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Over the past decade, single-cell genomics technologies have allowed
scalable profiling of cell-type-specific features, which has substantially
increased our ability to study cellular diversity and transcriptional programs
in heterogeneous tissues. Yet our understanding of mechanisms of gene
regulation or the rules that governinteractions between cell types s still
limited. The advent of new computational pipelines and technologies, such
as single-cell epigenomics and spatially resolved transcriptomics, has created
opportunities to explore two new axes of biological variation: cell-intrinsic
regulation of cell states and expression programs and interactions between
cells. Here, we summarize the most promising and robust technologies
inthese areas, discuss their strengths and limitations and discuss key
computational approaches for analysis of these complex datasets. We
highlight how data sharing and integration, documentation, visualization
and benchmarking of results contribute to transparency, reproducibility,
collaboration and democratization in neuroscience, and discuss needs and
opportunities for future technology development and analysis.

Cells in our bodies contain roughly the same genomic information
encoded withinthe DNA, but develop remarkably different properties
asaconsequence ofintrinsic regulation of gene expression and intercel-
lular communication. Nowhere is this clearer than in the mammalian
brain, where hundreds of molecularly distinct cell subpopulations have
recently been mapped using acombination of single-cell technologies
andshowntobe organizedinto neighborhoods and circuits that canbe
visualized using spatially resolved technologies' . Intrinsic regulation

of gene expression and cell-cell interactions (CCls) represent two
orthogonal, and yetinterrelated, axes of biological variationin complex
tissuesthat frequently become altered in disease states. Emerging tech-
nologies for mapping these modalities create exciting opportunities
foruncovering disease-related changes with fewer a priori assumptions
than has been possible before. In turn, unbiased profiling of diseased
tissues has the potential to uncover new disease-relevant changes that
could be targeted therapeutically.
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Fig. 1| Biological considerations: cellular architecture and research questions.
Emerging single-cell atlas studies have created reference resources for defining
celltypesin normal and pathological brain tissue. Cell types and states defined
by these studies exist in complex and dynamic communities in vivo, and more
disease-associated states and types may emerge in the future.
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The advent of ST technologies helps to define cellular neighborhoods and
identify candidate networks of molecular interactions, while advanced single-
cell genomic technologies can provide insights into dynamic intracellular
pathways underlying cellular transitions. OPCs, oligodendrocyte precursor cells.

Here, we strive to provide an overview of the main technologies
and approaches currently presentin single-cell epigenomics and spa-
tially resolved transcriptomics, as well as discussing various strate-
gies for data analysis and considerations in experimental design. In
particular, we highlight the proliferation of single-cell epigenomic
data collection that has provided exciting opportunities to reveal gene
regulatory networks (GRNs), while highlighting the paucity of methods
for functional validation of these predictions. By contrast, spatially
resolved transcriptomics approaches vary widely depending on the
specifictissue preservation method, size and resolutionneeded. When
coupled with single-cell transcriptomics and rigorous data analysis,
such as deconvolution, trajectory analysis and CCl prediction, such
experiments can provide invaluable insightsinto tissue biology (Fig. 1).

We recommend that technology choices and computational
schemes should be motivated by the biological questions being inves-
tigated, while balancing discovery, analysis and validation wherever
possible to maximize biological insights. Best practices in computa-
tional analysis should guide experimental design and be considered
before datageneration, takinginto considerationthe required number
of samples, coverage of cells per sample and design of experimen-
tal batches, to facilitate accurate analysis. In turn, the design of the
computational scheme for the data analysis should be tailored to the
specific features of the dataset as well as to the biological questions,
guiding choices such as de novo versus reference-based annotations
and discrete versus continuous analysis of cell states.

Technical considerations in study design
High-throughput genomic technologies have created unprecedented
opportunities for data-drivendiscovery of biological processes underlying
normaltissuestructure and functionand changesindisease. Considering
the cost of many such studies, responsible experimental design is often
required to maximize biologicalinsights, and should start with considera-
tions of best practicesin dataanalysis (Fig. 2). We recommend considering
the following components for single-cell and spatial genomic studies.

Sample size
Evaluation of the necessary sample size for robust analysis is essen-
tial, especially when testing changes in cell abundance, differential

genes or trait associations with experimental or clinical conditions.
Computational methods should be tailored to the sample size and to
the corresponding statistical power of the dataset. There are tools and
resources that canbe used to estimate the necessary number of biologi-
calreplicates and technical replicates ideally required for single-cell or
single-nucleus RNA-sequencing (scRNA-seq or snRNA-seq) studies'® ™,
As fewer spatial transcriptomics (ST) studies have been conducted so
far, recommendations of sample size estimation are driven largely by
theoretical and statistical considerations™'®. Adhering to the power
estimations discussed can greatly increase the confidence in biologi-
cal findings derived from scRNA-seq studies, and we predict that the
rapidincreasein the number of ST and epigenomic datasets will lead to
better understanding of technical variationin the data and inform new
methods for quantifying effect sizes that may be specific to the assay or
datageneration platform. Beyond the number of samples, the number
and design of batches should be carefully considered as well. Specifi-
cally, ensuring balanced batches across different experimental groups
can greatly facilitate batch correction to mitigate technical artifacts.
Itis important to note that the required sample size is contingent on
theintrinsic variation between samples, which may vary depending on
the genetic diversity of the study population and could furthermore
be influenced by the technical idiosyncrasies of individual platforms
or dataset quality.

Underpowered studies may still provide biologically meaningful
insights, but they require specific considerations. We advise incor-
porating strategies for orthogonal validation using the methods dis-
cussedinref.17. Alternatively, leveraging large cohorts of bulk datasets
can augment the sample size, enabling the correlation of gene and
pathway signatures to conditions and traits. For example, different
strategies have been suggested for using scRNA-seq and snRNA-seq
data to deconvolve signatures of cell-type abundance hidden within
bulk tissue measurements using algorithmic approaches based on
deconvolution'®" and increasingly deep learning®°?, This strategy
reduces the time and cost of experiments, and may be essential when
obtaining sufficient biological replicates of tissue specimens is chal-
lenging. In essence, acknowledging and accounting for sample size
and diversity among samplesis crucial for ensuring the reliability and
validity of research conclusions.
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Fig. 2| Outline of key considerations involved in designing high-throughput single-cell and ST studies. Experimental design considerations are essential for
successful studies utilizing high-throughput single cell and spatial genomics. The cartoon outlines key features of successful study design, highlighting synergies

between biological questions, technical design, and analytical considerations.

Cellular coverage

Each profiling experiment involves a decision step to profile a subset
of cells present in the tissue, and, owing to financial and tissue avail-
ability constraints, every study will balance the numbers of biological
or technical replicates involved with the number of cells that will be
profiled. Understandably, heterogeneous tissues such as the brain
pose anadditional challenge because cell types are not present inequal
proportions, and thus the effective cell numbers involved in a study
will vary from cell type to cell type.

Thus, consideration for cellular coverage and sequencing depth
should guide the computational strategy applied for cell annota-
tions as well as for association analysis, depending on the biological
question*?*, Data downsampling can offer a data-driven approach
to determining whether a given observation or conclusion is robust,
and has been effectively used to analyze the saturation of cell cluster
discovery in mouse brain scRNA-seq data’. Unfortunately, similar
considerations have not been developed yet for ST or epigenomic
studies. Analysis of ST datain particular will require deep assessment
as datasets become more common, and we predict that lessons from
stereology” might be helpful in interpreting the results of ST-based
experiments.

Ideally, when experimental design limitations prohibit obtain-
ing adequate cellular coverage to comprehensively profile cells
inagiven tissue, strategies that enrich for a desired cell population
can be used (see ref. 26 for methods of mining rare cells). Impor-
tantly, the computational study design should be guided by the
coverage of the dataset, as different clustering algorithms have dif-
ferent sensitivities for detecting rare cell types”. Moreover, rare
cells can be mis-assigned to transcriptomically similar popula-
tions if not enough cells are sampled. Mapping cells against a well-
powered reference atlas dataset can help to overcome this
limitation®®, and such atlases are increasing in availability for the brain
across various species' ’, ages and conditions, offering animportant
resource that canbe leveraged to annotate cell typesin smaller studies
(seeref.26).

Data quality and sequencing depth

The sequencing coverage (3’-end, 5’-end, whole coding region), data
quality and sequencing depth (number of unique reads or unique
molecular identifiers (UMIs) and number of genes detected per cell)
represent important metrics of underlying data quality and should
ideally be compared to published studies from the same tissue or cell
type, and reported across technical and biological replicatesin astudy
(see Box 1 for an overview of quality-control (QC) data analysis). For
scRNA-seq and snRNA-seq assays, high-quality data are important to
ensure that differences in expression programs within specific cell
types canberobustly detected. Insufficient coverage might mean that
biological insights are overlooked, a factor that must be considered
during the differential expression analysis of genes and pathways.
While the specific number of sequencing reads per cell will depend
on both the technology and the nature of the sample, for the most
common experimental platform from10x Genomics, gene expression
libraries sequenced at or above 25,000 reads per cell or nucleus would
generally be considered as reasonable toidentify individual subtypes,
but these may be too shallow for some cell-type-specific responses to
disease and infection (for example, in microglia and astrocytes) where
50,000 reads per cell or nucleus are more often required to detect
subtle gene expression changes. Published reference atlases can pro-
vide approximate numbers of genes detected across brain cell types,
while data derived from whole dissociated cells typically yield higher
numbers of genes detected per cell compared to nuclei.

Epigenetic assays cover a larger sample space (whole genome
versus transcriptome); consequently, the sequencing depth per
cell should be appropriately higher, with a recommended minimal
sequencing depth of 50,000 reads per cell for single-nucleus assay
for transposase-accessible chromatin using sequencing (SnATAC-seq)
libraries. For reliable discovery of gene regulatory elements from
snATAC-seq data, the number of cells depends on data quality and the
analytical context, yet we advise at least 200 cells or nuclei per cell
population withbiological replicates to ensure reproducibility. These
metrics are based on experience and lack systematic and quantitative
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BOX1

Guidelines for data processing and quality controls in sSCRNA-seq

and snRNA-seq studies

QC is an essential step in the analysis of scRNA-seq and snRNA-seq
data. Nevertheless, although too permissive thresholds might
lead to technical artifacts such as false positives in differential
gene expression analysis and misclassification of cell types, too
stringent parameters can lead to false negatives and failure to
detect relevant biology. Thus, it is crucial to implement robust QC
workflows before further downstream analysis. For cell QC, begin
by excluding cell barcodes that are likely to represent dead cell
debris or free-floating RNA (ambient RNA), as they don’t correspond
to intact individual cells. A straightforward approach for assessing
cell quality is calculating metrics such as the number of transcripts
(UMIs), or detected genes. In practice, the number of UMIs and
genes detected varies notably between brain cell types such as
microglia and neurons, and between datasets depending on quality
and sequencing depth. Hence, assigning a cell-type-specific and
dataset-specific threshold for filtering low-quality cells is important.
This can be done by initial classification of cells to broad cell classes
using classifiers trained on existing datasets and assessing the
appropriate thresholds on the basis of the distribution of the number
of detected genes within each cell class.

Another frequently used cell quality measure is the proportion
of mitochondrial RNA, with high proportions possibly indicating
damaged cells. Nonetheless, cells with high mitochondrial content
should not be automatically excluded, as they might indicate
metabolic changes such as increased mitochondrial activity or
be informative in the context of neurodegenerative diseases. We
recommend that mitochondrial content should be taken into account,
but not used as the only exclusion criterion for low-quality cells.

Conversely, cells with unexpectedly high counts may indicate
doublets (or multiplets), where cell barcodes correspond to multiple
cells. It is essential to remove doublets, as they can constitute a
substantial portion of cell barcodes in high-throughput scRNA-seq
or snRNA-seq methods. However, we caution against frequently
used filtration methods based solely on the number of detected
transcripts, especially in complex tissues such as the brain, as they
are not accurate enough; specialized algorithms that model doublet
cells (for example, Scrublet”®, DoubletFinder”” and scds'®) are
much more robust. Also, transitory cell states, which might present
cell signatures of different cell populations and are frequent in
development and disease®®, might also be mistaken for doublets.
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colll @ .. cells or nuclei
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o '
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Ambient RNA transcripts, which are free-floating and barcoded
with the cell or nucleus, can impact the cellular expression profile
and potentially bias cell annotations and functional interpretations.
Given the varying extent of ambient RNA, dependent on tissue quality
and cell or nuclei isolation protocols, it is essential to evaluate each
dataset individually. The ambient RNA can be corrected as necessary
using methods such as CellBender'®, SoupX'® and DecounX™'. We
also recommend extracting signatures of ambient RNA directly from
the data by compiling abundant transcripts in empty droplets, to
assess the contamination within each dataset and to ensure that the
corrected expression profiles remain undistorted.

Furthermore, QC can be applied at the gene level, although
this is recommended only if the computational resources are
constrained or the noise in the dataset is high. One can filter
out genes with limited expression (that is, detected in a small
number of cells) by choosing an appropriate filtration threshold
considering the number of cells expected from the smallest cell
population. In addition, methods to identify informative genes
and focus the analysis on this gene subset can be applied (such as
variance-stabilizing transformation).

Finally, data normalization and corrections for technical features
such as batch and sample quality are crucial to exclude technical
artifacts from the downstream analysis, but overcorrection
and normalization could result in loss of the biological signal.
Therefore, careful examination of the data after correction is
necessary, and comparison to reference atlases can be used as a
benchmark.

It is important to note the evolving guidelines, especially for
newer data types such as single-cell epigenomics and ST methods,
which have unique preprocessing and QC challenges that vary
between platforms. As technologies mature, these challenges
are expected to diminish. For example, in multiplexed in situ
methods (for example, Stomics, MERFISH and Xenium), the main
challenge is image analysis, specifically cell segmentations and
data-to-noise ratio. For ISS-based methods, the main challenge
lies in data resolution and coverage, which require more advanced
computational techniques to deconvolute the expression signal
to cell types and states, or to find expression patterns based on
communities of cells or based on the spatial gradient to the center
of pathology.
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Box Fig. 1| QC for scRNA-seq and snRNA-seq data involves evaluating both cells and genes.
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Computational design guided by underlying biological research questions
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Fig. 3| Outline of computational design of high-throughput single-cell or single-nucleus and spatial omics studies. ChIP, chromatin immunoprecipitation.

metanalysis and, therefore, should be taken as general guidelines as
opposed to prescriptive guidelines. Large-scale consortia efforts will
probably define these parametersinincreasing detail.

These estimates are intended to provide general guidance, and we
recommend consulting several published studies before embarking
on experimental data generation.

While analysis of scRNA-seq and snRNA-seq data has reached a
pointofrelative consensus, and broadly applicable recommendations
can be proposed, guidelines for analysis and assessing the quality of
datafrom more recent technologies, such as epigenomics and ST, are
likely to emerge as the number of datasets increases.

Biological considerationsin study design

Cellular architecture guiding study design

Apartfromtechnical aspects, the computational study design should
also be informed by the distinct characteristics of each cell type and
the specific research questions of the study. These elements should
guide the choice between a discrete clustering-based analysis of cel-
lular diversity with a case-control differential expression analysis to
uncover changes due to conditions and traits, and a continuous analysis
of gene programs to describe cellular diversity and alignment of cells
along continuoustrajectories (Fig. 3). The particular research questions
will further shape subsequent downstream analysis steps, which could
encompass regulatory networks, cellular interactions, intersection
with genetics and other modalities, and more.

Beyond the diversity of cell types, studies have revealed the vast
diversity of cell subpopulations and cell states within the brain. Con-
ventional approaches identify cellular diversity by clustering, com-
monly applying nearest-neighbor graphs and community detection
algorithms, to subset cells of a specific cell type to subclusters that

capture transcriptionally distinct cell subsets. Yet, cellular diversity
might not always be adequately captured by a discrete model, such as
microgliaand astrocyte cells that rapidly respond to the changing envi-
ronment to maintain brain homeostasis, or oligodendrocyte lineage
cells that change along the maturation process. Alternative methods
that model continuous variation in gene expression have been devel-
oped.Forexample, inference of gene expression programs enables us
tomodel the complexity of cellular functions and response to diverse
stimuli, by modeling cells as a combination of expression programs
(forexample, topic modeling®’, nonnegative matrix factorization® and
weighted gene coexpression matrix analysis™). Algorithms that align
cells along continuous trajectories of change (for example, Palantir®
and Monocle®), as typically applied in developmental datasets®, can
alsobeused to study transitions between cell states in the adult brain,
specifically along aging or disease processes. Importantly, as physi-
ological processesinvolve cooperation of multiple cell types within the
brain, new frameworks expand the analysis from the traditional focus
onthediversity of individual cell types to multicellular environments®.

Addressing complex cellular microenvironments in study
design

The complex spatial arrangement of cells inthe CNSis what enables it
to executeits numerous, highly specialized functions, as physiological
processes involve multiple cell types working in cooperation. Inves-
tigation of changes in cellular communities or microenvironments,
instead ofindependent investigation of individual cell types, could be
amore effective and accurate approach, despite its added complexity.
Furthermore, future development of effective drugs and therapies is
likely to require targeting a community of tightly co-regulated cells
that together provide the necessary environment for the required
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healthy function of the brain. In experimental study design, considering
the different properties of brain cell types should guide the choice of
methods for cell dissociation, nucleus isolation and tissue process-
ing to capture the diversity of cells. In computational study design,
beyond the analysis of individual cell types and cellular abundance,
communities of cells with coordinated abundance and/or activity can
be predicted using single-cell omics. For example, exploring changes
incell state and cellabundance across cell typesin aging human brains
uncovered an Alzheimer’s disease-associated cellular community that
captured coordinated changes in glial, endothelial and neuronal cell
types*®. Algorithms for the identification of coordinated cell programs
across cell types, co-occurring cellular communities, co-regulated
cells or communities with shared dynamics have been developed®**-*°.
To further advance our understanding of the brain’s dynamic tissue
architecture, we will need to expand these computational methods. In
particular, we will need to integrate predictions of the co-regulation
and cross-talk between subsets of cells using multiple data modalities.

ST refers to recently developed technologies that make it pos-
sible to probe cellular microenvironments in situ. ST methods can
simultaneously spatially position cells and quantify their transcrip-
tomic profiles, with most methods applicable in histological tissue
sections consisting of 1-2 cell layers. There are two broad classes of
ST methods that use sequencing or imaging-based readouts. Many
ST technologies were first applied to the mouse brain and have been
used to spatially map cell types across entire brain regions® *, with
recent efforts extending this approach to the whole mammalian
brain®*°~*2, ST can enrich cell-type and cell-state annotations from
scRNA-seqand snRNA-seq data with spatial information and ascribe
meaning to gene expression gradients, and even entire clusters, by
identifying their spatial correlates, as exemplified in continuous
expression gradients in neurons across the medial-lateral and supe-
rior-inferior axes of the striatum****. Broadly, ST methods fall into
two categories: in situ RNA-seq-based technologies aimed at unbiased
profiling of whole transcriptomes within tissues, and imaging-based
technologies aimed at probing a multiplexed defined set of hundreds
of genes. Sequencing or imaging-based ST methods each offer dis-
tinct advantages and have different challenges in balancing among
resolution, sensitivity and scalability. Therefore, their advantages
and respective limitations need to be considered carefully when
choosing the right method to use. See Box 2 for a detailed descrip-
tion of technical consideration and limitations of imaging-based and
sequencing-based ST methods.

The computational integration of spatial and single-cell transcrip-
tomics provides a practical approach to construct multimodal brain
atlases. The integration methodologies have matured dramatically
in the past few years, so that now even relatively fine cell-type dis-
tinctions can be accurately mapped and resolved on high-quality ST
datasets” %, Forimaging-based ST, integration of spatial and single-cell
measurements enables transcriptome-wide imputation of unmeasured
genesinspace’”*. There are also emerging computational integration
benchmarks for single-cell and spatial data, although we lack methods
to quantitatively assess the accuracy and robustness of integration
between scRNA-seq or snRNA-seq and ST datasets™".

Cohort design and analytical considerations in disease studies

Increasing amounts of brain scRNA-seq and snRNA-seq data from differ-
entspecies, individuals, developmental stages and pathological states
have revealed the diversity of neuronal and non-neuronal cells*. Such
studies use avariety of cohort designs and computational schemes to
identify transcriptional changes that occurin disease (Fig. 3). A carefully
balanced case-control cohortis aconventional and powerful approach
foridentifying gene expression differences. For such adiscrete cohort
design, applying a statistical test (with an appropriate noise model*?)
with correction for multiple testing can be used to link cellular changes
tothe studied trait, correcting for technical (for example, batch, library

quality) and biological (for example, interindividual variability, age
and sex) confounders. Alternatively, pseudobulk differential gene
expression methods (for example, DESeq*, edgeR**) account for vari-
ability between biological replicates and thus avoid false discovery and
overcome gene dropouts and noise in scRNA-seq or snRNA-seq data®.

Newer approaches to cohort design and analytical methods
consider continuous variation, as well as mixed sources of variation,
ranging from sampling along the continuum of disease stages to ran-
dom sampling of the population in abundant pathologies. For such
a continuous cohort design, different analytical methods have been
developed. For instance, linear mixed models can simultaneously
take into account orthogonal sources of transcriptional variation and
rank genes according to variance explained by specific variables®**’.
Additionally, manifold learning and trajectory inference enable us to
alignindividuals along a pseudotime of disease progression and infer
the intricate cellular dynamics underlying the disease process®**°%,
These approaches provide a more nuanced perspective, offering
insights into the temporal and spatial aspects of disease progression
that might be missed in traditional case-control studies. To provide fur-
ther confidencein the rigor and robustness of case-control datasets,
transcriptomic changes predicted to occur in disease states should be
validated using orthogonal methodologies. For an extensive discussion
of'validation approaches, see ref. 17.

Many neurological diseases are defined by specific histological
lesions. ST methods provide an opportunity to bridge our historical
understanding of these diseases with modern, hypothesis-generating
genomics experiments of the same tissue and cells, which will pave
the way to linking newly discovered disease-associated states and
pathways with histopathological disease phenotypes, such as aggre-
gates or multiple sclerosis lesions. Such discoveries may be facili-
tated by imaging-based ST technologies such as in situ sequencing
(ISS), MERFISH or STARmap PLUS*’, but the limited genes detected by
these technologies may limit the discovery of novel cell states that are
uniquely associated with histopathology, without the accompanying
transcriptome-wide profiling by scRNA-seq or snRNA-seq. Efforts to
further expand the multiplexing (that is, to increase the number of
genes and isoforms that can be measured inimaging ST) is animpor-
tant area of future technology development. Sequencing-based ST
approaches, including the original ST or DBiT-Seq®>®, largely lack
theresolution needed to precisely pair these histological lesions with
gene expressioninsingle cells, but neighborhood-based analyses are
feasible. New sequencing-based approaches to capture individual
cells with high spatial resolution and sufficient gene coverage, such
as Stereo-seq, Slide-seq, Slide-Tags or the recently developed Visium
HD, could help to overcome this challenge®>®*.

Emerging multi-omics spatial technologies as a bridge
between modalities

The benefits of recent ST technological advancements provide an
opportunity to combine ST and scRNA-seq or snRNA-seq to create a
standardized cell atlas of the nervous system across diverse organisms
by bridging anatomical, functional and molecular analyses of neural
celltypes. Akey opportunity associated with ST isits ability toserveasa
bridge between the fields of cellular-molecular genomics and systems
neuroscience. Specifically, technological approaches areincreasingly
enabling genomic measurements of cells to be directly paired with
measurements of connectivity and neural activity. For example, BARseq
combines sequencing-based barcoding of neuronal projections with
ISS-based spatial mapping of gene expression and neuronal cell typ-
ing®*. Other studies have combined two-photon calcium imaging and
cFOS-staining with ST to probe the molecular identities of neurons
activated in different behaviors®**®, Furthermore, electrophysiological
recordings have been coupled to STARmap in vitroin other systems®®.
These developments provide exciting avenues to marry ST with func-
tional studies of neural circuits.
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BOX2

Technical considerations and current limitations of spatial

transcriptomics methods

Sequencing-based ST

Sequencing-based ST technologies use RNA-seq to enable unbiased
profiling of whole transcriptomes in tissues. The various methods
differ in their cell or transcript capture approach, spatial resolution,
throughput (sample size, number) and sensitivity. For example,
whereas some methods (for example, Visium'®, Slide-seq™) directly
capture transcripts from tissues, others spatially barcode cells

or nuclei (for example, Slide-Tags®) or tissue areas (for example,
DBiT-seq®’, Nanostring CosMX/GeoMX"®?) before sequencing. The
major benefit of sequencing-based ST is the discovery-based analysis
of cellular transcriptomes in situ. This can be applied to healthy or
diseased neural tissue samples with little prior information about
tissue architecture and without target gene selection or differential
gene analysis from prior scRNA-seq or snRNA-seq. Many methods
(for example, Visium) are readily scalable as they require minimal
specialized equipment and rely on standard histological methods
and commercially available kits and sequencing reagents. The major
limitations of these methods are summarized below.

Spatial resolution. Most techniques do not offer true single-cell
resolution, as they profile multiple cells (for example, Visium with
55-um resolution) or transcripts from neighboring cells (for example,
Slide-seq with 10-pum resolution) in tissues. Hence, to perform
cell-specific analysis akin to single-cell transcriptomics, they require
computational deconvolution of cell-type-specific information.

This is often based on cell-type-specific gene expression signatures
extracted from reference scRNA-seq or snRNA-seq studies”>*%%,
Hence, it is important to choose a reference that matches the
biological characteristics of the ST dataset, such as brain region,
cell-type composition and disease states. For disease studies, paired
single-cell or single-nucleus and spatial datasets might be necessary
for accurate deconvolution. Recent developments, such as Visium
HD and Stereo-seq, provide higher spatial resolution and could
address this limitation, although computational pipelines that can
segment these data to single cells are not well established. Some
low-level ST methods can have computationally enhanced resolution

using Bayesian statistical tools like BayesSpace'®.

Tissue quality and assay performance. Many sequencing-based ST
methods are best applied to fresh frozen tissue samples with high
RNA integrity, which has been limiting for disease studies based

on archival patient-derived samples. Yet, recent developments (for
example, Visium) extend sequencing-based ST to formalin-fixed
and paraffin-embedded samples through targeted sequencing of
probes. There is no strong consensus yet on key tissue QC metrics:
RNA integrity, histological stains and correlation of ST data with bulk
or single-cell or single-nucleus RNA-seq are generally used in the
field. Given the variations in human brain biopsy quality and autopsy
protocols, standardization and benchmarks are needed to assess
tissue quality and compare different technologies. While many of the
sequencing-based ST methods aim to reach whole-transcriptome
and gene coverage, in many cases the number of features per pixel
or area is limited to a few thousand unique reads and/or genes,
which might give limited insights into the cellular and molecular
composition of the areas investigated.

Imaging-based ST

Imaging-based ST technologies use imaging to enable targeted
analysis of transcripts in tissues. To image transcripts at high
resolution, most methods use probe-based detection approaches
derived from single-molecule fluorescence in situ hybridization
(ISH) or custom sequencing chemistries. As with sequencing-based
ST, there are many imaging-based methods, and they provide
different levels of target gene multiplexing, detection sensitivity and
specificity. For example, RNAscope ISH'® can detect the expression
of a few genes at high sensitivity, whereas high-multiplexed methods
such as MERFISH?®, ISS'®, STARmap™’ and Xenium'® use iterative
cycles of labeling and combinatorial barcoding to simultaneously
distinguish transcripts from hundreds or thousands of genes.

A major benefit of imaging-based ST is its high spatial resolution,
which can resolve single cells in tissues and even subcellular
localizations of targeted transcripts. Imaging-based methods are
truly orthogonal to sequencing-based scRNA-seq and snRNA-seq
technologies for validation of transcripts of interest, such as
novel cell-type markers or genes that are differentially expressed
in disease. Another benefit of imaging-based ST is direct 3D
intact-tissue imaging of thick samples when combined with hydrogel
tissue-clearing techniques'®’. The major limitations of these methods
are summarized below.

Ease of use. High-multiplexed methods such as MERFISH and
ISS require specialized automated microscopy equipment and
extensive image analysis (for example, barcode decoding and
cell segmentation) expertise®®'®’. Hence, their community uptake
has been limited compared to more convenient methods such
as RNAscope ISH or sequencing-based Visium. However, several
imaging-based ST methods have recently been commercialized
as end-to-end workflows with automated data collection and
low-level image analysis, such as the MERSCOPE system based on
MERFISH>°%, the Xenium system based on ISS"*%*° and the Plexa
system based on STARmap'®’. These commercial solutions will
probably play important roles in democratizing access to these
technologies.

Method of choice. Different methods present different trade-offs.
MERFISH provides high detection sensitivity that requires
high-resolution imaging, and in turn, long image acquisition times
for large tissue samples®. By contrast, ISS detects fewer transcripts
per cell, probably owing to the enzymatic steps used for signal
amplification, but it can be performed at low resolution in a more
scalable manner'®. STARmap has a higher signal-to-noise ratio than
single-molecule fluorescence ISH and higher detection efficiency
than ISS, but it requires a high-end confocal microscope for 3D
imaging. Finally, imaging-based technologies provide different error
correction and detection capabilities®*'®’, which greatly influence the
specificity of transcript assignment and false discovery rates.

Probe selection. The curation of the probe panel is a critical step.
Ideally, probe selection is guided by a scRNA-seq or snRNA-seq
dataset of the specific tissue or condition, to avoid optical crowding
by highly expressing genes (that is, the labeling of numerous
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(continued from previous page)

transcripts in a given cell that obstructs optical identification of
individual RNA spots), and includes markers of diverse cell types

or pathological cell states®. In the absence of prior scRNA-seq

or snRNA-seq data, probe selection could involve trial and error.
Furthermore, this process also needs to be tailored to the sensitivity
of the given ST technology. Although there are several computational
tools to automate probe selection from scRNA-seq or snRNA-seq
data™"", there is no strong consensus on panel curation approaches,

Epigenomic technologies such as CUT&Tag, which is discussed
below, have recently been successfully applied at the spatial level
using the DBiT-Seq technology, enabling the genome-wide mapping
of histone modifications in the mouse and human brain at different
stages of development at aresolution approaching that of single cells
(20-50 pm; spatial CUT&Tag)® or athundreds of loci at subcellular res-
olution®. Inaddition, the recent developments of spatial ATAC-seq®*”°
and spatially resolved single-cell translatomics (RIBOmap)” potentiate
spatial multi-omics mapping of epigenome, transcriptome and trans-
latome data from the same brain samples to understand gene regula-
tion mechanisms at both transcriptional and post-transcriptional
levels. Moreover, multi-omic approaches combining RNA and CUT&Tag
(and ATAC) have also been developed at aspatial level’?, while combined
ST-lipidomics” and ST-metabolomics™ are emerging. Thus, the simul-
taneous probing of several modalities might become standard in the
spatial omics area, as it hasin the single-cell and single-nucleus arena.

The Allen Brain Atlas Common Coordinate Framework” is a
three-dimensional (3D) average map of the adult mouse brain, and
provides an anatomical reference to standardize spatial measurements
of neural activity and connectivity. The integration of ST-based cell
maps with such common coordinate frameworks provides an oppor-
tunity for charting brain atlases. Thisis an active area of computational
development’, where amajor challenge is the accurate mapping of 2D
ST datasetsto 3D coordinates at cellular resolution. Furthermore, it is
likely that ST data will challenge some traditionally defined neuroana-
tomical boundaries*®””. New computational approaches willbe needed
tolearncytoarchitectural features from the spatial dataand use them
to improve our understanding of regional boundaries. Ultimately,
functional perturbations of cells may also be required to refine these
regional definitions.

The ability to map ST datato common coordinate frameworks, as
discussed above, is likely to open opportunities to correspond molecu-
lar histopathology measurements to in vivo phenotypes. Functional
magnetic resonance imaging can measure correlates of neural activity
of a given brain region in the context of a particular behavioral task,
and alterations in such activity have been observed in awide range of
neurological and psychiatric disorders™”. For example, 7T magnetic
resonance imaging canresolve disease structures such asiron-positive
lesion rims in multiple sclerosis®, and PET imaging can resolve meta-
bolictissue states, with ST measurements.

With the rapid proliferation of ST, systematic benchmarking of
different methods is needed. These efforts should formally evaluate
the consequences of spatial resolution, sensitivity and multiplexing
levels for cell typing and CCl analysis of brain tissue. An emerging
computational challengeis theintegration of ST datasets across experi-
mental batches, studies and technologies®*2. Although scRNA-seq and
snRNA-seq methods are applicable to a certain extent, new methods
tointegrateimaging-based and sequencing-based ST as well as formal
benchmarks to evaluate such methods will be necessary.

Finally, the current costand throughput of both sequencing-based
and imaging-based ST are prohibitive for mapping the whole human
brain at the coverage of the mouse brain atlases. Technological or
platform investments to increase the feasibility of large-scale ST and

and it is often done in a hybrid fashion involving both manual and
automated curation.

Protocol optimization. Although it is cumbersome, optimizing ISH
protocols (for example, proteinase treatment, autofluorescence
removal) on new tissue types and sample sources is important. The
study of human brain tissue, given wide variability in tissue quality

and high autofluorescence, could be challenging'®.

its application to 3D brain volumes, prioritizing human brain regions
relevant to diseases and disorders such as autism or schizophrenia, and
developing computational approaches to approximate full brain maps
from incomplete 3D volumes or to predict ST profiles from magnetic
resonance and metabolic positron emission tomography imaging
provide future avenues for exploration. For example, myeloid cell
subtypes—visualized by cell-type-specific molecular RNA and pro-
tein tagging—can be mapped to inflamed tissue areas on the basis of
iron-sensitive magnetic resonance imaging® or metabolic tracers, as
used in positron emission tomography imaging®*.

Considering cell regulation in the study design

Inference of CCls. CCls play key roles in the specification and func-
tion of the nervous system. Myriads of neuronal cell types interact to
form synaptic connections and neural circuits across multiple scales,
whereas glial and vascular cell-derived signals are important regula-
tors of neuronal synapses and brain development and homeostasis.
Furthermore, neuro-immune interactions are prominent in many
neurological disorders. CCls can be predicted using scRNA-seq or
snRNA-seq by coupled expression of known ligand-receptor pairs. As
RNA abundance plays only astoichiometric role in mediating signaling
activity, there is potential risk of false positive results, and multiple
algorithms have been developed with diverse computational strate-
gies and statistical frameworks to limit the sources of noise, such as
CellPhoneDB®, CellChat® and NicheNet®.

ST can identify neuroglial tissue microenvironments that con-
sist of spatially co-localized cell types that are specialized to support
specific neural circuits and underlie neural pathologies. As ST jointly
resolves the spatial positions and transcriptomes of cell types in tis-
sues, itis uniquely suited for inferring CCls by identifying cells that are
in close proximity as well as mapping complementary expression of
receptor-ligand pairsin neighboring cells. This canresolve short-range
interactions (autocrine, juxtracrine or paracrine) such as neuronal-
glialinteractions atacellular and molecular level®**°, As with cell-type
mapping, integration with scRNA-seq or snRNA-seq data canenhance
CCl analysis in ST by leveraging whole-transcriptome information
from the former®. Current limitations of ST-based mapping of CCls
should be considered, as detailed in Box 3. Finally, CCls can be linked
to predicted downstream cellular phenotypes by inferring biological
pathway activities or GRNs from single-cell or spatial data®”. However,
no existing approaches cantrace CCls from spatialinformation to gene
expression to epigenomic profiles and other modalities.

Considering cell-intrinsic regulation in the experimental study
design. Uncovering the major regulators that drive distinct transcrip-
tional programsis akey step toward understanding brain functionand
dysfunction and can inform therapeutic strategies and drug discov-
ery efforts. New analytical approaches and emerging technologies
that allow researchers to profile epigenetic states of single cells can
provide pivotal information related to the intrinsic mechanisms that
drive expression programs and should be considered in study designs.

The most mature technology for identifying regulatory DNA
measures chromatin accessibility—a state in which genomic DNA is
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BOX3

Shortcomings of ST
approaches to inferring CCls

Resolution of sequencing-based ST. For CCl analysis, it is important
to consider that most sequencing-based ST methods do not provide
cellular resolution and profile multiple cells at each spot. Hence,
these data are not equivalent to scRNA-seq or snRNA-seq data

for interaction analysis and should be treated as such. Cell-type
deconvolution preceding CCl detection (that is, where interactions
are inferred from spatially co-located cell types from scRNA-seq or
snRNA-seq profiles) or focused analysis of receptor-ligand transcript
spatial co-localization are more appropriate analysis avenues for
these datasets™'.

Multiplexing levels of imaging-based ST. While these methods
provide single-cell resolution in situ, targeted probe panel selection
often imposes limits on CCl analysis, as often only selected
receptors and ligands are profiled in these experiments. In addition,
targeting of a limited number of genes means that the data should
not be treated as equivalent to scRNA-seq or snRNA-seq data, so
subsequent interaction analysis will also need to be treated as
such. For example, CCl analyses that rely on the assumption that
most genes are not interacting are best applicable to single-cell
full transcriptome datasets, where null distributions can be

directly generated from the data. However, for imaging-based ST
experiments, users may specifically select for receptors, ligands,
hormones and other proteins that are expected to be interacting.

Computational models. Most CCl analysis tools were originally
developed for suspension scRNA-seq or snRNA-seq data and do
not incorporate true spatial information. Whereas ST can be used
to prioritize CCl analysis results from scRNA-seq or snRNA-seq by
identifying spatially co-located cell-type pairs®, an active area of
computational development is focused on inferring spatial effects
of CCls in ST, such as the identification of neighbor-dependent
gene expression patterns'®. Last, almost all models focus on
discovering correlations of gene expression. However, models that
build in causality (that is, GRNs) may enable the generation of more
accurate hypotheses.

Long-range cellular interactions. Short-range interactions

can be robustly captured by ST, but medium to long-range
interactions, especially at axonal or dendritic processes of neurons
or oligodendrocyte processes, complicate cell communication
analysis in the nervous system. This challenge could be addressed
by integration of ST with viral tracing methods.

actively accessed by macromolecules. Chromatin accessibility thus
reflects whether proteins, typically transcription factors (TFs) and a
high density of nucleosomes, arebound ataparticular genomiclocus’.
Chromatin accessibility often correlates with gene expression, but it
isnotadirect proxy for it. As the chromatin accessibility landscape is
highly cell-type specific, it provides a robust epigenomic measurement
to identify cell types and states. It can be measured by commercially
available assays such as snATAC-seq. Analysis of chromatin accessibility
hasbeen mainly used foridentifying putative gene regulatory elements
(enhancers, promoters, silencers and insulators), although it cannot
necessarily distinguish among classes of gene regulatory elements.
It also retains signals related to nucleosome occupancy, although it

is less tailored to infer nucleosome positioning than techniques such
as MNase-seq.

Moreover, available multi-omic assays enable joint profiling of
RNA abundance (snRNA-seq) and chromatin accessibility (SnATAC-seq)
within a single nucleus, linking changes in gene regulatory element
accessibility to changes in gene expression. One of the largest effects
of locating cell-type-specific and context-specific gene regulatory
elements is the identification of disease-associated noncoding
variants that are predicted to influence gene regulation, enabling
fine-mapping of thousands of geneticrisk loci. Furthermore, chromatin
accessibility-based mapping of quantitative trait loci (QTLs) provides
moredirect observation of the effect of avariant compared to the more
indirect effects observed in expression QTL mapping due to linkage
disequilibrium®>®, Variants that are predicted to be functional on the
basis of residence in a gene regulatory element or the existence of a
chromatin accessibility QTL can be further prioritized in validation
experiments and linked to nearby genes via co-accessibility or 3D chro-
matin contacts. Of note, regulatory elements predicted by chromatin
accessibility are putative and require downstream functional valida-
tion. For information on approaches that can validate the functional
role of aspecific element, seeref.17.

Each cell has only two copies of each genomiclocus (alleles), lead-
ingtounique challenges for single-nucleus epigenomics in: (i) sparsity,
(ii) scale and (iii) cell-type specificity’**. To partially address the chal-
lenges of data sparsity and specificity, snATAC-seq data are typically
converted after clustering to pseudobulk to increase reliability by
summing the information over hundreds to thousands of cells, each
with a few thousands of fragments captured. Unlike scRNA-seq and
snRNA-seq, which often fail to capture genes with the lowest levels of
expression, the dropout insnATAC-seq is likely to be stochastic across
the genome®. Moreover, snATAC-seq has a larger feature space com-
pared to scRNA-seq or snRNA-seq, as a typical multicell-type dataset
could have >I million regulatory elements, incomparison to sCRNA-seq
and snRNA-seq, which have <30,000 unique transcripts. Because of
this, snATAC-seq often requires a higher sequencing depth per celland
the larger size of the cell x feature space presents unique challenges
for the analysis.

Theepigeneticlandscape of acellis altered along differentiation,
maturation, age and disease states; thus, it is interesting to compare
chromatin accessibility and other epigenetic features between cases
and controls or alongbiological processes (Fig. 3). Such comparisons
from snATAC-seq data should be performed at the pseudobulk level*®
toreduce noise, while maintaining biological and cellular diversity by
aggregating all cells of a single cell type from a given individual into a
single pseudobulk profile. The use of pseudobulk profiles circumvents
issues with sparsity by combining signal across many individual cells,
and thus we recommend a minimum of 100 cells per profile on the basis
of current studies. Once pseudobulk objects are created, differential
testing should be performed using one of many tools that have been
carefully benchmarked previously”, for example, DESeq2 (ref. 53) or
edgeR”. As tools vary in the prevalence of false positives and false
negatives, the analyses should be tailored to the specific application
and the tolerance for false positives versus false negatives, as discussed
previously®®’.

Additional technologies inthe field of epigenomics are available,
enabling the measurement of histone modifications, DNA methylation
and chromatin contacts (as described in more detail below). Integration
of these methods will provide a more complete view of the intrinsic
mechanisms that underlie gene expression regulation within and
across cell types.

Analytical approaches to infer GRNs. GRNs, the interconnected
set of molecular regulators and their targets, together orchestrate
the biological programs responsible for specific gene functions and
ultimately govern all cellular and biological activities by controlling
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Table 1| Common GRN tools

Method description

Advantages

Pitfalls

Available tools

Correlation-based

Based on calculating the correlation
coefficient (for example, Pearson
correlation or Spearman rank
correlation) between pairs of genes
across multiple samples

Simple and
computationally efficient

Cannot capture complex
regulatory relationships
and cannot differentiate
between direct and indirect
interactions

SCENIC*/SCENIC+,
GENIE3 (ref. 157), PPCOR™,
LEAP™®

Regression-based

Model the expression level of a gene as
a function of the expression levels of
other genes. Techniques include linear
regression, LASSO and ridge regression

Can capture direct
interactions

May not handle nonlinear
relationships

GRNBoost2 (ref. 160),
SINGE'™

Information theory-based

Use measures such as mutual
information to infer relationships
between genes

Can handle nonlinear
relationships and can
differentiate direct from
indirect interactions

May have difficulty with
high-dimensional data

ARACNE'®?, PIDC'®*,
SCRIBE'®* and CLR'®

Bayesian network

Probabilistic graphical models that
represent the dependencies among a
set of variables

Can model complex
relationships and
differentiate direct from
indirect interactions

May have difficulty with
large networks as they are
computationally intensive

GRNVBEM'®®, BANJO'® and
BNFinder'¢®1%°

Boolean network Model gene expression as on/off Computationally efficient ~ Oversimplify gene SCNS™®
states and gene interactions as logical and can handle large expression and cannot
functions networks capture graded changes in
expression levels
Traditional deep learning Interpret GRNs from scRNA-seq or Can handle complex, Require large amounts CNNC (convolutional

snRNA-seq data and deduce causal
relationships between genes

nonlinear relationships
and high-dimensional data

of data and can be
computationally intensive

neural networks for
coexpression)"”, foundation
models'?

Emerging deep learning

Based on foundation models, that is,
deep learning models trained on vast
amounts of data in an self-supervised
fashion'. Emerging in single-cell

Attention mechanisms

in the transformer
architecture reflect the
underlying GRN structure

Only in early stages. Require
large amounts of data and
can be computationally
intensive

A single-cell
transcriptomics transfer
learning-based GRN
model'”?

transcriptomics as well"”?, based on
transfer learning from reference atlas
and expand beyond

Model gene interactions as a system of
differential equations

Differential equations

Can model
time-dependent changes
in gene expression

Require time-series data SCODE', GRISLI'®
and can be computationally

intensive

the activation and deactivation of individual genes. GRN analysis has
become an increasingly important tool in neuroscience research.
The complexity of the nervous system, characterized by its diverse
celltypes and intricate interconnections, makes it especially suitable
for the GRN analysis. GRN analysis has uncovered the pivotal role of
GRNs in multiple brain processes, such as differentiation of neuron
and glial cells.

Regulators of gene expression are not restricted to regulatory
proteins, and include various noncoding RNAs such as long, short
and antisense noncoding RNAs. Regulators can act as activators or
repressors via different regulatory elements (such as enhancers and
promoters). Each stage of gene expression is regulated, including
post-transcriptional regulation (splicing, translation, transport
and degradation) and post-translational regulation (modifications,
transport, localization and degradation). As the targets of each regu-
lator include additional regulators, a network of interconnected
regulators is formed, represented as a graph, where nodes capture
regulators and their relationships are represented as directed and
weighted edges.

As many of these regulatory modalities are not measured with
single-cell resolution owing to the lack of scalable technologies, GRN
inferenceis mainly focused on TF regulation, inferred from available
single-cell omics measurements'°*'%", The inference of TF regula-
tion is highly challenging for several reasons: (i) TFs can regulate
expression of target genes at large genomic distances by binding
to remote enhancer regions, often by folding to form close con-
tacts proximal to their targets, limiting our ability to link a DNA
element toits target gene; (ii) we lack reliable species-specific map-
ping of TFs to the DNA sequence motifs they can bind; (iii) physical

binding of a TF to a DNA element can lead to activation, repression
or no modulation, under different cellular contexts; (iv) TF bind-
ing often depends on the chromatin state. Thus, beyond relying on
scRNA-seq or snRNA-seq data to infer GRNs'”, the use of single-cell
multi-omic data, which includes both epigenomic (DNA contact,
accessibility and methylation, or histone modification) and tran-
scriptomic information, can enhance the accuracy and precision of
identifying these regulatory relationships. Thisis achieved through
integrative analysis that examines the correlations and colocaliza-
tions of open regions, methylation sites or regulatory motifs with
gene expression.

Multiple computational methods have been developedtoinfer and
toanalyze GRNs at single-cell resolution from scRNA-seq or snRNA-seq
data, including methods based on correlation, regression, information
theory, Bayesian, Boolean and deep learning. An overview of such meth-
odsis provided in Table 1. Of course, different methods may produce
divergentresults, posing challenges in determining the most accurate
representation of the network.

Identifying differentially accessible regions (DARs) between
biological conditions is fundamental for pinpointing differentially
active regulatory elements and regulators. Many methods for dif-
ferential expression have been repurposed for finding DARs (for
example, DESeq2 (ref. 53), edgeR*® and limma voom'®). Pairing
DARs with differential expression analysis can enable the inference
of context-associated GRNs using packages such as cisTopic'®,
Signac'®, DORCs'*®, FigR'”, SCENIC+'°%, ArchR™*’, MIRA™, scBPGRN™
and Symphony™?,

Additionally, CRISPR-Cas9-based screens, assessed at the single-
cell level via Perturb-seq or genome and transcriptome sequencing
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Fig. 4| Epigenomic technologies. a, Overview of the major modalities of gene regulation that are currently studied using high-throughput single-cell technologies.
b, Summary of key single-cell epigenomics technologies. Tn5, hyperactive TnS transposase; Me, methyl group; Ac, acetyl group.

(G&T-seq)", can also inform the inference of GRNs or experimentally
validate them.

Computational models of GRNs are valuable for modeling
complex data, generating hypotheses and directing future research
efforts. However, the field is still evolving, and several challenges
lie ahead. First, efficient analysis of GRNs requires large-scale
high-quality data, often constrained by technical limitations, high
cost, and computational complexity. Next, biological variation and
technical noise might hinder the distinction between true regula-
tory interactions and fluctuations in gene expression. Thus, there
isaneed for further development of specialized statistical methods
with heightened sensitivity for accurate DAR identificationin future
research efforts. Furthermore, gene expression regulation encom-
passes multiple layers of molecular interactions, making it difficult
to accurately model and analyze GRNSs. Finally, gene expression is a
dynamic process, but experimental measurements provide only a
staticsnapshot, greatly complicating the temporal dynamic analysis
of GRNs. As a consequence of these shortcomings, our understand-
ing of GRNs in the brain and the available tools to analyze them are
lacking, yet future researchin this field, empowered by new technolo-
gies, improved methodologies and the accumulation of large-scale
datasets, is expected to yield important insights into brain function
and dysfunction.

Emerging technologies for single-cell

epigenomics

Various types of genetic and environmental perturbation can lead
to changes in cell state driven by modulation of epigenetic states. To
uncover the underlying regulatory mechanisms of such perturbations
requires large-scale single-cell epigenetic data. Emerging technologies
now allow researchers to profile epigenetic states of single cellsand, in
thissection, we highlight emerging datamodalities beyond DNA acces-
sibility, discuss the main technologies and summarize their strengths
and weaknesses (Fig. 4).

Histone modifications

Histones undergo multiple post-translational modifications that are
involved in transcription regulation by affecting TF binding and RNA
polymerase activity. Different histone modification patterns define
specific genomic features, such as enhancers, promoters or coding
regions, and some can be associated with transcriptional states (for
example, activation, repression, elongation or poised"*). Therefore,
profiling histone modifications at single-cell resolution represents
anemerging area of technological innovation that could facilitate the
profiling of cis-regulatory elements that are likely to be functional, as
opposed to all accessible DNA loci.

Profiling histone modifications was traditionally done by chroma-
tinimmunoprecipitation followed by sequencing (ChIP-seq), which
requires large amounts of input material, hampering single-cell appli-
cations. CUT&Run' and CUT&Tag"® methods, related to the ChiC"
method and based onafusion of MNase/Tn5 transposase with protein
A, havebeenrecently developed and successfully applied to single cells,
allowing individual"*"7?2 or a combination of'***® histone modifica-
tions to be probed. Methods to investigate chromatin dynamics during
cell-state transitions have recently been developed, taking advantage
of multi-omic single-cell chromatin accessibility and transcriptomic
data'®'? or single-cell histone modification data, such as chromatin
velocity'%,

Chromatin contact

Genome organization and DNA methylation represent additional layers
of gene expression regulation'®'?, Genome topology can modulate
enhancer-promoter communication™°, and there is considerable
evidence linking disease-relevant structural variants or epigenetic
changes to changes in 3D genome organization™.

Genome organization has been traditionally studied using chro-
matin conformation capture assays such as Hi-C or micro-C in bulk
or in populations subjected to fluorescence-activated cell sorting,
yet recent advances in technologies have enabled profiling in single
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cells/nuclei™® **, Moreover, recent technologies allow co-profiling
of chromatin architecture and transcriptomes at a single-cell level'*.
However, current methods require high sequencing depth compared
with ATAC-seq and lack robust experimental and computational bench-
marking and validations.

Methylation

The most common DNA base modification in mammalian species is
cytosine 5-methylation (5SmC) and its oxidated derivatives includ-
ing 5-hydroxymethylcytosine (5ShmC), 5-formylcytosine (5fC) and
5-carboxylcytosine (5caC)™*. The mammalian CNS is associated with
unique patterns of cytosine modifications, including unusually high
levels of non-CpG methylation (SmCH) and ShmC"**%, For the major-
ity of somatic tissuesin mammalian species, 5SmCis almost exclusively
found in the CpG dinucleotide context (5SmCG). However, in mature
human cortical neurons, 5mCH could account for more than half of
cytosine methylation, with between 2% and 8% of CH sites methylated
depending on neuronal types'’.

The single-nucleus profiling of cytosine modifications reveals
epigenetic states at different genomic scales™®. While the depletion of
5mCG and/or enrichment of 5ShmCG at regulatory elements indicates
alocal epigenomically permissive state, the cell-type and develop-
mental specificity of 5SmCH can shed light on the epigenomic states
of mega-scale regions, such as topologically associating domains, or
intermediate-scale regions such as gene bodies. Existing single-cell
methylome techniques provide sparse measurements at the indi-
vidual cell level, typically covering 5% to 10% of the genome™’. The
aggregation of single-cell methylome profiles for identified cell types
(pseudobulk) has been applied to reconstruct cell-type-specific pro-
files that are reminiscent of traditional bulk methylome profiles.
The pseudobulk approach provides a reasonable approximation for
steady-state cell populationsin the adult brain but inevitably leads to
the under-appreciation of ongoing cellular dynamics in developing
brains. We anticipate that data imputation tools and trajectory infer-
encealgorithms that can effectively use sparse single-cell methylome
profiles will expand the knowledge of methylation dynamics during
brain development'*°,

The development of single-cell profiling techniques for 5SmC
and 5hmC has revealed the cell-type-specific patterns of cytosine
modifications in mammalian brains. The snmC-seq family of assays
were based upon earlier methods such as scBS-seq and provided
enhanced throughput, enabling the generation of hundreds of thou-
sands of single-cell methylome profiles”***"'*2, SnmC-seq has also been
extended to multi-omic approaches, including the joint profiling of
chromatin conformation and DNA methylation by snm3C-seq and
the simultaneous profiling of transcriptomes, DNA methylation and
chromatin accessibility by samCAT-seq'**"**. A method for single-cell
profiling of 5ShmC, snhmC-seq, was recently developed by integrat-
ing chemical protection of ShmC by bisulfite conversion and selec-
tive deamination by APOBEC3A'. The absence of easy-to-use and
commercially available assays has severely impeded the adoption of
single-cell methylome methods. A recently developed combinatorial
indexing-based approach, sciMETv2, provides a feasible route toward
commercialization', Last, methods that can generate high-coverage
methylomes fromasingle cell, but probably from asmaller number of
cells, could be useful for analyzing highly specific cell populations such
as those associated with a neural circuit in adult brains or daughter
cells derived from asymmetric divisions during neural development.

Single-molecule epigenomic assays

Finally, single-molecule epigenomic assays use high-throughput
long-read sequencing technologies (for example, Pacific Biosciences
or Oxford Nanopore) to make high-throughput, single-molecule
genomic measurements of chromatin accessibility*’ ", as well as
single-molecule sequencing of intact RNA isoforms'?, at the resolution

of single cells™. Single-molecule chromatin accessibility profiling
approaches allow one to ‘deconvolute’ the population averages pro-
vided by approaches suchas DNase-seqand ATAC-seq—that is, one can
explicitly map the presence of nucleosomes, TFs and their respective
co-occupancy patterns on individual DNA molecules.

Forinstance, it is now possible to identify heterogeneity of nucleo-
some positioning and TF binding'*"**%, and this has been informative
in dissecting complex epigenome and regulatory pathways™**>, Key
challenges are currently the throughput of long-read sequencing and
its cost, which are expected to be reduced in the coming years.

Data sharing, dissemination and visualization

Data sharing, dissemination and effective visualization are crucial
aspectsof modernresearch, especially in the realm of single-cell data
analysis, giventhe speed of datageneration and the need for large-scale
datasets for capturing the full complexity and diversity of cells in the
brain, to ensure transparency and reproducibility.

One noteworthy step toward enhancing transparency is the open
sharing of code. Platforms such as Jupyter notebooks allow researchers
toshare notonly their results but also the entire analysis pipeline. This
practice is particularly valuable for highly customized data analysis
that extends beyond standard packages. It enables others to repro-
duce and validate complex analyses, fostering trust and collaboration
within the scientific community. Itis essential to follow best practices
in documenting data analysis methods and parameters when using
complex analysis packages. Ideally, there is a convergence to shared
data formats and structures such as AnnData in single-cell analysis,
and first efforts for extensions viathe Open Microscopy Environment
(OME) Standard are recommendable™®. Benchmarking algorithms is
another vital aspect of advancing single-cell data analysis. By rigor-
ously evaluating the performance of analysis methods, researchers can
identify the most reliable and efficient tools for their specific research
questions. This process contributes to the continuous improvement
of analytical techniques and ensures the validity of scientific findings.

To further enhance the accessibility and usability of data, adher-
ing to the principles of FAIR (findable, accessible, interoperable and
reusable) datais essential. Proper curation of patient and experimental
metadata within datasets ensures that critical context accompanies
the data, making it more valuable for researchers and promoting
datareuse.

Data visualization plays a pivotal role in translating complex
datasets into understandable insights. While shiny apps have initially
beenused extensively to allow exploration of single-cell data, various
single-cell data portals, such as UCSC Cell Browser, Cell Annotation
Platform and CELLXGENE, have made important strides in democra-
tizing data access and navigation. However, for these efforts to thrive
and expand, there is a pressing need for broader community engage-
ment and sustained financial support. Visualizing spatial genomic
data, particularly datasets integrated with single-cell omics data, pre-
sents unique challenges. These datasets offer critical insightsinto the
spatial organization of cells within tissues. To make this information
more accessible to the research community, concerted efforts are
required to develop online resources that facilitate data exploration
and visualization.

Overall, we see effective data sharing, documentation, visualiza-
tion and benchmarking as integral to the progress of single-cell data
analysis. These practices promote transparency, reproducibility and
collaborations, and ultimately will lead to better understanding of
complexbiological systems.

Limitations

Emerging genomic technologies have the potential to transform our
understanding of nervous system development, structure and function.
This Review aims to discuss the challenges of designing studies that
arerigorous, well powered and informative, and outlines several key
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applicationsincluding building atlases, uncovering disease processes
and predicting gene regulatory relationships. Clearly, applications of
these technologies extend beyond those specific use cases, and space
limitations required us to omit some details, particularly related to
development and cross-species comparisons'?. These applications
involve their own sets of opportunities and challenges that we regret-
fully could not cover in this article.
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