ligate barcodes, these
3 of 44
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4

nstrument-free methods achieved massive scalability and mini-
ized batch effects. In contrast to these HT strategies, plate-based
ethods, such as Smart-seq2 [ 26 ] and the more recent Smart-seq3

 27 ], offered higher sensitivity and full-length transcript coverage.
y processing cells in individual wells, these methods achieved
uperior gene detection and splicing analysis. However, this high
ensitivity comes at the cost of significantly lower throughput
nd higher per-cell cost, positioning these two approaches as
omplementary tools for different biological questions, with
roplet-seq for cellular atlasing and plate-seq for deep, focused
haracterization. 

owever, accurately quantifying splice isoforms remains a chal-
enge for short-read methods. To overcome this, the field is
ncreasingly adopting long-read sequencing (LRS) from PacBio
nd Oxford Nanopore Technologies (ONT) to directly capture
ull-length transcripts [ 28 ]. This strategy has been integrated
nto both plate-based methods like SCAN-seq2 [ 29 ] and droplet-
ased adaptations like MAS-ISO-seq [ 30 ], substantially enabling
he isoform complexity that standard protocols miss. Parallel to
hese gains in resolution, other breakthroughs seek to multiply
hroughput by creating hybrid strategies. Technologies like OAK-
eq [ 31 ] and UDA-seq [ 32 ] employed a combinatorial droplet-
ased barcoding approach. They innovatively combined a 10 ×
roplet-barcoding step with a secondary plate-barcoding step.
his two-step combinatorial method dramatically increased cell
hroughput per channel (e.g., > 150,000 cells) while maintaining
igh data quality and multi-omics compatibility, further pushing
he boundaries of scale. 

.1.2 Single-Cell Genomics 

ingle-cell DNA sequencing (scDNA-seq) interrogates the
enome of individual cells to resolve clonal architecture and
omatic heterogeneity, including copy number variations (CNVs)
nd mutation patterns that are neglected in bulk analyses. Given
he picogram-scale DNA content ( ∼ 6 pg) within a single cell,
hole-genome amplification (WGA) is a requisite step. However,
GA represents the principal bottleneck of this technology
ue to technical artifacts like amplification bias and allele
ropout. 

trategies for WGA exhibited inherent technical trade-offs.
sothermal amplification methods, such as multiple displace-
ent amplification (MDA) [ 33 ], provided higher genome cover-
ge but exhibited uneven amplification that impeded the accurate
alling of CNVs. Conversely, PCR-based methods exemplified by
OP-PCR [ 34 ] and hybrids like multiple annealing and looping-
ased amplification cycles (MALBAC) [ 35, 36 ] offered improved
niformity but suffered from reduced coverage. Contempo-
ary innovations in WGA aimed to mitigate these limitations.
or instance, PTA [ 37 ] improved the uniformity associated
ith MDA, while META-CS [ 38 ] enhanced the accuracy for
NV detection through the sequencing of complementary DNA
trands. 

econstructing tumor phylogeny requires HT platforms. Method-
logies have evolved beyond low-throughput methods by inte-
rating CI with linear amplification [ 39 ], as seen in sci-L3-WGS,
of 44
which built upon Linear Amplification via Transposon Inser-
tion [ 40 ]. Alternative approaches circumvented WGA entirely
by using direct tagmentation within microfluidic or nanowell
platforms like DLP + [ 41 ]. Notably, recent HT platforms like Arc-
well [ 42 ] facilitated scWGS on archival FFPE tissues, thereby
overcoming a major translational barrier. These advancements
transitioned scDNA-seq from a basic research tool into a robust
modality for tracking clonal evolution in clinical samples. Nev-
ertheless, the resolution of complex structural variants (SVs) and
long-range haplotype information remained a major hurdle for
short-read platforms. To address this limitation, recent strategies
have integrated scWGA with LRS. Pioneering methods like
SMOOTH-seq [ 43 ] first combined scWGS with PacBio sequencing
to profile SVs. Subsequent advancements included droplet-based
PacBio approaches for identifying somatic mutations [ 44 ] and
ONT-based methods for chromosome-wide haplotype phasing
[ 45 ], revealing a layer of genomic variation missed by short-read
platforms. 

2.1.3 Single-Cell Epigenomics 

The epigenome regulates cell-type-specific gene expression
through diverse features, including chromatin accessibility, his-
tone modifications (HMs), and DNA methylation. Profiling these
at single-cell resolution is crucial for understanding regula-
tory mechanisms but faces fundamentally challenges regarding
extreme data sparsity. 

The most mature technology in this domain is scATAC-seq,
which profiles chromatin accessibility using Tn5 transposase
[ 46 ]. The evolution of this method was driven by throughput,
rapidly scaling from early microfluidic methods [ 47 ] to HT CI
approaches such as sci-ATAC-seq [ 48 ] and droplet-based CI
methods including dsciATAC-seq [ 49 ]. Profiling HMs and TF
binding presents greater challenges. Early scChIP-seq methods
demonstrated low efficiency [ 50 ]. Consequently, the field shifted
toward sensitive, low-input methods based on CUT&RUN [ 51 ],
leading to the widely adopted scCUT&Tag [ 52 ]. Significantly,
the high sensitivity of Tn5-based tagmentation in scCUT&Tag
enabled profiling of HMs and precise mapping of genomic bind-
ing sites for abundant TFs, such as Pol II, which was challenging
with previous methods. For DNA methylation, bisulfite-based
methods such as scRRBS [ 53 ] and the HT snmC-seq [ 54 ] remained
the gold standard. However, these methods induced DNA dam-
age. Newer enzymatic conversion methods have emerged as
a key alternative. Approaches such as EM-seq [ 55 ] and the
recent HT sciEM [ 56 ] utilized enzymes to convert unmethylated
cytosines, thereby preserving DNA integrity and offering a robust
alternative to bisulfite. 

Beyond these linear epigenetic marks, gene regulation is fun-
damentally governed by higher-order chromatin structure. To
resolve the three-dimensional (3D) genome, single-cell Hi-C
(scHi-C) [ 57 ] and HT variants such as sciHi-C [ 58 ] and Dip-
C [ 59 ] were developed. These methods captured genome-wide
chromatin interactions and revealed cell-to-cell heterogeneity
in 3D architectural features, including topologically associating
domains and enhancer-promoter looping, providing another
critical dimension of epigenetic control. 
MedComm, 2026
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.1.4 Single-Cell Proteomics 

rofiling proteins, the functional effectors of the cell, presents
nique challenges as these molecules cannot be amplified.
his fundamental limitation, coupled with the low starting
mounts ( ∼ 100–200 pg) [ 60 ], has directed the field toward two
istinct methodological strategies. The first strategy involved
arget-based methods, which relied on antibodies for specificity.
his included antibody-based assays like CyTOF [ 61 ] and PCR-
equencing based assays, represented by CITE-seq [ 62 ]. While
hese hypothesis-driven methods offered high throughput and
eamless integration, they remained limited by the availability
f specific antibodies. The second strategy utilized unbiased,
iscovery-driven MS. Historically, this approach encountered
ignificant challenges regarding sensitivity and throughput.
lthough early breakthroughs such as SCoPE-MS [ 63 ] and
CoPE2 [ 64 ] established the foundation, the field advanced
nto an era of deep proteomics in 2025. This progression was
riven by new instrumentation, such as the Orbitrap Astral mass
pectrometer, and was illustrated by two concurrent studies:
ubis et al. [ 65 ] identified over 5300 proteins in single A549 cells,
hile the Chip-Tip workflow [ 66 ] detected over 5000 proteins
n HeLa cells, quantifying approximately half the expressed
roteome. 

oreover, previous methods provided only a static snapshot of
rotein abundance. A distinct breakthrough in 2025, SC-pSILAC
 67 ], addressed this limitation by adapting pulsed-SILAC for
ingle-cell scale, enabling simultaneous quantification of protein
bundance and turnover dynamics (L/H ratio) and measuring
pproximately 3000 proteins. Collectively, these advances are
apidly driving MS-based methods toward greater depth and
unctional insight. 

.1.5 Single-Cell Metabolomics 

etabolites represent the final functional output of a cell’s
tate; however, profiling this modality remains exceptionally
hallenging. The metabolome is characterized by extreme chem-
cal diversity, low abundance, rapid turnover in milliseconds,
nd cannot be amplified [ 68 ]. Consequently, MS serves as the
ominant tool, as alternative microscopy-based methods lacked
iochemical information and spectroscopy techniques such as
MR lacked sensitivity [ 69 ]. 

ithin MS-based single-cell metabolomics (SCM), the core chal-
enge involves the sampling strategy, which was broadly divided
nto three categories [ 70 ]. Desorption Ionization, such as MALDI,
cted in situ and offered high throughput, but exhibited low
overage of small molecules [ 71 ]. Content extraction, including
ive single-cell MS [ 72 ] and the single-probe [ 73 ], offered high sen-
itivity but demonstrated extremely low throughput [ 74 ]. Sorting
nd ionization approaches, exemplified by CyESI-MS [ 75 ], aimed
or high throughput but involved complex cell handling. A recent
reakthrough, HT SpaceM [ 76 ], directly addressed the limitations
f this in situ strategy. By advancing MS imaging technology, HT
paceM provided a HT platform ( > 140,000 cells per slide) with
igh coverage of small molecules and high reproducibility. This
echnology transitioned SCM from niche exploration to a tool
apable of large-scale analysis of clinical samples. 
edComm, 2026
2.2 Joint Profiling of Single-Cell Multi-omics 

Profiling a single modality, as reviewed in Section 2.1, provides
only a limited perspective. However, the cellular state emerges
from the complex interplay among the genome, epigenome,
transcriptome, and proteome. Consequently, a primary objective
within the field involves the simultaneous measurement of these
modalities from the same cell. This approach aims to transition
from correlation to causality by directly linking regulatory mech-
anisms, such as connecting an enhancer to a target gene, thereby
providing a more robust definition of cellular identity. This sec-
tion reviews key single-cell multi-omic strategies and focuses on
technical solutions for connecting these distinct molecular layers.

2.2.1 Linking the Genome and Transcriptome 

A central objective within multio-mics involves the direct bridg-
ing of the genotype with the transcriptional phenotype. This
integration remains essential not only for resolving somatic
heterogeneity, such as the investigation of oncogenic drivers in
cancer, but also for elucidating germline genetics. Connecting
inherited variants, specifically single nucleotide polymorphisms
(SNPs), to single-cell expression profiles facilitates the mapping of
expression quantitative trait loci (eQTLs) and the assessment of
allelic effects with resolution specific to cell types [ 77–79 ]. Such
analyses enable researchers to dissect how specific genetic vari-
ants influence gene regulation in a context-dependent manner. 

The primary technical barrier involves the physical separation
or distinct processing of DNA and RNA from the identical cell
prior to analysis. Foundational, plate-based methods addressed
this challenge through various isolation strategies. For example,
G&T-seq [ 80 ] utilized oligo-dT beads to capture the poly(A)
mRNA, leaving the genomic DNA behind in the lysate for
separate processing. Similarly, SIDR [ 81 ] employed hypotonic
lysis to physically separate the nucleus containing DNA from
the cytoplasm containing RNA. Alternative approaches, such as
DR-seq [ 82 ], involved the amplification of nucleic acids prior
to splitting the sample for parallel sequencing. Building upon
these foundations, TARGET-seq [ 83 ] optimized the isolation and
reverse transcription steps, which achieved higher sensitivity for
mutation detection and improved throughput relative to earlier
protocols. While these methods successfully solved the separation
issue, they remained limited in cellular throughput. To overcome
this constraint, the field adopted HT CI. A prominent example is
the sci-L3-RNA/DNA coassay, which profiled tens of thousands
to over a million nuclei [ 39 ]. However, this massive scale often
comes at the cost of per-cell sensitivity. Recent advances, such as
the droplet-based SDR-seq method [ 84 ], addressed this limitation
by minimizing allelic dropout. This method demonstrated the
ability to achieve reliable zygosity calls from the majority of
cells, as well as the interrogation of non-coding variants for both
somatic and germline analysis. 

2.2.2 Linking the Epigenome and Transcriptome 

This integration represents the most established multi-omic
modality and aims to elucidate how regulatory elements
modulate gene expression. Methodologies are categorized based
5 of 44
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n the specific epigenetic features targeted. Early plate-based
ethods, such as scM&T-seq [ 85 ] and scMT-seq [ 86 ], focused on
NA methylation. These protocols achieved dual profiling by
hysically separating genomic DNA for bisulfite sequencing from
RNA; however, reliance on plates constrained throughput.
onsequently, the field rapidly shifted toward chromatin
ccessibility, the primary modality for linking cis-regulatory
lements to target genes. Technologies evolved from the initial
ci-CAR method [ 87 ] to approaches such as SNARE-seq [ 88 ],
hich enhanced the sequencing coverage, and SHARE-seq [ 89 ],
hich improved sensitivity and scalability. This progression
ulminated in the commercial 10x Genomics Multiome
latform ( https://www.10xgenomics.com/cn/blog/introducing- 
hromium- single- cell- multiome- atac- gene- expression ). 
oupling HMs with the transcriptome was more complex.
oundational methods such as Paired-Tag [ 90 ] established
he proof-of-concept; however, simultaneous profiling of
ultiple marks remained a significant technical challenge. A
reakthrough in 2025, scMTR-seq, addressed this limitation
y simultaneously capturing six distinct HMs and the full
ranscriptome [ 91 ]. The high sensitivity and cell recovery rate of
his method provided a powerful new tool for dissecting complex
pigenetic regulation. 

hile these methods link epigenomic features to transcription,
 parallel challenge involves connecting the epigenome directly
o underlying genomic variants, such as SVs, which are often
issed by short-reads sequencing. LRS now bridges this gap. For
nstance, scNanoATAC-seq [ 92 ] leveraged LRS to jointly profile
hromatin accessibility and genetic variants from the same read.
his LRS approach also addressed critical challenges regarding
ample sensitivity. The recent scNanoATAC-seq2 [ 93 ] offered
 solution for scarce samples by utilizing an innovative one-
ot reaction to yield high-quality, multi-omic accessibility and
enotype data from single cells. 

.2.3 Linking the Transcriptome and Proteome 

 well-established challenge in biology is that mRNA abundance
ften serves as a poor surrogate for protein level. This multi-
mic integration directly addresses that discrepancy. The field
s characterized by methods leveraging oligonucleotide-labeled
ntibodies as a surrogate signal. CITE-seq [ 62 ] and REAP-seq
 94 ] standardized this approach by co-capturing antibody tags
longside mRNA within a standard scRNA-seq workflow, such
s the 10 × Genomics platform. This strategy provided a robust
efinition of cellular identity by combining protein markers with
he full transcriptome. A primary limitation involved the reliance
n antibody availability and a focus on cell surface proteins. This
imitation was addressed by methods such as RAID [ 95 ], which
xtended the concept to more challenging intracellular proteins. 

.2.4 Higher-Order Integration 

he technical frontier lies in tri-modal or higher-order profiling,
hich seeks to capture a systems-level view of a single cell.
he core challenge involves integrating these disparate molecular
ayers, a process that often amplifies data sparsity. Foundational
of 44
methods combined three layers, frequently focusing on DNA
and RNA. For example, scTrio-seq [ 96 ] simultaneously measured
the genome (CNV), DNA methylome, and transcriptome. Simi-
larly, scNMT-seq captured the transcriptome, DNA methylome,
and chromatin accessibility [ 97 ]. More recent methodologies
have successfully integrated proteomics. DOGMA-seq [ 98 ], for
instance, linked chromatin accessibility (ATAC), RNA, and
proteins. Similarly, the CRAFT-seq platform [ 99 ] integrated tran-
scriptome and surface protein profiling with the direct detection
of CRISPR gene editing outcomes, thereby functionally linking
genotype to phenotype within a single cell. 

The capabilities of LRS have also begun to enhance these
higher-order integration strategies. LRS platforms facilitate the
resolution of complex genomic features alongside other modal-
ities. For example, scNanoHi-C [ 100 ] leverages LRS to profile
3D chromatin contacts and genomic variants (multimodal epige-
nomic/genomic insights) simultaneously. This trend toward LRS-
based higher-order integration is best exemplified by platforms
such as scNanoCOOL-seq [ 101 ]. This method profiled four modal-
ities in the same cell, including CNVs, DNA methylome, and
chromatin accessibility via LRS, alongside the transcriptome via
short-reads. This approach realized the goal of a comprehensive,
high-resolution cellular profile. These complex methods high-
light the trajectory of the field toward increasingly integrated
molecular characterizations. 

In summary, the technologies reviewed thus far mark a major
conceptual leap. Mono-omic methods provided essential tools
to catalog isolated molecular layers and classify cellular states.
Multi-omic methods subsequently delivered the power to connect
these layers. This crucial evolution from classification to inte-
gration enables the field to move beyond cataloging composition
toward elucidating regulatory mechanisms, providing a true
systems-level view of cellular identity. 

2.3 Spatial Omics: Data Modalities and 

Technologies 

The analysis of dissociated cells, while revolutionary for dis-
secting heterogeneity, incurs the fundamental cost of losing
all information regarding tissue architecture. Cellular function
is dictated not only by internal state but also profoundly by
spatial positioning and the cellular neighborhood. To address
this limitation, spatial omics technologies emerged to capture
molecular information in situ. This section reviews the core
technologies for profiling distinct modalities within their native
context, facilitating a paradigm shift from characterizing cellular
identity to mapping spatial localization. 

2.3.1 Spatial Transcriptomics 

Spatial transcriptomics (ST) represents the most mature spatial
modality; however, the field is characterized by a fundamental
trade-off between resolution and plexity (throughput and cover-
age). The first major strategy, sequencing-based or capture-based
methods, aimed for unbiased, whole-transcriptome coverage.
This trajectory evolved significantly regarding barcode carrier
technology to address resolution limitations. Early methods,
MedComm, 2026
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ike ST [ 102 ] and 10 × Visium, utilized spatially barcoded arrays
ut were limited to multicellular spots. To address this reso-
ution constraint, subsequent approaches increased barcoding
ensity using higher-density substrates, such as bead-based
echnologies of Slide-seq [ 103 ] and HDST [ 104 ]. This evolu-
ion culminated in nanoball-array technologies, exemplified by
tereo-seq [ 105 ], which offered subcellular resolution. Never-
heless, a limitation of these sequencing-based approaches was
hat high resolution led to reduced capture sensitivity in terms
f UMIs per cell. The second critical limitation involved the
eliance on short-reads, which failed to resolve spatial isoform
iversity. To address this gap, recent breakthroughs bridged
patial barcoding with LRS. Methods such as ScISOr-Seq [ 106 ]
nd the more recent SiT [ 107 ] facilitated the creation of spatially
esolved splicing maps, linking specific isoforms to distinct tissue
omains. 

n contrast, imaging-based or in situ methods prioritized high
ensitivity and high resolution. These approaches built upon
ingle-molecule FISH (smFISH) [ 108 ], which offered exceptional
ensitivity but was constrained by extremely low multiplexing
apacity. The central challenge of scaling this method to thou-
ands of genes was overcome through multiplexing, utilizing
ither combinatorial barcoding, exemplified by MERFISH [ 109 ],
r sequential hybridization, as used in seqFISH/seqFISH + [ 110 ].
hese technologies have been successfully commercialized into
latforms such as Xenium and CosMx [ 111 ]. 

his dichotomy established a fundamental challenge: achieving
enome coverage at lower resolution via sequencing versus high
esolution for targeted genes via imaging. A recent advancement,
AEFISH (Reverse-padlock Amplicon Encoding Fluorescence In
itu Hybridization), directly resolved this trade-off. RAEFISH
s a sequencing-free, imaging-based method that achieved both
hole-genome coverage, detecting over 22,000 genes in mouse
odels, and single-molecule resolution. This capability provided
n unbiased, high-resolution view of the transcriptome in situ
 112 ]. 

.3.2 Spatial Proteomics 

hile single-cell proteomics encounters the inherent challenge
f non-amplification, spatial proteomics presents the additional
hallenge of achieving high multiplexing capacity in situ [ 113 ].
he dominant approach relied on antibody-based targeted strate-
ies, which evolved from traditional immunofluorescence (IF)
nd its limitation in detecting only three to five proteins. To
ddress this spectral limitation, strategies expanded beyond
luorescence. Multiplexed ion beam imaging (MIBI) [ 114 ] utilized
eavy metal isotopes for approximately 40-plex imaging, whereas
calable DNA-barcoded antibody methods, such as CODEX [ 115 ]
nd Immuno-SABER [ 116 ], employed sequential hybridization
o visualize hundreds of proteins [ 117 ]. A primary limitation
f these approaches stemmed from their reliance on antibody-
ediated targeting, which constrains both the number of proteins
menable to detection and the spatial resolution of the assay. For
nbiased, discovery-driven proteomics, mass spectrometry imag-
ng (MSI), such as MALDI [ 118 ] was employed, which involved
 trade-off regarding low spatial resolution. However, advances
uch as scDVP [ 119 ] integrated laser microdissection with MS to
edComm, 2026
advance this discovery approach toward single-cell resolution.
Recently, novel platforms such as PLATO further advanced high-
resolution mapping by combining microfluidics with deep learn-
ing algorithms to analyze complex tumor microenvironments
[ 120 ]. 

2.3.3 Spatial Metabolomics 

The inherent challenges of SCM are compounded in spatial
analysis by the requirement for in situ identification. The field
relied on unbiased MSI [ 121 ], using various ionization methods
including SIMS [ 122 ], DESI [ 123 ], and MALDI [ 118 ]. However,
these MSI methods historically encountered two primary bottle-
necks: low spatial resolution and poor quantitation attributable
to matrix and batch effects. Progress toward improved resolution
was achieved through pioneering computational frameworks.
SpaceM [ 124 ] integrated MSI data with high-resolution fluo-
rescence and morphological images, employing computational
segmentation to assign metabolic signals to single cells. The
scSpaMet framework [ 125 ] further advanced this approach by
integrating multiplexed protein profiling, which enabled the
assignment of metabolites to specific cell types. Recently, the
quantitation limitation was alleviated by a novel normaliza-
tion strategy utilizing a 1 3 C-labeled yeast extract as a universal
internal standard, thereby facilitating robust comparative and
quantitative analysis across samples [ 126 ]. 

2.3.4 Spatial Genomics and Epigenomics 

Profiling the genome and epigenome in situ represents an
emerging frontier. The core challenge involved the fact that
analytical methods for genomics, such as WGA, and epige-
nomics, such as Tn5 tagmentation, typically necessitated cell
lysis or harsh chemical conditions that are fundamentally
incompatible with the preservation of tissue integrity. Current
strategies adapted established single-cell protocols to spatial
platforms. For spatial genomics, aimed at mapping clonal
CNVs, slide-DNA-seq [ 127 ] adapted the Slide-seq bead platform
to capture gDNA. Regarding spatial epigenomics, technolo-
gies including Spatial-ATAC-seq [ 128 ] and Spatial-CUT&Tag
[ 129 ] were developed. These methods coupled in situ enzy-
matic reactions (Tn5 transposition or antibody-tethered pA-Tn5)
with spatial barcoding, often via microfluidics as exemplified
by DBiT-seq [ 130 ], to capture the chromatin state. As an
alternative to sequencing, imaging methods such as DNA-
seqFISH + [ 131 ] and epigenomic MERFISH [ 132 ] utilized probe
hybridization to visualize the 3D organization of chromatin loci
directly. 

2.4 Joint Profiling of Spatial Multi-omics 

While mono-omic spatial methods provide critical maps, they
offer isolated views of cellular function. Understanding the in
situ mechanisms of the Central Dogma, specifically how genomic
regulation translates to functional protein output, necessitates the
simultaneous capture of multiple molecular layers. This nascent
field is rapidly evolving to address this challenge, progressing
from dual-modal pairings to higher-order systems integration. 
7 of 44



FIGURE 2 Workflow from biological samples to biological insights in single-cell and spatial omics. This diagram illustrates the comprehensive 
pipeline of single-cell and spatial omics, starting from biological samples (dissociated cells or intact tissue). Multimodal technologies are applied 
to profile various molecular layers (genome, epigenome, transcriptome, proteome, and metabolome), generating high-dimensional data. These data 
undergo sophisticated computational integration to derive key biological insights and analysis outputs, including clonal heterogeneity, cell identity, 
spatial architecture, and functional dynamics within complex biological systems. 
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8

n alignment with the flow of genetic information, the first
ey axis links the genome and epigenome to the transcriptome.
maging-based methods combined DNA-seqFISH + with RNA-
eqFISH and antibody staining (IF) to visualize the genome, tran-
criptome, and proteins within the same nucleus [ 131 ]. Capture-
ased methods, such as laser capture microdissection coupled
ith G&T-seq [ 133 ], can also retrieve genomic and transcrip-
omic data from defined regions. However, the most active area
nvolves linking epigenetic state to gene expression. Technologies
uch as Spatial-ATAC-RNA-seq and Spatial-CUT&Tag-RNA-seq
 129, 134 ] were developed to profile chromatin accessibility and
Ms alongside RNA, which leveraged microfluidic barcoding
latforms as exemplified by DBiT-seq [ 130 ]. The MISAR-seq
 135 ] platform advanced this by utilizing microfluidic indexing
o coprofile ATAC and RNA in the developing mouse brain.
 significant advancement, spatial-DMT [ 136 ], enabled access
o the critical layer of the DNA methylome, achieving the first
oint spatial profiling of whole-genome DNA methylation and the
ranscriptome within the same tissue slide. 

he second major axis connects the transcriptome to the
roteome, thereby linking genetic blueprints to functional
ffectors. This integration has also evolved along two distinct
aths. Imaging-based methods combined high-resolution
n situ RNA detection, such as MERFISH, seqFISH, or ISS,
ith multiplexed IF [ 109, 131, 137 ]. Separately, capture-based
latforms were adapted for dual-omics. This originated with
imple overlays of low-plex IF on 10x Visium and evolved to
igher-plex methods. Platforms such as NanoString GeoMx
SP (NanoString: https://nanostring.com/products/geomx- 
igital- spatial- profiler/geomx- dsp- overview/ ) and SM-Omics
 138 ] enabled high-plex digital protein readouts alongside RNA.
he integration of antibody-derived oligonucleotide tags (ADTs)
urther advanced this field, enabling methods such as SPOTS
 139 ] and spatial-CITE-seq [ 140 ] to capture proteins and RNA
ithin a unified sequencing workflow. Recent development
f DBiTplus combined sequencing-based ST and multiplexed
rotein imaging on the same section, which enabled unbiased
of 44
analysis of whole-transcriptome and proteome at the spatial level
[ 141 ]. 

The technical frontier is currently moving beyond dual-omics
toward higher-order, systems-level integration. Early examples
combined high-resolution imaging to visualize the genome,
transcriptome, and nuclear proteins simultaneously [ 142 ]. A
significant advancement represented the recent development of
Spatial-Mux-seq [ 143 ], which transcended the dual-omic limita-
tion and simultaneously mapped five distinct modalities, involv-
ing chromatin accessibility, two HMs, the whole transcriptome,
and a panel of proteins within the same tissue section. 

The rapid evolution of these technologies, particularly for co-
profiling the epigenome and transcriptome such as spatial-DMT
and Spatial-Mux-seq, is generating datasets of unprecedented
complexity and scale. These massive, multimodal spatial data
pose a significant challenge, necessitating the development of
novel computational and AI-driven strategies, which will be
discussed in Section 3 , for their integration and biological
interpretation (Figure 2 ). 

3 Single-Cell and Spatial Multiomics Analysis: 
Algorithms, AI Methods, and Foundation Models 

The generation of massive single-cell and spatial multi-omics
data necessitates the development of a variety of algorithms to
tackle the sparsity and high dimensional issues of data. Compared
with traditional methods that rely on experience and parameter
tuning, AI especially deep learning suggests powerful methods in
dealing with these data issues, providing efficient tools for data
imputation, dimension reduction, and clustering [ 12 ]. AI can also
overcome the heterogeneity among different layers of data, facil-
itating the effective integration of multi-omics, cross-modal data,
and linking cell-level or spatial-level omics data with patient-
level phenotypes. Recent foundation modeling techniques and
agents further extended the power of AI, facilitating the analysis
MedComm, 2026

https://nanostring.com/products/geomx-digital-spatial-profiler/geomx-dsp-overview/
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f multiple tasks in an effective, efficient and automated way
 144 ]. These recent breakthroughs in single-cell and spatial omics
nalysis have been summarized in the following subsections,
long with Figure 3 and Tables 1 and 2 . 

.1 Single-Cell Data Analysis 

.1.1 Single-Cell Genome Analysis 

ingle-cell genome analysis provides a direct view of genomic
lterations at cellular resolution, for understanding clonal
ynamics, genomic instability, and evolutionary trajectory, yet
emains constrained by low sequencing coverage. This chal-
enge has motivated the development of two major categories
f methods. The first reconstructs copy-number alterations
CNAs) directly from scWGS profiles. For example, HiScanner
 145 ] enables CNA detection from shallow scDNA data, while
CICoNE reconstructs CNA histories in tumor samples using
tatistical modeling and MCMC sampling [ 146 ]. MEDALT further
nfers lineage trajectories to identify fitness-associated alterations
nd genes [ 147 ]. 

 second group of methods infers SNPs or CNAs from nonge-
omic single-cell modalities, including transcriptomic [ 148 ]
nd chromatin accessibility profiles [ 149 ]. SComatic [ 150 ] and
ellsnp-lite [ 151 ] are common methods for detecting SNPs from
cRNA-seq or ATAC-seq data. Approaches such as Numbat [ 148 ]
nd CopyKAT [ 152 ] yield better performance in extracting CNA-
ike signals from scRNA-seq data in a benchmarking study [ 153 ],
ith CopyVAE [ 154 ] extending this strategy using variational
utoencoders to improve robustness. 

s scDNA-seq protocols continue to evolve but coverage remains
imited, these inference and lineage-reconstruction models pro-
ide practical strategies for characterizing genomic heterogeneity.
ontinued benchmarking and methodological refinement will
e crucial for single-cell genome analysis, especially for reliably
econstructing clonal evolution reliably at cellular resolution. 

.1.2 Single-Cell Transcriptome Analysis 

ingle-cell transcriptome analysis has become the most exten-
ively employed approach for dissecting cellular heterogeneity.
 comprehensive ecosystem of software packages and pipelines,
ncluding Seurat [ 155 ], Scanpy [ 156 ], Bioconductor-based work-
lows, and command-line toolkits, provides end-to-end analysis
f scRNA-seq data, covering QC, normalization, dimensionality
eduction, clustering, and visualization of scRNA-seq data [ 157 ].
hese frameworks have become standard platforms for single-cell
nalysis and are continuously extended to support multimodal
ssays and large-scale atlas datasets. 

 central challenge in scRNA-seq analysis is the high sparsity
nd noise of count matrices, caused by limited mRNA capture
fficiency, amplification bias, and stochastic gene expression.
umerous methods have been proposed to denoise or impute
cRNA-seq data based on deep generative models and graph-
ased modeling, such as SmartImpute [ 158 ], scVGAMF [ 159 ],
CA [ 160 ], and GraphSCI [ 161 ]. Deep generative models like DCA
edComm, 2026
adopt variational autoencoder architectures with count-based
likelihoods (e.g., ZINB) to jointly model noise and biological vari-
ation. Meanwhile, GraphSCI [ 161 ] simultaneously learns gene–
gene relationships and cell–cell correlations, enabling improved
imputation by integrating gene co-expression networks and cell-
specif ic expression profiling into a stacked graph convolutional
networks (GCNs)-autoencoder model. Besides, SAVER-X [ 162 ]
used a transfer learning scheme to learn transferable gene–gene
relationships from different datasets to achieve data denoising for
noisy scRNA-seq data while realize ample usage of existing data.

Dimensionality reduction and clustering are crucial steps for
identifying cell populations and transcriptional programs [ 163 ].
Classical methods such as PCA and graph-based clustering have
been complemented by deep learning and manifold-learning
algorithms, which can better capture continuous trajectories and
non-linear structures in the data. Methods such as scVI [ 164 ],
VASC [ 165 ], scvis [ 166 ], and scDHA [ 167 ] used autoencoder-based
models to learn low-dimensional representations that preserve
complex manifolds while mitigating technical noise and batch
effects. While traditional clustering methods cannot flexibly
regulate the process to achieve optimal results, scDeepCluster
[ 168 ] was proposed by applying an autoencoder model, which
integrated clustering loss with ZINB loss to perform clustering,
and scDSC [ 169 ] incorporated GNN-based structural information
among cells to improve clustering quality. Knowledge-guided
models such as d-scIGM incorporated domain constraints to
generate biologically meaningful clusters [ 170 ] and another
unsupervised deep model jointly optimize clustering and batch
correction [ 171 ]. 

Cell-type annotation, which is traditionally performed by man-
ually matching cluster-specific markers to known cell types,
is increasingly automated by supervised and reference-based
methods. Tools such as BERMUDA [ 172 ], scScope [ 173 ], MARS
[ 174 ], and scArches [ 175 ] employed transfer learning or deep
metric learning (DML) to map new datasets onto existing refer-
ence atlases while correcting for batch and platform variation.
Specifically, scScope supported scalable analysis of millions of
noisy scRNA-seq profiles and facilitates rapid identification of
cell composition [ 173 ]. To discover novel cell types, MARS [ 174 ]
used a deep learning scheme to learn from different datasets to
perform cell-type annotation on unannotated scRNA-seq data.
mtSC also leveraged multiple reference datasets by a multitask
DML model to improve annotation reliability across studies
[ 176 ]. While these methods are still time-consuming and required
reference datasets, GPTCelltype enabled efficient and automated
cell type annotation using chain-of-thought prompt learning of
GPT-4 with comparable performance [ 177 ]. 

Trajectory and state-transition inference remain essential for
understanding dynamic biological processes. RNA velocity [ 178 ]
and improved frameworks such as scVelo [ 179 ] estimated future
transcriptional states by leveraging spliced and unspliced tran-
scripts. For longer-timescale developmental or lineage trajecto-
ries, probabilistic and deep-learning approaches were developed.
VITAE [ 180 ] combined a hierarchical mixture model with vari-
ational autoencoders to infer branching trajectories, whereas
PRESCIENT [ 181 ] applied a deep generative framework to recon-
struct cell-state transitions and lineage structure. Besides, there
are other tools for perturbation response prediction and disease
9 of 44



FIGURE 3 Legend on next page. 
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tate prediction for single-cell data. For example, CellOT lever-
ged optimal transport theory and convex neural architectures to
evelop a framework for predicting the response of cells to given
erturbation [ 182 ]. 

ome algorithms were designed to associate the scRNA-seq data
ith phenotypic information. Scissor was developed by using the
imilarity between individual single cells and bulk samples as
 constraint in a regression model to identify relevant subpop-
lations [ 183 ]. PENCIL was developed to perform simultaneous
unction of selecting informative features and identifying cell
ubpopulations by deploying a Learning with rejection strategy
 184 ]. ScRAT applied attention-based neural network to quantify
he cell–cell interaction and the contributions of each cell in
henotype prediction [ 185 ]. scPhase utilized an attention-based
ultiple instance learning to learn a patient-level representation,
hich predicted clinical phenotypes across multiple patient
ohorts [ 186 ]. 

inally, quantum computing has been explored as an alternative
omputational paradigm. Quantum annealing strategies have
een applied to optimize clustering cost functions [ 187 ], capture
on-linear gene interaction patterns for feature selection [ 188 ],
nd simulate gene regulatory interactions for network inference
 189 ]. While these approaches are still exploratory, they sug-
est potential directions for future research alongside classical
lgorithms. 

he wide range of computational methodologies developed for
ingle-cell transcriptome have not been expansively described in
his section due to the limited scope. More detailed description
or these methods can be referred to the specialized reviews [ 190–
92 ]. 

.1.3 Single-Cell Epigenome Analysis 

ingle-cell epigenomic assays, including ATAC-seq, DNA methy-
ation, and single-cell Hi-C, capture chromatin accessibility, regu-
atory state, and 3D genome structure. Computational workflows
ypically involve peak calling or bin-based quantification, fol-
owed by dimensionality reduction, clustering, and inference of
egulatory motifs or transcription factor activity. As these datasets
re markedly sparser and noisier than scRNA-seq, their analysis
equires methods tailored to modality-specific sparsity and cov-
rage constraints. EpiScanpy extended the Scanpy framework to
ingle-cell epigenomic data, addressing modality-specific issues
ia multiple feature-space constructions and nearest-neighbor
raph building [ 193 ]. For chromatin accessibility, SnapATAC
upported large-scale single-cell ATAC-seq analysis and trajec-
IGURE 3 AI-based algorithms for single-cell and spatial omics analysi
o their function. (1) Data denoising and imputation: some algorithms perfor
erformed imputation from other types of single-cell omics data. (2) Dimen
lustering or spatial domain identification by learning latent representation
nference: multimodal autoencoders enabled multi-omics integration and iden
ntegrated spatial omics with histopathology image using graph-based neural
ross-modal inference from histopathology images to spatial omics. (5) Ph
henotypes and facilitated the phenotype-specific subpopulation identificatio
ingle-cell or spatial omics data facilitated multiple downstream tasks by pretr

edComm, 2026
tory reconstruction [ 194 ], and SnapATAC2 further generalized
to multiple single-cell modalities [ 195 ]. Benchmarking studies
suggested strong performance of SnapATAC and SnapATAC2,
particularly for large-scale chromatin datasets with complex
cell-type structure [ 196 ]. 

Single-cell Hi-C data measure cell-level 3D chromatin organiza-
tion, contributing to the analysis of transcription process varying
between different cell types. The imputation and embedding
of single-cell Hi-C data is challenging as its 2D contact map
adds complexity in data structure [ 197 ]. Studies have applied
advanced deep learning methods in embedding single-cell Hi-
C data. Higashi used hypergraph representation learning to
capture the latent structure in 2D contact map [ 198 ], suggesting
a practical tool for imputation and embedding of single-cell Hi-C
data. scDEC-Hi-C combined a chromosome-wise convolutional
autoencoder with a deep embedding and clustering model to
improve imputation and cell clustering [ 199 ]. Comparative analy-
ses indicated that BandNorm, scHiCTools, Higashi, FastHigashi,
and scVI-3D all showed competitive performance in imputation
and embedding tasks [ 200 ]. To address limited scDNA methyla-
tion data, scHiMe inferred methylation profiles from single-cell
Hi-C using joint modeling [ 201 ]. Integrative modeling of multiple
epigenomic modalities is an active area of research. Approaches
such as ConvNet-VAEs attempted to combine HM and chromatin
accessibility data using one-dimensional convolutional varia-
tional autoencoders [ 202 ]. Continued development is required to
integrate diverse epigenomic modalities into unified regulatory
representations. 

3.1.4 Single-Cell Proteomics and Metabolomics 
Analysis 

Single-cell proteomics provides direct measurements of protein
abundance and posttranslational states. Computational analysis
of these data involves preprocessing (including imputation, trans-
formation, and normalization), feature selection, dimensionality
reduction, and clustering, often using graph-based or density-
based algorithms adapted from scRNA-seq analysis. Tools such
as SCPline provide streamlined preprocessing pipelines tailored
to low-input proteomic datasets [ 203 ]. Deep learning frameworks,
including scPROTEIN, used contrastive learning to derive robust
embeddings from multiple single-cell proteomics datasets [ 204 ].
PINNACLE used a geometric deep learning approach, which
aimed to model protein interactions by generating context-
aware protein representations based on cell-type information
from scRNA-seq data [ 205 ]. These methods offer potential for
dissecting disease mechanisms and protein-level regulation at
cellular resolution. 
s. Existing AI-based algorithms can be classified into six types according 
med data denoising directly on the single-cell omics data, while others 
sion reduction and clustering: autoencoder also facilitated the cell type 
 from single-cell or spatial omics data. (3) Multi-omics integration and 
tified cross-modal interaction. (4) Cross-modal integration and inference: 
 network improved spatial domain identification. Transformer provided 
enotype prediction: transformer linked single-cell omics with clinical 
n. (6) Foundation model: developing foundation models on large-scale 
aining and fine-tuning paradigm. 
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CM identifies the small molecules involved in the metabolic
ctivity of cells, providing supplements for single-cell proteomics.
ethods such as SCMeTA provide preprocessing and analytical
ipelines for MS-based SCM data [ 206 ]. 

iven the limited availability of single-cell proteomics and
etabolomics data, several methods infer protein or metabolic
tates directly from scRNA-seq. BABEL was among the first to
erform cross-modal translation between single-cell omics using
ultiple autoencoders [ 207 ]. However, benchmarking suggests
hat TransferData in Seurat v3 and v4 often performs competi-
ively for predicting surface protein levels from transcriptomes
 208 ]. For metabolism, scMetabolism quantifies metabolic path-
ay activity from scRNA-seq profiles, while GEFMAP used
eometric deep learning to predict metabolic states from gene
xpression, enabling approximation of metabolomic profiles
hen direct assays are unavailable [ 209 ]. 

.2 Spatial Data Analysis 

.2.1 Spatial Genome and Spatial Epigenome Analysis 

patial genomic analysis aims to reconstruct allele-specific CNAs,
ubclonal structure, and tumor evolutionary dynamics directly
rom spatially resolved tissue sections. Although current spatial
NA assays remain limited by low coverage and technical
onstraints, several computational tools have attempted to infer
NAs from Spatially resolved transcriptomics (SRT) or imaging-
ased genomic measurements. CalicoST reconstructed allele-
pecific CNAs and spatially informed evolutionary trajectories by
ntegrating spatial coordinates with transcript-derived genomic
ignals [ 210 ]. SlideCNA applied expression-aware spatial binning
or overcoming sparsity limitations of CNAs data while main-
aining spatial signal to recover CNA patterns and demonstrates
ts potential for spatial subclone detection [ 211 ]. However, these
nference methods have not been fairly benchmarked, which
equires further investigation. 

ethods developed for spatial epigenome analysis are limited.
ost of the analyses of spatial ATAC data are performed by
ethods in manipulating single-cell ATAC data, including ArchR

 212 ] and SnapATAC2 [ 195 ]. spaPeakVAE was extended from
paVAE, which captured spatial dependencies of signals and
nabled effective analysis in multiple tasks [ 213 ]. The analysis
f spatial epigenome is more common in integrative analysis of
ultiple spatial omics layers. 

.2.2 Spatial Transcriptome Analysis 

patial transcriptome analysis encompasses the computational
orkflows used to interpret spatially resolved gene expression
rofiles and to delineate tissue organization at high resolution.
tandard analytical pipelines typically include data preprocess-
ng, spatial feature construction by integrating gene expression
ith spot coordinates and histology, dimensionality reduction,
nd downstream tasks such as spatial domain identification,
etection of spatially variable genes (SVGs), and inference of
patial trajectories or cell–cell interactions [ 214 ]. A number
f general-purpose tools, such as Seurat, Scanpy, Giotto, and
edComm, 2026
Squidpy, provide integrated frameworks for preprocessing, visu-
alization, and exploratory analysis of ST datasets. 

Spatial domain identification is an essential task of ST analysis,
aiming to organize molecular observations together with their
spatial context into coherent tissue regions. Numerous special-
ized methods have been developed to enhance the resolution and
biological interpretability of these spatial partitions, including
BayesSpace [ 215 ], stLearn [ 216 ], SpaGCN [ 217 ], STAGATE [ 218 ],
and GraphST [ 219 ]. BayesSpace applied a Bayesian statistical
method that used spatial neighborhood information for cluster-
ing analysis [ 215 ]. stLearn learned robust spatial clusters of gene
profiling based on a spatial graph-based imputation method, and
inferred spatial trajectory by diffusion pseudotime-based method
[ 216 ]. SpaGCN integrated gene expression, spatial proximity, and
histology using GCNs to identify spatially enriched patterns
[ 217 ]. STAGATE employed a graph attention autoencoder to learn
latent spatial embeddings [ 218 ], whereas GraphST leveraged self-
supervised contrastive learning to derive highly discriminative
spot representations [ 219 ]. Benchmarking studies across 13 meth-
ods and 34 datasets highlighted persistent challenges in detecting
discontinuous spatial domains and regions with subtle transcrip-
tional gradients [ 220 ]. Notably, algorithms were also developed
to perform SVGs identification, among which SPARK-X, a non-
parametric method for effectively detecting spatially expressed
genes from large-scale SRT data, outstood among all the bench-
marking methods [ 221 ]. Moreover, integrating multi-slice SRT
enhanced the generation of biologically relevant domains by
combining multi-view graph network, contrastive learning, and
attention mechanisms [ 222 ]. 

In subcellular-resolution ST, cell segmentation is a prerequisite
for cell-level analyses. Methods such as SCS combined imaging
data and sequencing information using transformer architectures
[ 223 ], whereas Bering used graph deep learning to incorporate
transcript colocalization patterns [ 224 ]. UCS integrated nuclei
segmentation from staining images and spatial transcriptome
data to define cell boundaries [ 225 ]. These methods have facili-
tated cell-level analyses in subcellular ST. 

A key objective of spatial omics is the characterization of
cellular niches, the localized microenvironments that shape
cell states, interactions, and tissue-level functions. CellCharter
applied Gaussian mixture modeling to identify, characterize, and
compare cellular niches across spatial datasets [ 226 ]. scNiche
resolved niches at single-cell resolution by extracting multi-view
cellular features [ 227 ]. NicheCompass learned interpretable cell
embeddings using graph-based neural networks to map niche
structure and organization [ 228 ]. Together, these approaches
provided effective frameworks for dissecting microenvironmen-
tal architecture and its functional relevance within tissues.
More detailed information about spatial transcriptome analysis
methods can be referred to these specialized reviews [ 13, 229–231 ].

3.2.3 Spatial Proteomics and Spatial Metabolomics 
Analysis 

Spatial proteomics analysis aims to quantify cell phenotypes,
signaling states, and microenvironmental organization from
multiplexed protein measurements in tissue sections. Cell
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egmentation and spatial clustering are also important tasks in
patial proteomics analysis. For MSI data, HIT-MAP [ 232 ] and
ubCellBarCode [ 233 ] provided integrated pipelines for spatial
roteomics analysis. For multiplexed IF (mIF) imaging data,
nnoSpat identified cell types and quantified cell–cell proxim-
ty relationships in spatial proteomics data [ 234 ]. STARLING
pplied a probabilistic machine learning model to quantify cell
opulations and cellular phenotypes from spatial proteomics
ata [ 235 ]. NPF was proposed to improve the resolution of
equencing-based spatial proteomics methods [ 236 ]. Algorithms
lso enabled the connection of spatial proteomics with clini-
al phenotypes. Study has designed a geometric deep learning
ethod and constructed spatial cellular-graph to model tumour
icroenvironments from multiplexed spatial proteomics profiles

 237 ], which facilitate spatial biomarker discovery. 

omputational methods for spatial metabolomics are limited.
martGate enabled iterative peak selection and spatial structure
dentification for imaging MS-based spatial metabolomics data
nalysis [ 238 ]. MetaVision3D facilitated the transformation of
erial 2D imaging sections of brain into 3D spatial metabolome
ith high resolution [ 239 ]. Moreover, these analyses are limited
o single-omics levels, while integrative analysis methods should
e developed to gain biological insights. 

.3 Integrative Analysis 

.3.1 Integrative Analysis Across Single-Cell 
ultiomics Data 

hile the analysis of different single-cell omics data provides
ifferent perspective of cellular activities, the integrative analysis
f single-cell multi-omics data offers a more comprehensive
icture of cellular states and regulatory programs. Many algo-
ithms were developed to integrate single-cell epigenome data
ith single-cell transcriptome data, to reveal how regulation
n chromatin and methylation links to RNA expression. Some
arlier algorithms including MOFA + [ 240 ] projected single-cell
ultio-mics data into a shared low-dimensional latent space by
atrix factorization to capture major sources of variation across
odalities. 

owever, the integration of single-cell multiomics data meets
hallenges. First, the datasets may not be measured in matched
ells, bringing obstacles to single-cell multi-omics analysis. Some
tudies developed algorithms specific to the measurement of
npaired single-cell multi-omics data. UnpairReg performed
egression analysis on unpaired single-cell multio-mics data
y considering the biological associations between regulatory
lements and between target genes, providing an accurate esti-
ation of scRNA-seq data where only scATAC-seq data are
vailable [ 241 ]. GLUE constructed modality-guided regulatory
raphs based on prior knowledge and aligns omics-specific
mbeddings through adversarial learning, enabling cross-omics
egulatory inference, which even works for triple omics (RNA,
TAC, methylation) integration [ 242 ]. Monae designed multiple
raph-based autoencoders for learning cross-omics interactions,
acilitating imputation and integration of unpaired single-cell
ulti-omics data [ 243 ]. Recent work aimed to construct inter-
retable latent spaces by disentangling shared and modality-
0 of 44
specif ic components from single-cell multio-mics data. United-
Net provided an explainable VAE-based framework by grouping
cell embeddings and performing contrastive learning on group-
level embeddings, facilitating the interpretation of group-specific
multi-omics relevance, including RNA–protein correlation at
single-cell level [ 244 ]. scTFBridge has innovatively disentangled
learned latent spaces of single-cell multio-mics data into shared
and specific components, where the shared components are sug-
gested to be related to specific TF regulatory activities [ 245 ]. While
the complexity of single-cell multi-omics data requires further
disentanglement, these methods have enriched the interpreta-
tion of complex molecular activities within biological systems,
suggesting potential tools for biomedical discoveries. Additional
methods for single-cell multi-omics analysis can be found in these
reviews [ 246, 247 ]. 

3.3.2 Integrative Analysis Across Spatial Multi-omics 
Data 

Integrative analysis of spatial multi-omics data contributes to
a more complete view of molecular regulation and biological
pathways. SpatialGlue developed a graph neural network model
with a dual-attention mechanism that deciphers spatial domains
by intraomics integration of spatial location and omics mea-
surement followed by cross-omics integration [ 248 ]. SWITCH is
a deep generative model for cross-modal translation of spatial
multiomics data by graph attention networks (GATs) [ 249 ]. Spa-
Fusion designed graph-based autoencoders with high-order cell
graph of spatial transcriptome and spatial proteome as input to
enable accurate clustering [ 250 ]. The model integrated multi-level
information, capturing both omic-specific features and unified
consensus representations across different omics data. The inte-
gration of ST and SM data meets challenges in different data
distribution, while SpatialMETA constructed a conditional vari-
ational autoencoder to overcome the difficulties and to facilitate
interpretation of spatially correlated ST–SM patterns [ 251 ]. 

In addition to improving the performance of common spatial
omics tasks, spatial multi-omics integration can also be used
for downstream biomedical discovery. For example, stClinic
designed a dynamic graph model that integrates spatial multi-
slice multiomics and clinical phenotype data to uncover clinically
relevant niches [ 252 ]. Some other algorithms are developed to
integrate spatial omics across different platforms [ 253 ] or different
samples. PASTE provided cross-slice alignment by Gromov–
asserstein optimal transport algorithm [ 254 ]. CAST is a deep

graph neural network-based method for cross sample alignment
of spatial omics at the single-cell level [ 255 ]. These approaches lay
the groundwork for comparative spatial analyses across tissues,
conditions, and technologies. Moreover, additional representa-
tion strategies and comprehensive summaries are available in this
recent review [ 256 ]. 

3.3.3 Cross-Scale and Cross-Modal Integration 

Integrative frameworks that link single-cell, spatial, and bulk-
level omics enable cross-scale characterization of molecular and
cellular phenotypes in complex tissues. Among these integra-
tive approaches, methods that characterize regulatory variation,
MedComm, 2026
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specially single-cell eQTL (sc-eQTL) analyses, offer a way to
esolve cell-type specific genetic effects. For example, IBSEP
mproved cell-type-specific eQTL (ct-eQTL) prioritization by
ombining bulk RNA-seq and scRNA-seq data [ 257 ]. EXPRESSO
nalyzed sc-eQTL summary statistics by integrating 3D genomic
ata and epigenomic annotation to prioritize causal variants
 258 ]. gsMap integrated ST data with Genome-wide association
tudies (GWAS) summary statistics to map spatially resolved cell
ctivity to human complex traits [ 259 ]. Together, these methods
acilitated cross-scale data analysis and provided insights for the
nderlying mechanism of human complex traits. 

T often suffers from limited resolution, as each spot typically
aptures transcripts from multiple cells. To address this, deconvo-
ution methods aim to infer cell-type compositions and cell-type
pecific expression profiles, by leveraging scRNA-seq reference
atasets. Representative methods, including RCTD, SPOTlight,
ell2location, and Tangram have been systematically reviewed
lsewhere [ 214 ]. More recently, graph-based and deep learning
odels such as STdGCN, ST-deconv, SDePER, and EnDecon
xtend these ideas by incorporating spatial neighborhood struc-
ure, contrastive representation learning, or ensemble strategies
o improve accuracy and robustness in heterogeneous tissues
 260–263 ]. Meanwhile, STged moved beyond traditional decon-
olution by reconstructing cell-type-specific expression profiles
irectly from mixed spots, enabling fine-grained expression
odeling from low-resolution spatial data [ 264 ]. 

ross-modal integration of spatial omics and histopathology
mages is another important direction. Some studies are inte-
rating spatial omics and histopathology images to improve
patial domain identification, including MISO [ 265 ], SpaCell
 266 ], and StereoMM [ 267 ]. Typically, MISO extracted graphs
rom spatial multi-omics and histopathology image, and designed
utoencoders for interpretable spatial clustering. Other studies
erformed cross-modal prediction from histopathology images to
patial profilings. HistoST and THItoGene applied transformer
ramework for extracting morphology features from histopathol-
gy images and generate spatial transcriptomes, while BLEEP
nd mclSTExp performed contrastive learning for aligning the
istopathology image with spatial transcriptome data [ 268 ]. The
rediction can also reach single-cell level [ 269 ]. ROSIE performed
ranslation of histopathology to mIF data using ConvNet frame-
ork [ 270 ]. HistoPlex designed a GAN network to translate
istopathology image into multiplex spatial proteomics images
 271 ]. GigaTIME applied nested U-Net framework to perform the
imilar task, which was validated on 14,256 patients with only
istology data to generate virtual mIF data [ 272 ]. These cross-
odal inference methods not only enhanced the understandings
f genotype-phenotype associations, but also provided potential
ools for clinical translation of spatial omics. 

.4 Foundation Models for Single-Cell and 

patial Omics 

ingle-cell and spatial omics datasets are high-dimensional and
oisy, making them well suited to representation learning.
any AI-based analysis methods rely on transformers, graph
eural networks, generative adversarial networks, or variational
utoencoders to derive cell- and gene-level embeddings [ 273–
edComm, 2026
275 ]. Foundation models extend this idea by pretraining on
large unlabeled datasets and then adapting to downstream tasks,
potentially offering reusable representations across studies [ 144 ].
These methods not only facilitate efficient analysis of data, but
also enable downstream analysis including clinical applications. 

For single-cell omics, several transformer-based foundation mod-
els have been proposed, including scBERT [ 276 ], scFoundation
[ 277 ], GeneFormer [ 278 ], and scGPT [ 279 ]. These models have
shown improved performance in tasks such as clustering and
batch correction compared with conventional methods like Seu-
rat. Among the models, scGPT was able to perform single-cell
multi-omics integration, and the updated version of GeneFormer
[ 280 ] was pretrained on the largest single-cell datasets. Single-
cell foundation models are suggested to be robust tools for
diverse applications, while machine learning models are effi-
ciently adapted to specific datasets [ 281 ]. scTranslator facilitated
the cross-modal translation from single-cell transcriptome to
single-cell proteome by pretraining on large-scale single-cell
multi-omics data, yielding better performance than previous
methods [ 282 ]. Epiagent [ 283 ] is a foundation model for single-
cell epigenome analysis. SCimilarity [ 284 ] facilitated scalable
search for similar cells by metric learning and pretraining on
single-cell atlas datasets. CellWhisperer [ 285 ] enabled interactive
single-cell data exploration based on dialogues. Besides, agents
for semi-automated analysis pipelines are also emerging. 

Foundation models on spatial omics are still limited. scGPT-
spatial [ 286 ] presented a foundation model for ST, which was
designed to enhance SRT data analysis through continual pre-
training of scGPT. KRONOS is a foundation model built for
spatial proteomics, which was trained in a self-supervised way
on over 47 million image patches covering 175 protein markers,
16 tissue types, and 8 imaging platforms [ 287 ] and achieved
state-of-the-art performance across cell phenotyping, treatment
response prediction, and retrieval tasks. Nicheformer learned
cell representations that captures spatial context from spatial
and single-cell omics data based on a transformer framework,
allowing the transfer of rich spatial information to scRNA-seq
data and the characterization of multi-scale spatial niche for
disease mechanism analysis [ 288 ]. OmiCLIP [ 289 ] enabled the
cross-modal inference of spatial transcriptome from histopathol-
ogy images. Recently, the development of SpatialAgent [ 290 ]
integrated large language models to form agent tools, which
facilitated the automatic investigation of spatial omics data and
experimental preparation, which innovating the spatial biology
investigation. 

Overall, foundation models offer a promising direction for stan-
dardizing representations and accelerating downstream analyses,
but questions remain regarding data curation, cross-cohort gen-
eralizability, interpretability, and fair evaluation across tasks and
platforms. 

4 The Application of Single-Cell and Spatial 
Omics in Human Biology and Disease 

Single-cell and spatial omics have contributed to multiple aspects
of applications in human biology and disease, ranging from
developmental biology, evolutionary biology, disease mechanism
21 of 44



FIGURE 4 Applications of single-cell and spatial omics analysis in biology and disease. The applications of single-cell and spatial omics analysis in 
biology and disease can be classified into three types, including atlas driven, algorithm driven, and clinical driven. Constructing atlases at different levels 
provided a foundational map for biology and medicine. Developing algorithms specific to biomedical problems enabled AI-driven biomedical discovery. 
Analysis according to clinical need facilitated the biomarker discovery, subtype identification, and drug discovery, some of which were validated by 
preclinical experiments and clinical trials. 
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2

dentification, and clinical translation. These applications
re divided into atlas-based, algorithms-based, and clinical
ranslation-based, which are summarized in the following
ubsections and Figure 4 . 

.1 Constructing Data Cohorts and Single-Cell 
patial Atlas for Biomedical Analysis 

ingle-cell and spatial atlases constitute a foundational resource
or biomedical discovery, providing reference maps of human cell
ypes, tissue architecture, and disease-associated cellular ecosys-
ems. These resources span species-level, organ-level, disease-
evel, and longitudinal datasets, collectively enabling systematic
haracterization of human biology in both health and disease
Table 3 ). 

.1.1 Species-Level and Organ-Level Reference Atlas 

n 2016, the launch of The Human Cell Atlas (HCA) opened up
he analysis of human biology at the single-cell level. The current
ersion of HCA project has constructed a single-cell dataset cov-
ring 62 million cells from around 9100 human donors, providing
 comprehensive reference for human cell biology investigation
 314 ]. Complementing HCA, Single Cell Atlas [ 315 ] integrated
2 of 44
eight kinds of multiomics data, including single-cell and spatial
omics across different healthy human tissues. The Tabula Sapiens
constructed a multiple-organ single-cell transcriptomic atlas of
humans, which identified nearly 500 types of cells [ 316 ]. These
species-level single-cell atlases serve for a foundation that would
facilitate disease mechanism discovery and treatment design. 

An organ is a structural unit composed of multiple tissues
capable of performing specific physiological functions, char-
acterized by specialized cell types, defined size, and complex
morphological structures (e.g., buds, tubes, branches). Organ-
level single-cell or spatial atlas facilitated the understanding of
organ development and function in fine-grained resolution, and
identified key cellular components during disease development
process. The integration of single-cell atlas data from organ-
level depicted the cell interactions in brain, kidney, and lung,
among others. The Brain Cell Atlas [ 317 ] integrated human and
mouse single-cell transcriptomic data to chart regional brain
development and neuronal diversity. Multimodal spatial cell
atlas of human kidneys [ 318 ] and intestine [ 319 ] are as part
of the Human BioMolecular Atlas Program (HuBMAP), which
serve as reference for understanding the organs. Human Lung
Cell Atlas was constructed on over 2.4 million cells from 486
individuals with healthy or diseased status, which identified
shared cell states across multiple lung diseases [ 320 ]. Single-
cell and spatial transcriptome atlas of eight regions of human
MedComm, 2026
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M

eart revealed cellular niches and potential drug targets for
uman cardiac [ 321 ]. Moreover, kidney atlases comparing human
nd mouse highlighted conserved pathways and species-specific
isease mechanisms [ 322 ]. 

ollectively, these reference atlases standardize annotation
rameworks, support evolutionary and developmental analyses,
nd serve as essential baselines for disease-focused investigations.

.1.2 Disease-Level Data Cohorts and Single-Cell 
patial Atlas 

isease-focused atlases extend these foundations to pathological
ontexts. Many studies constructed single-cell atlas by perform-
ng single-cell sequencing on clinically diagnosed patient samples
o reveal the disease mechanisms, especially for cancer. Early
isease atlases were limited in scale due to technological and cost
arriers, such as a Pancreatic ductal adenocarcinomas (PDAC)
tlas profiling 57,530 cells from 35 tumors and controls, which
evealed extensive intratumoral heterogeneity [ 323 ]. With tech-
ological maturation, cohort sizes have expanded dramatically,
nabling cellular-resolution characterization across hundreds of
atient samples. Pan-cancer single-cell atlases encompassing
ore than 700 cases have delineated conserved and divergent
mmune, stromal, and malignant programs across tumors, iden-
ifying recurrent T cell exhaustion states [ 324 ], natural killer cell
henotypes [ 325 ], and cancer-associated B cell populations [ 326 ].
avish et al. integrated scRNA-seq data of 1163 tumour samples
overing 24 cancer types to construct a pan-cancer single-cell
ranscriptome atlas, identifying 11 intratumor transcriptomic pat-
erns [ 327 ]. Moreover, the analyses of disease biology mechanism
ave been deepened by collecting samples across different loca-
ions, tissues, stages, and clinical phenotypes. A study analyzed
he single-cell transcriptome data from different sites of collected
0 HCC patients with primary and/or metastatic tumors samples
 328 ], which identified microenvironment-based subtypes for
redicting the prognosis of HCC patients. These resources col-
ectively reshape our understanding of tumor microenvironment
omposition and intercellular communication. 

eyond cancer, disease-level single-cell atlases have illuminated
ey mechanisms in infectious and degenerative diseases. Dur-
ng the COVID-19 pandemic, large-scale single-cell atlases of
atient lungs and bronchoalveolar immune cells revealed the
mmune landscape and molecular pathology of SARS-CoV-2
nfection [ 329–331 ]. Integrating single-cell transcriptomics with
ulk RNA-seq and proteomics further uncovered transcriptional
egulators such as FOXO3A in COVID-19-induced fibrosis [ 332 ].
or neurodegenerative diseases, single-cell cohort studies have
imilarly provided population-level insights into Alzheimer’s
isease (AD). A single-nucleus transcriptomic atlas of the brain
asculature identified diverse cellular mediators that contribute
o AD risk [ 333 ]. A multiregion atlas across 48 individuals
ith and without AD further delineated region-specific vul-
erable cell states associated with AD pathology [ 334 ]. In a
arger cohort of 437 aged individuals, a comprehensive snRNA-
eq atlas of the prefrontal cortex revealed two major cellular
ommunity trajectories distinguishing progression toward AD
ementia from normative aging [ 335 ]. Complementary single-cell
TL analyses identified cell-subtype specific regulatory variants
edComm, 2026
and causal genes underlying AD susceptibility [ 336 ]. Moreover,
cross-tissue single-cell transcriptomic atlases have also uncov-
ered common pathogenic mechanisms shared across distinct
diseases. In particular, conserved fibroblast phenotypes have been
identified across inflammatory conditions such as inflammatory
bowel disease (IBD), rheumatoid arthritis (RA), and pulmonary
fibrosis, highlighting shared cellular programs across tissues
[ 337 ]. These disease-level single-cell atlases elucidate molec-
ular circuits, immune dysregulation, and microenvironmental
remodeling underlying diverse pathologies. 

Spatial omics provides anatomical context by localizing cell states
and interactions within tissue microenvironments. Integrative
single-cell/spatial analyses have mapped disease-specific niches,
such as invasive zones in liver cancer [ 338 ], and spatially recur-
rent malignant states across pan-cancer cohorts [ 339 ], illustrating
how spatial architecture shapes tumor progression. Moreover,
Chang et al. combined ST with scRNA-seq to construct a
multistage spatial evolution map of esophageal squamous cell
carcinoma (ESCC), showing that cellular heterogeneity increased
progressively and that invasive cells gradually breached the
epithelial–mesenchymal interface to form a heterogeneous spa-
tial landscape [ 340 ]. In glioblastoma, Greenwald et al. integrated
ST and spatial proteomics to define 14 spatial modules (including
eight malignant cell states) and confirming the coexistence
of structured and unordered regions within the tumor [ 341 ].
Likewise, multimodal integration of single-cell and ST profiling
in metastatic breast cancer delineated three distinct spatial
phenotypes across diverse clinicopathological backgrounds [ 342 ].
Integrative ST and scRNA-seq also identified pathologic niches
in idiopathic pulmonary fibrosis (IPF) [ 343 ] and SARS-CoV-2-
associated niches in the human placenta [ 344 ]. 

Longitudinal data construction and single-cell atlas depiction
identified dynamic molecule changes along disease progression
or therapeutic interventions. A longitudinal single-cell atlas of
pediatric acute myeloid leukemia profiled diagnosis, remission,
and relapse trajectories, mapping shifting cellular hierarchies
[ 345 ]. Spatial proteomic profiling before and after glioma treat-
ment revealed remodeling of tumor-specific neoantigen regions
and immune infiltration, providing direct evidence for evaluating
the reshaping effect of treatment on the tumor microenvironment
(TME) [ 346 ]. Furthermore, longitudinal single-cell multiomics
atlases characterized patients with COVID-19 and tuberculosis,
identifying temporal molecular changes associated with severity
and recovery [ 347 ]. Cardiovascular atlases further demonstrated
how cardiac cell states and intercellular communication remodel
during heart failure or injury [ 348–350 ]. 

Together, these multiscale disease cohorts provide dynamic,
single-cell and spatially resolved reference frameworks that
illuminate pathological mechanisms and establish essential
resources for downstream computational modeling and transla-
tional research. 

4.2 Developing Single-Cell and Spatial 
Algorithms for Biomedical Discovery 

While numerous algorithms have been developed to address
general challenges in single-cell and spatial omics analysis
25 of 44
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2

summarized in Section 3 ), a subset of computational methods
as been specifically designed to tackle biological and disease-
elated questions. These specialized algorithms exploit intrinsic
ata properties and bridge the gap between methodological
nnovation and biomedical discovery, enabling insights that are
irectly relevant to understanding physiology, evolution, and
athology. 

.2.1 Algorithms for Evolutionary and Developmental 
iology 

nderstanding the evolution of life, encompassing both inter-
pecies and cross-species dynamics, has long been a research
ocus in biology. Recent advances in single-cell omics have facil-
tated the construction of cross-species cellular atlases, revealing
oth conserved and divergent regulatory landscapes across organ-
sms. For instance, GeneCompass, leveraging 120 million human
nd mouse single-cell transcriptomes, uncovered conserved gene
egulatory mechanisms between these species [ 302 ]. Similarly,
ranscriptFormer, an AI-driven virtual cell model trained on
ingle-cell data from twelve species spanning 1.5 billion years of
volutionary history, provided a scalable computational platform
or systematic cross-species evolutionary studies [ 351 ]. Together,
hese approaches highlight how large-scale single-cell datasets
ombined with evolutionary modeling can illuminate fundamen-
al principles of life history and organismal diversification. 

n developmental biology, spatiotemporal single-cell and spatial
mics have become essential for reconstructing embryogenesis
nd organogenesis with cellular precision. A key analytical chal-
enge lies in aligning spatial datasets across developmental time
nd integrating 3D morphodynamic information [ 352 ]. Spateo
ddressed this by enabling 3D reconstruction and digitization
f whole-embryo ST, revealing spatial gradients and signaling
etworks that drive mouse embryogenesis and asymmetrical
ardiac organogenesis [ 353 ]. By integrating multisample ST data,
tereopy provided a general framework to dissect spatiotemporal
ellular heterogeneity and niche-mediated regulation, exempli-
ied by studies of cortical and cardiac development [ 354 ]. 

ging represents another biological process with inherent evo-
utionary significance. Single-cell omics allows for the high-
esolution dissection of cellular and molecular changes associ-
ted with aging. Based on constructed aging clocks, Tarkhov et al.
evealed that epigenetic aging is driven by both stochastic and
oregulated changes through scDNA methylation and transcrip-
ome joint analysis [ 355 ]. Single-cell transcriptome-based aging
locks can also reveal organ-level aging properties. Matthew et al.
evealed that heterochronic parabiosis and exercise reverse aging
rocess in neurogenic regions with different ways [ 356 ]. Aging
lso characterizes the heterogeneity of human immune system
unction. The constructed sc-ImmuAging based on the single-
ell transcriptome prof iles of peripheral blood mononuclear cells
as revealed interindividual heterogeneity during infection and
accination [ 357 ]. 

ollectively, these tools exemplify how single-cell and spatial
lgorithms can quantify evolutionary and developmental pro-
esses at unprecedented resolution. 
6 of 44
4.2.2 Algorithms for Disease Mechanism and Clinical 
Translation 

Deciphering disease mechanisms and translating single-cell
and spatial discoveries into clinically meaningful insights have
become major drivers of computational innovation. A grow-
ing class of algorithms now connect the single-cell or spatial
profiles with clinical phenotypes, enabling the identification of
phenotype-specific molecular patterns for diseases. Methods such
as Scissor [ 183 ], PENCIL [ 184 ], and ScRAT [ 185 ] enabled the
discovery of cell subpopulations specific to disease prognosis and
classification, including the COVID-19 severity-specific biomark-
ers and immunotherapy response-specific cell subpopulations.
Bulk and single-cell integrative tools such as scBGDL extended
these capabilities by predicting clinical subtypes and risk groups
from heterogeneous data, while identifying candidate driver
genes underlying these classifications [ 358 ]. SingleDeep enabled
disease classification across diverse conditions, including lupus,
AD, and COVID-19 [ 359 ]. Cancer-Finder performed accurate
cancer cell annotation on single-cell and ST, identifying gene
programs enriched at the tumor–normal interface associated with
patient outcome [ 360 ]. Moreover, in spatial proteomics, geomet-
ric deep learning approaches uncovered spatial motifs within
the tumor microenvironment that stratify cancer prognosis [ 237 ].
Spatial multiomics derived immune scoring systems further
demonstrated the translational potential of these approaches,
providing robust predictors of hepatocellular carcinoma recur-
rence [ 361 ].HEX provided a deep learning model to generate
spatial proteomics from H&E images, and by combining orig-
inal H&E image with virtual spatial proteomics for patient
outcome prediction, the method identified spatial niches for
therapeutic response prediction of lung cancer in a low-cost
way [ 362 ]. 

Individualized treatment was also facilitated by emerging single-
cell algorithms. Computational frameworks were developed to
optimize personalized combination therapy design [ 363 ], pri-
oritize multitargeting treatment for coinhibition of malignant
clones [ 364 ], and predict patient-specific responses to treatment
[ 365 ]. Multiscale PHATE extracted multimodal cellular signa-
tures predictive of clinical outcome, as shown in COVID-19
datasets [ 366 ]. Evolutionary modeling tools reveal dynamic clonal
behavior during disease progression. For example, SPRINTER
[ 367 ] revealed widespread clone proliferation heterogeneity
when applied to a longitudinal, primary-metastasis-matched
dataset of non-small cell lung cancer (NSCLC), while SCEVAN
[ 368 ] reconstructed clonal substructure and spatial evolutionary
trajectories in brain tumors. An emerging frontier involves
quantifying causal effects and treatment perturbations directly
at single-cell resolution. Perturbation-aware models such as
CINEMA-OT employed causal optimal transport to reveal mech-
anisms of environmental exposure, for example, diminished
antiviral responses following cigarette-smoke stimulation [ 369 ].
scCausalVI employed causality-aware generative modeling to
identify treatment-responsive cell populations and their under-
lying molecular programs in infectious disease [ 370 ]. 

Together, these computational frameworks link single-cell and
spatial data to concrete biomedical applications, spanning funda-
mental biology to clinical translation. 
MedComm, 2026
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.3 Toward Clinical Translation and Precision 

edicine 

ingle-cell and spatial omics have facilitated the identification of
ellular states, disease-associated niches, and molecular circuits
hat directly inform clinical decision-making. By linking high-
esolution molecular phenotypes to patient-level phenotypes and
utcomes, these approaches enable biomarker discovery, precise
isease classification, therapy response prediction, and personal-
zed treatment strategies across diverse disease contexts (Table 4 ).
eyond cancer and infectious diseases, recent studies across
utoimmune disorders, cardiovascular disease, kidney disease,
nd chronic inflammatory conditions further demonstrate the
ranslational potential of single-cell and spatial omics profiling. 

.3.1 Biomarker Discovery and Prognosis Prediction 

raditional bulk-level biomarkers mask critical cellular hetero-
eneity, whereas single-cell and spatial omics technologies can
ine not only gene markers, but also cell states or spatial
tructural features for diagnosis and prognosis prediction or
roviding references for clinical treatment plan selection. 

ingle-cell omics is an effective tool in identifying immuno-
ncology biomarkers for predicting the therapeutic response
f cancers [ 392 ], suggesting important clinical values [ 393 ]. In
ancer, spatial niches were identified as potential biomarkers
or clinical diagnosis and prognosis. Chen et al. discovered an
mmune niche consisting of antitumoral macrophages, CD8+ T
ells and natural killer T cells (MT2 ) for predicting survival in
atients with small cell lung cancer [ 394 ]. Liu et al. revealed
hat the abundance of specific cancer-associated fibroblast (CAF)
ubtypes correlates with patient survival in a pan-cancer analy-
is, highlighting their potential as prognostic biomarkers [ 384 ].
hang et al. identified a “CAF-Epi” niche in ESCC for predicting
he survival periods of patients in different risk groups [ 340 ]. Spa-
ial biomarkers can also predict the immunotherapy response of
ancer. For example, topographical differences between immune
ells and tumor cells predicted PD-1 blockade response of
utaneous T cell lymphomas (CTCL) [ 382 ], and fractions of
roliferating CD8+ TCF1+ T cells and MHCII+ cancer cells dis-
inguished the difference in immune checkpoint blockade (ICB)
esponse of triple-negative breast cancer [ 383 ]. These spatial level
r single-cell level information identified potential biomarkers
or cancer, going beyond the molecule-based biomarkers defined
y bulk-level omics. Furthermore, by predicting cell types from
istopathology image and performing cell phenotyping analysis,
tudy suggested the value of histopathology image as a cost-
ffective alternative in characterizing tumor microenvironments
nd identifying biomarkers for immunotherapy response of
SCLC, which significantly motivated the clinical translation of
ingle-cell spatial biomarkers [ 395 ]. 

eyond cancer, single-cell or spatial biomarkers have shown
trong clinical potential across diverse diseases. In IBD, inflam-
atory fibroblast populations predicted both disease severity
nd anti-TNF therapy response [ 371 ], while a unique cellular
odule, GIMATS consisted of cell subpopulations was associ-
ted specifically with resistance to anti-TNF treatment [ 372 ]. In
ystemic lupus erythematosus (SLE), the interferon signaling
edComm, 2026
(IFN) signature and plasmablast signature were associated with
flare risk [ 373 ]. In kidney diseases, the gene signatures of a
fibrotic microenvironment characterized by injured tubule cells
predicted severe disease status [ 389 ]. Similarly, in IPF, spatial
omics identified distinct fibrotic niches in diseased lungs [ 390 ]. In
cardiovascular disease, single-cell profiling of dilated cardiomy-
opathy and normal individuals identified disease-associated cell
states, which are potential biomarkers for heart failure [ 386 ].
Single-cell and spatial analyses also identified immune cell
populations as important markers for chronic and infectious
respiratory diseases [ 396 ]. 

Despite these advancements, the translation of single-cell
biomarkers into routine clinical assays requires standardization,
large-cohort validation, and platform harmonization. Neverthe-
less, these biomarkers establish a foundation for next-generation
diagnostics that incorporate cellular context and spatial architec-
ture. 

4.3.2 Characterize Disease Subtypes and Guiding 
Personalized Treatment 

By resolving cellular ecosystems and tissue architecture, single-
cell and spatial omics overcome the limitations of traditional bulk
sequencing and enable precise differentiation of disease subtypes
and tailored matching of treatment plans. 

In cancer, this approach enabled the stratification of patients
into different immune subtypes [ 385 ] and immune archetypes
based on the composition of tumor immune microenvironment,
guiding immunotherapy decision-making. Single-cell profiling
also improved subtype classification in NSCLC [ 397 ], papillary
thyroid carcinoma [ 398 ] and nasopharyngeal carcinoma [ 399 ],
enabling tailored treatment strategies. Moreover, analysis of
single-cell transcriptome has identified ecotypes with different
cellular states to stratify patients in breast cancer [ 400 ] and even
pan-cancer datasets [ 401 ]. 

Importantly, this paradigm extends to noncancer diseases, includ-
ing autoimmune diseases. For example, multiplexed scRNA-seq
(mux-seq) identified two molecular subtypes occupying different
components of cell populations for SLE [ 374 ]. The accumulation
of fragmented single-cell studies and bulk omics studies further
refined molecular subtypes for autoimmune diseases, which were
discussed in this review [ 402 ]. These molecular subtypes are rele-
vant to distinct treatment strategies, for example, corticosteroids
would be a potential treatment for the neutrophil subtype of SLE,
while the infliximab may target the inflammation subtype [ 402 ]. 

Spatial omics further refines subtype classification by map-
ping microenvironmental interactions. Spatial multiomics anal-
ysis revealed four distinct spatial CAF subtypes across cancer
types and omics platforms, whose abundance and composi-
tion were associated with specific TME features and clinical
outcomes [ 384 ]. Spatial omics analysis also provided evidence
supporting existing cancer subtyping schemes. Some ST analy-
sis identified the heterogeneity among histologic subtypes and
molecular subtypes for cancer [ 403, 404 ], suggesting the poten-
tial role of spatial omics in refining molecular subtyping of
cancer. 
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TABLE 4 Main discoveries of single-cell and spatial omics for clinical translation. 

Disease 
classification Disease Type Discovery References 

Autoimmune 
disease 

Ulcerative colitis Biomarker Inflammatory fibroblast populations predict 
disease severity and anti-TNF therapy 

response. 

[ 371 ] 

Crohn’s disease Biomarker A pathogenic cellular module (GIMATS) was 
linked to resistance to anti-TNF treatment. 

[ 372 ] 

Systemic lupus 
erythematosus 

Biomarker Combined IFN and plasmablast signatures 
are associated with flare risk. 

[ 373 ] 

Systemic lupus 
erythematosus 

Subtype Multiplexed single-cell RNA sequencing 
(mux-seq) identified two molecular subtypes 

for SLE. 

[ 374 ] 

Cancer Colon cancer Treatment 
validation 

scRNA-seq validated the efficacy of BRAF 
inhibitors and immunotherapy. 

[ 375 ] 

Melanoma Target Malignant cell-intrinsic programs guide novel 
therapy development. 

[ 376 ] 

Multiple myeloma Treatment 
validation 

scRNA-seq identified the efficacy of adjuvant 
multiple myeloma vaccines. 

[ 377 ] 

Lung adenocarcinoma Target Apoptosis-related gene STK24 identified as a 
therapeutic target. 

[ 378 ] 

Non-small cell lung 
cancer 

Treatment 
validation 

scRNA-seq validated the efficacy of 
chemotherapy agents combined with 
immune-checkpoint inhibitors. 

[ 379 ] 

Thyroid micro-papillary 
carcinoma 

Biomarker The PROS1–MERTK axis drives tumor 
progression and has been identified as a 

promising biomarker and therapeutic target. 

[ 380 ] 

Pancreatic cancer Target Single-cell analysis of circulating tumor cells 
identified driver gene mutations and 

predicted tumor neoantigens in a mouse 
model. 

[ 381 ] 

Cutaneous T cell 
lymphomas (CTCL) 

Biomarker Topographical differences between immune 
cells and tumor cells predicted PD-1 blockade 

response. 

[ 382 ] 

Triple-negative breast 
cancer 

Biomarker Fractions of proliferating CD8+ TCF1+ T cells 
and MHCII+ cancer cells predicted immune 

checkpoint blockade (ICB) response. 

[ 383 ] 

Pan-cancer Subtyping Spatial multiomics analysis revealed four 
distinct spatial CAF subtypes across cancer 

types. 

[ 384 ] 

Liver cancer Subtyping Identified five immune subtypes: immune 
activation, immune suppression mediated by 
myeloid or stromal cells, immune exclusion, 

and immune residence phenotypes. 

[ 385 ] 

Cardiovascular 
disease 

Heart failure Biomarker Single-cell profiling of dilated 
cardiomyopathy and normal individuals 
identified disease-associated cell states. 

[ 386 ] 

Infectious 
disease 

RSV infection Target Single-cell transcriptomic analysis of RSV 

infection identifies host factors and receptors 
as potential targets for antiviral intervention. 

[ 387 ] 

SARS-CoV-2 infection Target Identification of multiple effective 
neutralizing antibodies from convalescent 

patients’ B cells. 

[ 388 ] 

(Continues) 
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TABLE 4 (Continued) 

Disease 
classification Disease Type Discovery References 

Others Kidney diseases Biomarker A fibrotic microenvironment characterized by 
injured tubule cells predicts severe disease. 

[ 389 ] 

Idiopathic pulmonary 
fibrosis (IPF) 

Biomarker Spatial omics identified distinct fibrotic 
niches in diseased lungs. 

[ 390 ] 

Skin disease Treatment Treatment with JAK inhibitors (JAKi) for a 
lethal skin disease validated with in vivo 

experiment. 

[ 391 ] 
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s a result, single-cell and spatial omics provide actionable
rameworks for patient stratification and personalized ther-
py selection across malignant, infectious, and autoimmune
iseases. 

.3.3 Treatment Development, Drug Discovery, and 
linical Trials 

ingle-cell and spatial omics are accelerating therapeutic dis-
overy by identifying targetable cell states, reconstructing drug–
esponse landscapes, and enabling high-resolution pharmacol-
gy. 

he development of targets targeting abnormal activated path-
ays or mutated genes in tumor cells has high specificity with
xperimental validation. Gao et al. screened out tumor neoanti-
ens by single-cell analysis on circulating tumor cells, which can
ignificantly inhibit the growth of mouse transplanted tumors
 381 ]. Marks et al. discovered that specific signaling pathways
ere activated in drug-resistant AML cells [ 405 ]. Targeting
ntercellular signaling pathways in the TME can shape TME for
herapeutic values. Chen et al. discovered that specific signaling
xes in PDAC promoted neural infiltration, and inhibiting this
ignaling axis could reduce the proportion of related cells and the
ate of neural invasion [ 406 ]. By integrating GWAS and single-
ell transcriptome data, the apoptosis-related gene STK24 was
dentified as a therapeutic target for lung adenocarcinoma [ 378 ].
eyond cancer, this pattern was also extended to other diseases.
or example, one study utilized spatial proteomics to identify
AK/STAT and IFN signaling pathways for driving a lethal skin
isease, which was validated by in vivo experiments involving
AKi inhibition treatment on diseased mouse models [ 391 ]. 

ingle-cell and spatial omics technologies demonstrate unique
dvantages in deconstructing host immune responses to inform
accine and therapeutic antibody development for infectious
iseases. For instance, in RSV research, single-cell transcrip-
omic profiling of infected cotton rats systematically mapped the
andscape of host factors and inflammatory pathways involved
n infection and recovery, providing a foundational resource for
dentifying novel targets for antiviral intervention [ 387 ]. In the
tudy of SARS-CoV-2, researchers identified multiple effective
eutralizing antibodies from a large number of antigen-binding
gG1 + clonotypes by performing HT scRNA and VDJ sequencing
n antigen-enriched B cells from recovered patients [ 388 ]. 
edComm, 2026
Single-cell and spatial omics analyses also played important roles
in validation of treatment efficacy and biomarkers development
in preclinical models and clinical trials (Table 5 ). Relevant clinical
trials including observational, interventional Phase I and Phase
II studies, have been employed to evaluate the efficacy of new
therapies or identify cellular biomarkers for disease classification.
Specifically, scRNA-seq was used to identify changes in the
immune microenvironment in patients following therapeutic
interventions [ 17 ] and was applied to evaluate the efficacy of
adjuvant multiple myeloma vaccines [ 377 ], BRAF inhibitors and
immunotherapy for colon cancer [ 375 ], chemotherapy combined
with immune-checkpoint inhibitors for lung cancer [ 379 ], and
neoadjuvant immunotherapy for cutaneous squamous cell carci-
noma [ 407 ]. Beyond cancer, single-cell TCR/BCR combined with
scRNA-seq also revealed treatment mechanism for autoimmune
diseases, including RA [ 408 ] and autoimmune hemolytic anemia
[ 409 ]. scRNA-seq was also applied in observational clinical trials,
where identified biomarkers for disease diagnosis [ 410 ] and
treatment efficacy [ 411 ]. 

In addition to these clinical trials, some studies remain at the
preclinical stage. In preclinical animal models, analyses using
scRNA-seq, spatial RNA-seq, and multiplex proteomics have
identified potential mechanisms of disease treatment, including
chemotherapy in neuroblastoma [ 412 ], anti-PD-1 therapy for
HCC [ 413, 414 ], TIGIT inhibition combined with BCMA-CAR-
 therapy in multiple myeloma [ 415 ], prolactin receptor-targeted
therapy in adenomyosis [ 416 ], and claudin-1 based targeted
therapy in primary sclerosing cholangitis [ 417 ]. 

While performing the preclinical animal experiments is laborious
and costly, AI-driven virtual cell was proposed as another avenue
to intelligently perform preclinical testing and evaluation on drug
response and patient progression [ 418 ]. The realization of this
concept would greatly decrease the cost in experimental design
and accelerate the clinical translation of novel treatments. 

Moreover, ongoing efforts on developing algorithms to pre-
dict drug response from single-cell profiles are promoting the
drug discovery and screening process [ 182, 419, 420 ]. Tech-
nologies include multiplex scRNA-seq pharmacotranscriptomics
[ 421 ] and multimodal pharmacogenomics such as single-cell
EpiChem [ 422 ] have facilitated the measurement of drug–target
engagement on single-cell level. However, the role of spatial
omics in drug discovery is still limited, which required further
methodological developments. 
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ollectively, these advances position single-cell and spatial
mics as indispensable tools for therapeutic development,
nabling rational drug design, combination therapy optimiza-
ion, and precision pharmacology across a wide spectrum of
iseases. 

 Challenges and Future Directions 

ingle-cell and spatial omics have rapidly evolved into trans-
ormative technologies for dissecting developmental processes,
issue organization, and disease mechanisms at cellular and sub-
ellular resolution. Despite these advances, several key challenges
emain before these platforms can be deployed broadly across
iological research and translational medicine. 

echnological limitations remain a major bottleneck. Despite
ubstantial improvements, current platforms still face constraints
n cost, throughput, and comprehensive molecular detection.
ong-read technologies offer a promising avenue by enabling
ull-length transcript and epitranscriptome profiling at single-
olecule resolution [ 423 ]. These capabilities are crucial for
esolving RNA editing, isoform diversity, and regulatory variation
n health and disease. Meanwhile, next-generation spatial mul-
iomics technologies must balance affordability with sensitivity;
nnovations such as low-cost barcoding strategies (e.g., MiP-seq)
oint toward more scalable platforms [ 424 ]. Continued devel-
pment of integrative assays that coprofile genome, epigenome,
ranscriptome, and proteome within the same cell or tissue con-
ext will be essential for achieving a mechanistic understanding
f molecular regulation. Equally important are emerging phar-
acogenomics [ 425 ] and single-cell pharmacotranscriptomics
rameworks [ 421 ], which will facilitate cell-type resolved drug
iscovery and accelerate precision therapeutics. 

ethodological challenges persist on the computational side.
lthough a variety of computational algorithms and tools
ow exist for single-cell and spatial data, including clustering,
enoising, multimodal integration, spatial domain analysis, and
henotype prediction, their performance across diverse tissues,
iseases, and experimental conditions remains uneven. Bench-
arking studies often provide discordant recommendations,
eflecting rapid algorithmic turnover and inconsistent evaluation
tandards [ 426 ]. The limited interpretability of deep learning-
ased approaches further complicates biological insight. Recent
dvances in interpretable architectures have begun to distill
iologically meaningful features from single-cell and spatial
ene profiles [ 427, 428 ], yet broader validation across disease
ystems is required. In the future, these methods should be
pplied on more datasets and diverse biomedical contexts to
rive the biomedical discovery. Foundation models trained on
assive single-cell and spatial atlases introduce a powerful
ata-driven paradigm by enabling unified embeddings, cross-
odal prediction, and improved generalization [ 144 ]. Quantum
omputing is also emerging as a potential future direction for
patiotemporal single-cell analysis and cell-based therapeutics
 429 ], but its practical utility remains to be established. Future
ork, however, must determine how these models can be adapted
nd fine-tuned for specific biological questions, disease settings,
nd clinical decision-making. Importantly, algorithms on asso-
2 of 44
ciating single-cell or spatial profiles with disease or biology
phenotypes have improved our understanding of genotype-
phenotype relationships and helped identify phenotypic-specific
molecular alterations. While more and more algorithms are
developing, computational advancements in single-cell and spa-
tial omics analysis should serve for biomedical applications in the
future. 

Biological interpretation and translational application constitute
the next frontier. Although extensive atlases have been gen-
erated across organs, developmental stages, and species, most
atlas efforts remain dominated by transcriptomics, with limited
incorporation of epigenomic, proteomic, metabolic, or func-
tional perturbation data. Approaches such as single-cell/spatial
CRISPR screening provide mechanistic insight into genotype–
phenotype relationships, enabling causal inference rather than
correlation [ 430–432 ]. Future studies should focus on integration
of existing atlas to enable cross-organ, cross-system, and cross-
species analyses, thereby generating a more comprehensive view
of human biology system and providing insights for disease
treatment. Translational application has lagged behind basic
discovery; few molecular insights have progressed into clinical
trials. More in-depth analysis should be performed to identify
effective biomarkers, disease subtypes and treatment strategies
for registering clinical trials. Besides, histopathology image
is becoming a promising cost-effective alternative for spatial
omics in some scenarios, including biomarker discovery, disease
subtypes and even performing personalized treatment, which
would accelerate the clinical translation of single-cell omics or
spatial omics [ 268 ]. However, methodological improvements and
clinical cohort validation are required to further establish the
reliability of histopathology as a surrogate for spatial omics.
With the accumulation of data and methods, the development of
cross-scale multimodal foundation models is highly promising.
These models can effectively link single-cell spatial molecular
information with variable clinical phenotypes, thereby providing
high-resolution disease genotype-phenotype associations and
promoting the development of personalized medicine. 

Together, addressing these technological, computational, biolog-
ical, and translational challenges will determine how single-cell
and spatial omics evolve from powerful discovery tools into foun-
dational components of clinical research, precision diagnostics,
and targeted therapeutics. 

6 Conclusion 

Recent years have witnessed major advances of single-cell and
spatial omics technologies and computational methods, which
have greatly enriched the understanding of human biology and
diseases of all organs and systems. Nevertheless, the success-
ful integration of massive, heterogeneous cross-modal datasets
and the development of robust, scalable models to interpret
them remain critical bottlenecks for the field. Future efforts on
developing biology-guided multiomics, cross-modal sequencing
technologies, and advanced data analysis are thus essential to
provide in-depth understandings of human biology at multiple
resolutions, further accelerating clinical translation in personal-
ized disease treatment. 
MedComm, 2026
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