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SUMMARY

Understanding the rapidly evolving landscape of single-cell and spatial omic technologies is crucial for
advancing biomedical research and drug development. We provide a living review of both mature and
emerging commercial platforms, highlighting key methodologies and trends shaping the field. This review
spans from foundational single-cell technologies such as microfluidics and plate-based methods to newer
approaches like combinatorial indexing; on the spatial side, we consider next-generation sequencing and im-
aging-based spatial transcriptomics. Finally, we highlight emerging methodologies that may fundamentally
expand the scope for data generation within pharmaceutical research, creating opportunities to discover and
validate novel drug mechanisms. Overall, this review serves as a critical resource for navigating the commer-
cialization and application of single-cell and spatial omic technologies in pharmaceutical and academic
research.

INTRODUCTION mics, NanoString Technologies, and Vizgen, have achieved

broad acceptance of their technologies through assay reli-
Single-cell genomic profiling technologies are becoming the ability, comprehensive technical support, and standardized
de facto standard for studying complex biological and clinical  preprocessing pipelines. However, such technologies are
samples, resulting in a multi-billion dollar market.'™ Currently,  typically associated with high upfront costs for hardware.
a small number of established players, such as 10x Geno- Early technology development efforts predominantly focused
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on increasing the number of cells profiled. This approach has
been instrumental in discovering rare cancerous and immuno-
logical cell types in suspension, often prioritizing cell quantity
over sequencing depth. However, there has been a gradual
shift in focus toward new applications, such as arrayed chem-
ical and pooled CRISPR screens with single-cell readouts.*®
These emerging techniques open new paradigms: fewer
cells might be targeted, but with greater coverage, to more
effectively elucidate dysregulated pathways. In a similar
vein, the evolution of spatial profiling technology may also
be witnessing a transition. Initially defined by resolution limita-
tions, the current development trajectory is increasingly char-
acterized by the ability to multiplex. A number of groups are
now commercializing novel protocols, including hardware-
free single-cell systems, and may come to enrich the reper-
toire of established methodologies. To this end, our objective
is to catalog technologies transitioning from academic
research to commercial availability, providing a comprehen-
sive resource for the bioscience industry. This endeavor
serves a dual purpose: first, to facilitate informed decision-
making for potential buyers by offering a detailed overview
of commercial technology and, second, to bridge the gap be-
tween academic innovation and industry application by high-
lighting emerging tools.

Remarkably, the field is moving evermore rapidly; so much so
that it is challenging for any single practitioner to maintain a
working knowledge of the available technologies alongside other
research interests. Therefore, we initiated the scTrends con-
sortium’ (https://sctrends.org/) to build a “living review”: a com-
munity effort that will allow for continual updates as platforms
and trends emerge. At this point, scTrends will take the form of
a desk review, but in later editions, we plan to benchmark proto-
cols in a standardized manner. Should you wish to contribute,
please do not hesitate to get in touch.

In our first release,” we focused on technology application
areas, business models, litigation, mergers, and acquisitions
before considering public markets. In contrast, this long-form re-
view provides a deep dive into the broad categories of engineer-
ing solutions developed for these purposes. To complement this,
available at https://sctrends.org/, we present a detailed individ-
ual analysis of commercially available single-cell and spatial
omic technology platforms. Finally, we comment on break-
through emerging techniques from academia that we expect to
see commercialized in the coming years, ranging from epige-
netics, long-read and total RNA sequencing (RNA-seq), bacterial
profiling, and metabolomics to intracellular proteomics and pro-
tein sequencing.

COMMERCIAL SINGLE-CELL OMIC TECHNOLOGIES

Since the Human Genome Project, with the aim to characterize a
whole human genome, a number of omic technologies have
been developed to understand aspects of nucleic acid biology,®
e.g., RNA-seq, ATAC-seq, chromatin immunoprecipitation
(ChIP)-seq, Hi-C, etc. Only some of these technologies have
been adapted to kit-based products at single-cell resolution,
including targeted DNA sequencing, ATAC-seq, Cleavage Under
Targets and Tagmentation (CUT&Tag), RNA-seq, DNA methyl-
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ation, and cell surface proteomics, while transcripts and proteins
can be measured spatially using a commercial solution. In Fig-
ure 1, we plot a diagrammatic overview of the aforementioned
commercially available single-cell omic modalities and the sub-
sequent processed output dataset. A number of standard adap-
tations are widely available, including 5 mRNA sequencing kits
for co-sequencing of V(D)J repertoires from T and/or B cells
and capture of guide RNAs from pooled CRISPR screens.

While microfluidic-based methods were the first high-
throughput method to receive wide-scale adoption, competing
methods emerged; to a broad approximation, we classify these
methods into microfluidic-based, plate-based (including via the
use of microwells), and combinatorial-indexing-based technolo-
gies—in addition to miscellaneous methods that fall outside of
this trichotomy. In Tables S1 and S2, we present summary sta-
tistics pertaining to the companies below, including other com-
panies that are not detailed due to company stage, focus, or
inactivity.

Microfluidics-based methods

In order to increase throughput from plate-based assays, new
methodologies turned to microfluidics to parallelize the number
of cells that could be assayed in a single experiment. First, the
Fluidigm C1 proposed a large-scale integrated (LSI) system to
process up to 96 cells in parallel on a single chip. However,
the high cost associated with the method and still relatively
low throughput required further technological advancements.
Notably, the partitioning capabilities of droplet microfluidics
were an attractive prospect for scaling beyond LSls. inDrop'°
and Drop-seq, ' published in 2015, used water-in-oil emulsions
to stochastically co-encapsulate single cells with barcoded
oligo(dT) beads to capture and tag the 3’ tail of MRNA molecules
from individual cells, linking barcodes to single-cell transcrip-
tomes via cDNA synthesis, marking the advent of high-
throughput single-cell genomics.

Since then, many droplet microfluidic setups for different mo-
dalities have been published in academic settings, including
HyDrop,'? spinDrop,'® VASA-seq,' MATQ-drop,’® droplet
ChlP-seq and CUT&Tag implementations,’®'® and snRan-
dom-seq,’® among others. However, most assays are run on
the 10x Genomics Chromium platform. Large intellectual prop-
erty portfolios, early adoption, and discounts for large-scale ini-
tiatives/users, such as the Human Cell Atlas,?" are all factors ex-
plaining the dominance of this single player in the field. Although
Bio-Rad has proposed its own single-cell implementation (such
as the SureCell ATAC-seq library®” preparation method), it failed
to contend with the 10x Chromium in terms of user adoption.
Mission Bio has also emerged as a significant player in the tar-
geted DNA capture field at single-cell resolution. Their Tapestri
platform specializes in analyzing the relationship between
genomic mutational profiles and expressed phenotypes
measured by antibody panels. Unlike other platforms, it does
not focus on transcriptomics, thereby setting a distinct offering
in DNA-based measurements.

Other instrument companies that deliver single-cell genomics
using droplet microfluidics exist, including 1cellbio (now
defunct), Scope Fluidics, Dolomite Bio, and Fluigent, but are
out of scope for this review, as they do not offer an end-to-end
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Figure 1. Diagram of key biomolecules measurable at single-cell resolution by commercially available solutions in kit format

Adapted from figure contained in Peidli et al.’

solution for single-cell profiling, are focused on diagnostics, and/
or are yet to initiate a commercial offering.

Plate- and microwell-based methods

In parallel, through reducing well size and simplifying workflows,
efforts were made to increase cell throughput and decrease the
financial and labor demands associated with processing cells in
multiwell plates. To take advantage of the operational simplicity
and sample efficiency on well-based approaches relative to
droplets,”® two avenues were pursued.

On the one hand, akin to the aforementioned LSI approaches,
increasingly sophisticated microfluidic technologies were built to
facilitate the deterministic manipulation of individual cells toward
supplanting a reliance on manual or fluorescence-activated cell-
sorting-based methods for single-cell isolation.***> These solu-
tions also reduce reagent costs and hands-on processing time.
This approach is embodied by the Takara ICELL8 cx Single-
Cell System, which supports the processing of 5,184 nanowells
in parallel and can be leveraged to implement several different
molecular protocols (e.g., SMART-seq-based single-cell RNA-
seq [scRNA-seq], single-cell ATAC-seq [scATAC-seq], and sin-
gle-cell TCR-seq, as well as user-designed protocols).

On the other hand, strategies were developed that relied on
probabilistic pairing of barcoded beads with single cells in
massively parallel picowell arrays. These efforts were intellectu-
ally akin to those pursued in parallel in droplets, with the picowell
replacing the droplet as the partition.”® Earliest efforts have relied
on co-confining cells and beads in unsealed nanowell arrays, as
in CytoSeq, which was later refined and commercialized by BD
as its Rhapsody system. Note that a similar approach underlies
Microwell-Seq.”’

However, the use of an open well design has the potential
to considerably limit capture efficiency and increase cross-
contamination between wells. To overcome this barrier, ap-
proaches were developed to seal the picowell arrays within mi-
crofluidic chips with an oil barrier.’® One instantiation of this
strategy was commercialized by Celsee via their Genesis Sys-
tem,?® which is now offered by Bio-Rad following their acquisi-
tion; another implementation, scFTD-seq,*® has since been
commercialized by Singleron via their SCOPE-chip. As an alter-
native, semipermeable, membrane-based seals were devised. In
some embodiments, this was shown to enable fluid exchange,
opening a route to more flexible molecular manipulation via
multi-step protocols.”® Membrane-based sealing has been
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used for high-throughput repertoire profiling®' and, in a simpli-
fied deployment, for scRNA-seq in resource-limited settings
around the world®®*? (Seq-Well). The latter technology has since
been further simplified and commercialized as the HIVE by Hon-
eycomb Biotechnologies.

Combinatorial indexing methods

Offered by Parse Biosciences and Scale Biosciences, combina-
torial-indexing-based sequencing assays were developed as a
strategy to tackle the often prohibitively high upfront hardware
investment and library construction costs that could be associ-
ated with assaying transcriptomic cellular heterogeneity with a
view toward tissue scale profiling.>*~° At a high level, combina-
torial indexing methods use fixed and permeabilized cells (or
nuclei) as the principal reaction container to iteratively append
DNA barcodes to a cel’s RNA-derived reverse-transcribed
cDNA through the process of repeatedly pooling the cells and
partitioning them randomly across a series of wells containing
the oligonucleotide barcodes. Through this repeated process,
as the number of wells and barcoding rounds increase, the num-
ber of unique barcode combinations available for any single-cell
experiment becomes extremely large. When the input cells into
the assay are a small fraction of the total possible barcode space
(~5%), the vast majority of cells acquire a unique barcode com-
bination, facilitating the demultiplexing of cells after sequencing.
This often results in a lower “multiplet” rate when compared to
the more popular microfluidic-based technologies. However, it
is crucial to acknowledge the challenges associated with split-
pool barcoding, such as the increased complexity in barcode
assignment and potential errors in barcode synthesis or
sequencing, which can impact the accuracy and efficiency of
the method.

As combinatorial indexing has matured, its application
has extended beyond scRNA-seq. It is now a versatile tool for
both single-cell atlases and functional genomics applications,
including chemical transcriptomics-based drug screening®’
and pooled single-cell CRISPR screening.®® These classes of
protocols have a built-in capacity to multiplex 96 or more sam-
ples based on the number of unique barcodes generated in the
initial barcoding round within a 96-well plate setup. Conse-
quently, it facilitates the processing of larger numbers of cells
per barcoding run, potentially sequencing more than ~1 million
cells in a single experiment. The capacity is about not merely
enabling a greater sequencing scale but also fundamentally
reducing preparation costs prior to sequencing. In comparison
to other methods, combinatorial indexing offers a more cost-
effective approach during the preparation stage, making it a
more efficient choice for large-scale genomic studies. Moreover,
since these methods leverage fixed sample material, cells or
nuclei can be frozen and stored before running the protocol, al-
lowing for asynchronous sample collection before running and
reduction in potential confounding batch effects. Often, these
methods eliminate the requirement for specialized instrumenta-
tion like microfluidics or micropatterned plates, thus enhancing
the accessibility of the protocol compared to many others.

Understanding the specific contexts in which these methods
are most effective is essential. For instance, there is a significant
amount of cell loss during the barcoding stage due to the transfer
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of cells across multiple 96-well plates, making it unsuitable for
very small samples with limited cell availability. However, this
can be overcome through sample multiplexing across many indi-
vidual samples where samples are limited, and in preliminary
exploratory cohort studies, combinatorial indexing methods
can be particularly advantageous. It is also important to
acknowledge the challenges in practical implementation. The
protocol involves multiple, key, manual steps in which precision
is crucial and errors can occur. These complexities can make the
procedure demanding and may require a level of expertise and
practice. While multiplexing 96 samples is a step change in multi-
plexing scales compared to droplet microfluidic platforms, it
comes with practical challenges at the bench. As development
continues on these methods, they will benefit greatly from ad-
vances in accessible laboratory automation, which could enable
further increases in the scale of single-cell data-generation ef-
forts going forward.

Miscellaneous methods

To extend the reach of single -ell technologies to users without
access to well-equipped genomic core facilities, there is a
need to simplify single-cell library preparation of laborious work-
flows (such as with combinatorial indexing) and to reduce up-
front instrument costs (such as with microfluidic approaches)
while maintaining a higher throughout of cells than plate-based
solutions. Thus, alternative instrument-free methods have been
developed by a number of academic groups and companies.
Fluent BioSciences’ PIPseq platform encapsulates single cells
and barcoded particles into water-in-oil droplets through a sim-
ple vortexing step. Their particle-templated emulsification gen-
erates uniformly sized droplets similar to microfluidic devices,
and droplet generation is compatible with a range of formats,
including microwell plates for high sample numbers or larger
conical tubes to sample up to millions of cells. Scipio Bioscience
developed their Asteria platform, which differs from other
methods in that the impenetrable separation between cells in
droplets and plate wells is replaced by a local confinement of in-
dividual cells together with barcoded beads in a reversible hy-
drogel. Cell lysis is performed after the hydrogel transitions
from a liquid to a gel state. While liberated RNA molecules might
diffuse at slow rates through gels, hybridization of RNAs to DNA
barcodes is much faster and enables clean single-cell transcrip-
tome capture. Scipio Bioscience’s approach has been adopted
by CS Genetics, which recently made public the upcoming
launch of their platform applying reversible gelation to capture
single cells on barcoded particles.

COMMERCIAL SPATIAL OMIC TECHNOLOGIES

If scRNA-seq allows disentangling cellular transcriptomic het-
erogeneity among individual cells within a sample, it lacks the
capability to elucidate the spatial context of these transcripts
or cells within the tissue. The positioning of cells and their inter-
actions within a specific tissue environment can influence their
gene expression patterns and, consequently, their roles in health
and disease.

Traditional tissue dissociation methods, used to prepare sam-
ples for scRNA-seq, often lead to the loss of spatial information
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and can perturb the native state of cells. Some cell types are diffi-
cult to extract efficiently, and dissociation can alter their gene
expression profiles, resulting in an incomplete or biased repre-
sentation of tissue heterogeneity.®° Some of these issues can
be somewhat negated using nuclei, but limitations around the
incomplete capture of the cellular transcriptomes underscore
the need for techniques that preserve the spatial context of cells
and their native interactions.“**' To address this gap, a range of
technologies, collectively termed “spatial omics,” have been
developed. As a characterized framework proposed by Williams
et al.,*? these technologies can be divided into two categories.
The first encompasses sequencing-based methods, which use
next-generation sequencing to identify barcodes encoded with
spatial information. The second type is imaging-based methods,
which use microscopy to directly visualize mRNA in situ. Alterna-
tively, spatial methods can also be divided into targeted and un-
targeted methods, depending on whether probes are used.

Despite the appeal of spatial approaches, their adoption is
often limited by the high upfront costs and ongoing reagent ex-
penses. Benchmarking studies have been instrumental in help-
ing scientists evaluate the advantages and disadvantages of
different technologies, providing guidance on selecting the
most suitable solutions for their specific needs,**™° but these
will need to be continuously updated to reflect the latest ad-
vancements and options available.

Sequencing-based methods

The first methodological approach that allowed spatial profiling of
the transcriptome was analyzing user-defined regions like cubes
(voxels) of tissue, individual tissue sections, areas selected
through laser capture microdissection or optical marking®’ using
microarrays, RNA-seq, or scRNA-seq. Examples of technologies
that used such an approach are voxelation,*® Tomo-seq,*® Geo-
seq,”® STRP-seq,”’ NICHE-seq,”” SPACECAT,*® and ZipSeq,**
and commercially available solutions include NanoString Technol-
ogies’ GeoMx Digital Spatial Profiler.>® In 2016, the advent of
Spatial Transcriptomics®®*—developed by a company with the
same namesake and subsequently acquired by 10x Geno-
mics—marked a significant milestone in the field of sequencing-
based spatial omics methods. Eventually becoming known as
the Visium platform, this technique utilized a spatially barcoded
array, which consisted of a microarray with probes of known se-
quences positioned at known locations, to capture the mRNA
from a permeabilized tissue section using its oligo(dT) probes.
Thus, the spatial resolution of capture is dependent on the capture
array, area of the capture spots, and the distance between these
capture spots. Since then, the quest for higher resolution and
improved performance has spurred the development of several
new protocols.

Slide-seq,”’ commercialized by Curio Bioscience under the
name Curio Seeker, introduced a novel method of capturing
mRNA on a surface covered with spatially barcoded beads, of-
fering enhanced resolution. Despite its advantages, the bead-
based technology can sometimes lead to reduced mRNA cap-
ture efficiency. This technology was subsequently adapted into
Slide-DNA-seq,”® enabling the capture of spatially resolved
DNA sequences from intact tissue sections; however, this tech-
nology has not yet been commercially offered.
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Another notable advancement from BGI Genomics is Stereo-
seq,”® which employs DNA nanoballs for transcript capture at ul-
tra-high resolution, allowing for higher-resolution spatial map-
ping. Finally, AtlasXomics has developed Deterministic Barcode
in Tissue sequencing (DBiT-seq), which offers unbiased profiling
of the transcriptome and epigenome at the cellular level,®*®"
thus initiating a spatial epigenomics market.

Open-source solutions are also becoming an emerging part of
the spatial technology landscape. For example, Open-ST°? pro-
vides a cost-efficient and scalable spatial transcriptomics plat-
form by retrofitting lllumina NovaSeq S4 flow cells—allowing
for the capture of transcripts at subcellular resolution—and
thus facilitates the 3D reconstruction of tissue using sequential
tissue sections. Given the high cost of spatial transcriptomics,
such cost-effective innovations offer viable, alternative, high-
cost spatial transcriptomic platforms.

Imaging-based methods

From the first report of detection of RNA molecules in tissues by
in situ hybridization using radioactive tritium in 1969, the field has
undergone significant advancements.®® Non-radioactive fluo-
rescent dyes and a highly multiplexed approach were developed
to measure transcripts with high detection efficiency and resolu-
tion of subcellular spatial localization called single-molecule fluo-
rescent in situ hybridization®® (smFISH). From this originating
method, a variety of improvements were posed largely to in-
crease flexibility and signal-to-noise ratio and to allow for higher
multiplexing capacity (i.e., detecting a greater number of diverse
transcripts). While the body of this review focuses on the detec-
tion of transcripts, many of these methods have corresponding
epitope-based methods for quantitative proteomics, illustrated
in Figure 2.

To enhance transcript detection with higher signal-to-noise ra-
tios, two principal strategies have emerged. The first strategy
mirrors the principles of immunohistochemistry, where the use
of secondary fluorescent probes amplifies an initial signal. The
approach is exemplified by the Bio-Techne RNAscope and
NanoString’s CosMX platform, which employs multiple probes
to target a single RNA molecule, thereby increasing signal
strength, followed by a non-enzymatic probe ampilification,
increasing the signal-to-noise ratio of transcript detection
events. NanoString’s introduction of CosMx Spatial Molecular
Imager represents another significant development in this field,
allowing for high multiplexing capacity via the use of UV-cleaved
fluorescent dyes. This feature allows for sequential labeling and
imaging and reversible labeling of RNA targets, thereby permit-
ting sequential imaging and analysis of various targets within
the same tissue sample.

In situ sequencing (ISS) methods represent a second strategy
in which the spatial locations of transcripts can be probed via the
use of barcoded padlock probes before enzymatic ligation and
rolling circle amplification (RCA) chemistry.®® A notable example
is the 10x Genomics Xenium platform.®® This method enzymat-
ically amplifies the circularized padlock probes before the gener-
ated rolling circle products can be fluorescently labeled through
successive rounds of hybridization. Both strategies—multi-
probe and multi-step hybridization—offer distinct advantages
in increasing the detectability of gene expression in spatial
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come multiplexing issues associated with smFISH while simulta-

neously preserving high detection sensitivity.°® MERFISH, which
was commercialized by Vizgen as the MERSCOPE platform, uti-
lizes combinatorial labeling and error robust barcoding; the latter
is especially beneficial, as it significantly reduces the risk of tran-
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Bioscience’s Molecular Cartography platform, which enables up
to 100 transcripts to be detected with subcellular resolution.

As we researched the aforementioned companies, several broad
conceptual themes have emerged. In the case of technologies
reliant on next-generation sequencing, there is often a distinction
in the process whereby cells are assigned a barcode: either cells
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and barcode are matched through optimizing some engineering
process to bring cells and barcodes into close proximity or
methods rely on the underlying disorder of the system to achieve
a unique cell-barcode assignment between cells and barcodes.
While this is not a strict distinction, it is instructive in that solu-
tions that “compartmentalize” cells and barcodes typically rest
on greater levels of sophisticated engineering. Imaging technol-
ogies can be subdivided based on the underlying probe system:
using either oligonucleotides or epitopes. In Figure 2, we show
how different commercial solutions fit into this schema. We
also highlight the compromise that imaging platforms face: one
must prioritize between signal detection and the ability to multi-
plex (i.e., detecting more diverse transcripts); see Tables S1 and
S2 for more details.

Computational pipelines

After sequencing a library generated from one of the next-
generation-sequencing-based single-cell or spatial omic tech-
nologies, one needs a mechanism to make inferences with re-
gards to the experimental data in question. Historically, this
process has been divided into preprocessing and down-
stream analysis. For each technology, a preferred preprocess-
ing method has often, but not always, been recommended by
the platform originators; however, downstream analysis is
typically custom, with a large open-source effort to create
and distribute new methods (usually written in R or Python)
for consumption by the broader scientific community. A few
platform-specific analysis and visualization tools with simple
user interfaces that do not require any coding knowledge
have also been developed.

Preprocessing of scRNA-seq data describes the computa-
tional process of estimating the number of distinct molecules
(potentially including a splicing status) arising from each gene
within each quantified cell from the read output generated by
the sequencer (FASTQ file). The resulting count matrix forms
the basis for all downstream analyses, and, thus, any biases
and errors in the preprocessing pipeline will affect the acquired
results. In addition, the considerable size of the raw sequencing
data and the size of the genome make the preprocessing
computationally intensive. This double challenge, achieving
high accuracy while keeping required computational efforts
manageable, has sparked the development of a variety of tools
and pipelines. Yet, overall, preprocessing can be broken down
into a sequence of steps. It starts with raw data quality control,
which allows the diagnosis of any problems with library prepara-
tion or sequencing. The most complex step is then the alignment
of the reads to a reference genome. This is then followed by
cell-barcode identification and correction and an estimation of
molecule counts through deduplication of unique molecular
identifiers.

Running these pipelines and adapting them to the specific re-
quirements of each single-cell technology is a considerable
effort that requires expert knowledge, motivating industry-
backed bioinformatic solutions, detailed in Table S3. These
can consist of either downloadable software packages or inte-
grated cloud solutions tailored for datasets that, depending on
sequencing depth and the number of cells sequenced, are too
large to be handled on personal computers.
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Because of the market dominance of 10x Genomics, the most
notable of such solutions are the Cell Ranger and Space Ranger
packages. It is a one-stop solution for all datasets obtained using
10x Genomics library preparation protocols. Under the hood,
Cell Ranger uses the Spliced Transcripts Alignment to a Refer-
ence (STAR) aligner,® a high-accuracy but relatively memory-
intensive alignment software. STAR is open-source software
and is used widely in both bulk and scRNA-seq analysis as a ver-
satile, powerful, and time-tested mapping solution. Over the last
few years, single-cell functionality has been added to (i.e., built
into) STAR in the form of the STARsolo suite.”” Besides
STARsolo, other options without industry sponsorship are avail-
able, including two main pseudoalignment- or quasi-mapping-
based platforms: kallisto/bustools’’ and salmon/alevin-fry.”?
Pseudoalignment can achieve significant increases in computa-
tional efficiency by avoiding a base-level alignment. Instead
kallisto assigns read-to-transcript mapping probabilities based
on hash lookups on a transcript k-mer Bruijn graph.”® These plat-
forms offer the benefit of flexibility, being able to accommodate a
wide range of library structures (i.e., any cell barcode and unique
molecular identifier [UMI] length and position in the reads), and
can resolve differential transcript usage. A comprehensive re-
view’* covers additional details about different aligners, as well
as the intricacies of the other pipeline steps.

With regards to downstream analysis, various computational
analysis pipelines exist to analyze count matrices generated
from the preprocessing pipelines and produce standard outputs
of interest, e.g., filtering of low-quality cells, dead cells, empty
droplets, cell doublets, cell type annotations, differential expres-
sion testing, etc. Two packages have emerged as class leaders
in their respective programming languages: Seurat’® (R) and
SCANPY’® (Python). The “recipes” one uses to obtain such out-
puts are relatively customizable, and best-practice pipelines’”
have been established. In contrast, pipelines to analyze pro-
cessed spatial genomics data are less standardized but are be-
ing built as extensions to existing packages, e.g., Squidpy,78
which is part of the scverse collection of packages. We direct
the interested reader to one of the many reviews of said pipe-
lines,”” which details the scope of possible inferences (outside
of the scope for this commentary).

For imaging-based spatial transcriptomics platforms, there
are additional challenges including image stitching, registration,
illumination correction, background subtraction, single-cell
segmentation, and basic cell phenotyping. Vendor-provided
platforms include Horizon (Lunaphore), MACS iQ View (Miltenyi),
and Multiplex Analysis Viewer (Akoya Biosciences). For more
complex analyses, researchers can explore open-source
tools”®%° or specialized third-party software providers. These
providers, like Enable Medicine, Visiopharm, Indica Labs,
Aspect Analytics, and ariadne.ai, offer more sophisticated func-
tionalities, typically tailored for highly multiplexed antibody-
based imaging.

Finally, given the inherently heterogeneous nature of spatial
data, handling such multiplexed data effectively will require
methods that better support data integration. Adopting open
and universal data frameworks, such as those proposed in
SpatialData,®” will be necessary to effectively manage the
wave of incoming public data generated from spatial omics.
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This will allow for seamless integration of sequencing data (both
spatial and non-spatial) with imaging-based spatial transcrip-
tomics methods, which offer significant complementary and ad-
ditive power in uncovering new biological insights. For example,
by combining single-cell and spatial technologies, researchers
have been able to profile gene expression in large formalin-fixed
paraffin-embedded human breast cancer samples,® enabling
exploration of molecular differences between distinct tumor
regions.

Single-cell epigenomics methods
Cellular identities are determined through the interplay between
various epigenetic layers that collectively regulate transcriptional
program. These layers include (1) DNA methylation, (2) chro-
matin accessibility, (3) histone modification and transcription
factor binding, and (4) 3D genome organization. Current com-
mercial solutions enable the study of (1) and (2) at single-cell
resolution: 10x Genomics and Bio-Rad have scATAC-seq offer-
ings, and Scale Biosciences has recently launched a single-cell
DNA methylation kit. However, no current commercial kit en-
ables the measurement of histone mark and transcription factor
(TF) binding or 3D genome organization at single-cell resolution.
While DNA methylation and chromatin accessibility provide
important information about genome regulatory states, these
features do not fully inform on cellular fates. First of all, acces-
sible chromatin regions (identified with ATAC-seq) can present
different chromatin states characterized by specific histone
marks that can lead to completely different regulatory out-
comes.®*®3 For instance both active and bivalent chromatin
states are accessible but may have opposite effects on gene
expression.®® In addition, motif analysis of accessible chromatin
regions are not enough to identify the TFs driving cellular identi-
ties for two main reasons: (1) ATAC-seq will detect TF footprints
of TFs that are not expressed, and (2) TFs frequently access the
genome via non-canonical motifs,®> which are missing in the TF
motif databases used in ATAC-seq analysis. Moreover, chro-
matin factors (CFs), shown as key drivers of cellular states and
diseases,®®®” bind DNA in a motif-agnostic manner, and their
functions cannot be deconvoluted from ATAC-seq studies.
Therefore, direct profiling of TFs and CFs is key to identifying
the drivers of cellular states and diseases. Finally, specific 3D
genome topologies sustain cell-type-specific genome regulatory
circuits, and detailed 3D genome maps have enabled non-cod-
ing disease-associated DNA variants with their target genes.®®
A precise dissection of epigenetic states with single-cell resolu-
tion is of particular interest for diseases with altered differentiation
patterns caused by corrupted epigenetic regulation, with exam-
ples including many cancers (especially blood malignancies)
and neurodevelopmental disease.?>° In recent years, several ac-
ademic labs have developed technologies that enable profiling
histone mark and TF binding at single-cell resolution.'®%"~%%
Many of these methods require highly specialized equipment
and training; however, some of these methods can be run by
adapting commercial solutions and, therefore, easily implemented
in standard laboratories. For instance, the Henikoff and Castelo-
Branco labs have leveraged the 10x Genomics scATAC-seq
kits to develop single-cell CUT&Tag methods that allow histone
mark profiling at single-cell resolution.”* These approaches
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were further improved in late 2022, with the development of sin-
gle-cell multi-modal chromatin profiling methods (nanoCT and
NTT-seq'®) that enable the simultaneous profiling of three histone
marks per single cell. Importantly, these single-cell multi-modal
chromatin maps enable one to study the connections between
complex chromatin states and corrupted cellular states across
diverse diseases, potentially enabling the development of
novel epigenetic therapies. Of note, NTT-seq has been released
as a starter kit by the Center for Integrated Cellular Analysis
(https://www.multimodalintegration.org/tech). Finally, single-cell
3D genome profiling methods®®°® (scMicro-C and scNanoHi-C)
still require specialized training and equipment, but we expect
that key companies in the field, Cantata Bio and Arima Genomics,
will soon develop commercial versions of these protocols.

Total RNA-seq

Most high-throughput (10x, combinatorial indexing) and low-
throughput (SMART-seq,””"%° Cel-seq2'?) single-cell methods
aim to resolve gene expression values across single-cell popula-
tions. However, such methods rely mostly on poly(A) capture to
uniquely extract mMRNA molecules from the pool of RNA mole-
cules in the cell (mostly non-informative ribosomal RNAs). How-
ever, this reliance on poly(A) enrichment precludes the detection
of some non-coding RNAs (some long non-coding RNAs, piRNA,
miRNA, small nuclear RNA, small nucleolar RNA, etc.), which
crucially report on gene regulation as well as transcription dy-
namics. Moreover, since most single-cell methods use short-
read next-generation sequencing to determine gene expression,
they typically tag only the 3’ or 5’ end of the mRNA molecule. This
approach inherently limits the analytical scope, focusing on
depth at the expense of breadth.'®" While it enables analysis of
specific gene expression levels, it precludes comprehensive
evaluation of alternative promoter usage and splicing analyses.
These latter aspects are vital for understanding cell-type-spe-
cific gene function.'%>'%° The depth of information gained from
3’ or 5’ end tagging is valuable, yet the breadth lost in overlooking
alternative splicing and promoter usage is a significant trade-off
in these single-cell methodologies. '

To remediate this, a host of new emerging methods have
focused on recovering larger parts of the transcriptome from sin-
gle cells. First, low-throughput SMART-seq methods®~° rely on
full transcript capture using tagmentation, which adds splicing
information to gene expression values. However, the inability to
barcode all tagmented fragments precludes high-throughput im-
plementation, and the methods do not enable the detection of
non-polyadenylated non-coding RNA species. Other emerging
methods, termed total RNA-seq methods, depict a more accurate
picture of a cell’'s transcriptome and generally rely on total
RNA tagging achieved either using via enzymatic tailing (VASA-
seq,'* SMART-seg-total,'” and MATQ-seq'%®) or random hex-
amer hybridization (RAMDA-seq'”’). Because ribosomal RNAs
are considered non-informative, they are later depleted using
sequence-specific depletion—via duplex degradation using com-
plementary probes or using Cas9.'%

Total RNA-seq methods have, for example, been used to
determine the alternative splicing landscape during mammalian
organogenesis at single-cell resolution (VASA-seq'¥) or to
observe transcriptome fluctuations in subcellular compartments
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(single synapses using MATQ-Drop'®). Further, total RNA-seq
methods have been deployed to the single-cell Visium frame-
work by adding a polyadenylation step to tag non-polyadeny-
lated species, shining light on the localized non-coding RNA
distribution during skeletal muscle regeneration (STRS'®).
However, it is important to note that these high-throughput total
RNA-seq methods predominantly rely on in-house protocols.
This reliance can act as a barrier to widespread adoption in the
broader scientific community, as compared to more established
methods. Additionally, the customization of these protocols
often leads to variability in data quality and reproducibility across
different laboratories. Moreover, the complexity and resource-
intensive nature of these in-house techniques may limit their
use to well-funded or specialized research groups, potentially
hindering the democratization of this approach in diverse
research settings.

Intracellular protein detection
The integration of cell-surface-protein measurements with
scRNA-seq through methods such as CITE-seq''° have greatly
enhanced the understanding of cellular protein markers and
functional proteins on the cell surface, providing a more compre-
hensive view of cell state. However, initial protein measurements
based on live-cell input were limited to cell-surface proteins and
unable to measure intracellular protein levels in tandem with the
transcriptome, which provides an additional critical layer of cell-
state information that underlies cell function. Detecting diverse
classes of intracellular proteins, such as TFs, protein post-trans-
lational modifications (PTMs) that compose cell-signaling net-
works, cell-cycle regulators, and other functional proteins, is
crucial to interpret cell state and function. Following the CITE-
seq (cell-surface Protein and RNA) and ECCITE-seq' "' (cell-sur-
face protein, RNA and CRISPR guides) approaches, a host
of technologies have been developed to probe intracellular pro-
tein abundance using intracellular-protein-targeting antibodies
tagged with barcoded oligonucleotides (-antibody-derived
tags [ADTs]). Two key protocol innovations in the development
of these technologies have been the optimization of appropriate
fixation and permeabilization with respective downstream
scRNA-seq/scATAC-seq technology protocols and the develop-
ment of effective blocking steps to reduce nonspecific signal us-
ing single-stranded nucleic acids, negatively charged polymers,
or bacterial single-stranded DNA-binding proteins to block intra-
cellular features of the cell that might nonspecifically bind to the
ADTs. Droplet-based technologies such as ASAP-seq,''? based
on 10x ATAC-seq, were extended to intracellular proteins based
on formaldehyde fixation and permeabilization with NP-40. Simi-
larly, inCITE-seq''® extended 10x scRNA-seq to detect TFs
leveraging FA-NT (formaldehyde, NP-40, Tween 20, and glacial
acetic acid) simultaneous fixation and permeabilization. In paral-
lel, plate-based approaches, such as RAID, " further extended
to a droplet-based system with QuRIE-seq''® were also devel-
oped to identify phospho-protein PTMs to measure intracellular
cell signaling using a reversible fixation-based DSP/SPDP and
Triton X-100.

Recent advances using droplet-based approaches have
focused on simultaneously detecting intracellular protein,
ATAC-seq, and RNA based on the 10x Multiome protocol.
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NEAT-seq''® deployed an ADT panel targeting TFs and devel-
oped an enhanced blocking process using the E. coli single-
stranded DNA-binding protein ECoSSB to bind single-stranded
DNA ADTs, prevent nonspecific binding, and enhance signal to
noise. Phospho-seq''” extended ASAP-seq using EcoSSB
blocking, deploying an ADT panel targeting TFs and protein
PTM phosphorylation sites in combination with scATAC-seq,
integrating RNA measurements computationally via bridge inte-
gration. 10x Genomics has recently adapted several features of
these protocols into the probe-based 10x Genomics Flex assay,
based on fixed cell input that offers protocols to integrate intra-
cellular protein measurements with ADTSs.

Other foundational scRNA-seq technologies, such as combi-
natorial indexing approaches like SPLiT-seq,*® depend on fixed
and permeabilized cells and are well suited to be integrated with
ADT-based intracellular protein detection. SIGNAL-seq''® has
extended SPLiT-seq to measure intracellular proteins and pro-
tein PTMs to map intracellular signaling with transcriptome,
leveraging the intrinsic strengths of combinatorial indexing,
such as increased scale across both cell number and conditions
per assay in an instrument-independent and cost-effective
manner.

Bacterial whole-genome or transcriptome sequencing

Eukaryotic cells are by far the most highly sequenced organisms
due to their direct translational implications toward improving
human health. However, prokaryotes and, more specifically,
bacteria are emerging as new targets for single-cell sequencing
campaigns, mainly whole-genome or transcriptome sequencing
(as well as epigenetic). Primarily, genome sequencing efforts are
designed for surveillance purposes, where a strain can be
matched to genetic background such as antibiotic resistance
cassettes, whereas transcriptome endeavors aim to elucidate
phenotypic responses to drug perturbations. Recent advances
have demonstrated that highly multiplexed spatial transcriptom-
ics in bacteria is possible,''® highlighting the rapid progress in
this area. Three main avenues for high-throughput sequencing
have been derived: (1) droplet-based assays (SIC-seq,'?°
Microbe-seq'?"), (2) combinatorial indexing methods (PETRI-
seq,'? microSPLiT-seq'?®), or (3) a combination of droplet and
combinatorial indexing (BacDrop'?%). Similar to total RNA-seq
methods, barcoding strategies have been devised to circumvent
reliance on poly(A) barcoding methodologies, mainly via tag-
mentation and barcoding in droplets, barcoded random hex-
amer capture, or RNA tailing. Though still in its early stages, bac-
terial single-cell sequencing is a rapidly emerging field. It
promises to yield novel genotypic and phenotypic insights,
significantly enhancing our understanding of host-pathogen in-
teractions. This advancement not only holds potential in medical
research but also has broad implications for agricultural science.

Long-read sequencing

The human genome consists of approximately 20,000 protein-
coding genes, which speculatively encode more than 100,000
distinct proteins.'*® With the inclusion of T cell receptor, B cell re-
ceptor, and antibody diversity, the tally of unique proteins
potentially extends into the millions. The diversity of the human
proteome exceeds the genome, in part because of alternative
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splicing and recombination events, which can create many more
combinations of substrates from the same gene or combinations
of gene segments, respectively.

Though full-length, single-cell sequencing methods like
SMART-seq2/3% enable transcript-level analysis, their reliance
on short-read data demands convoluted computational ana-
lyses to derive meaningful information.’®® This complexity is
partly due to the intricate gene models associated with certain
genes. Currently, droplet-based single-cell sequencing tech-
nigues predominantly capture either the 3’ or 5’ end of a tran-
script and employ short-read sequencing methods. This means
that we are only capturing a fraction of the cellular information in
which to infer the phenotype of a cell. This limitation poses a sig-
nificant challenge in detecting gene rearrangements and alterna-
tive splicing, leaving a significant chunk of cellular information
untapped and consequently impeding the accurate inference
of cellular phenotype.

Long-read sequencing platforms, such as PacBio and Oxford
Nanopore Technologies (ONT), provide end-to-end sequencing
of mRNA. This enables a more exhaustive exploration of com-
plete isoforms, RNA splicing events, single-nucleotide polymor-
phisms, structural variation, imprinting, and measurement of
chimeric transcripts at the single-cell level.'?” Despite these ca-
pabilities, the widespread adoption of long-read technologies
faces several technical obstacles. Key challenges include low-
throughput and sequencing inaccuracies that affect cell assign-
ment and PCR artifact removal. Moreover, the high cost and
complexity of these technologies, along with substantial data
analysis requirements, further impede their broad utilization.
Long-read sequencing adoption is hindered by the need for
staff upskilling and the implementation of methods to manage
the voluminous and computationally intensive data. Compared
to short-read methods, these requirements make long-read
sequencing less accessible for many laboratories. Despite these
challenges, long-read sequencing is invaluable for unraveling
complex genomic regions, identifying novel isoforms, and study-
ing genetic diseases with intricate mutation patterns. In cases
where detailed genomic information is crucial, the depth and ac-
curacy of long-read sequencing make it an indispensable tool,
outweighing its limitations.

Historically, PacBio’s sequencing throughput has lagged
behind the ONT platform.’® For single-cell applications, this
limited throughput allows for only a small number of cells per
PacBio flow cell, thus obstructing comprehensive transcriptomic
profiling at the single-cell level. The advent of the MAS-Iso-seq
protocol,'*® a technique that concatenates cDNAs into single
molecules, has made it possible to sequence thousands of sin-
gle cells using PacBio sequencing, reaching a level comparable
to that achievable with ONT sequencing. This advancement al-
lows for an increased number of cells to be sequenced per study
and an enhanced read depth per cell, facilitating superior isoform
expression profiling.

When contrasting ONT and PacBio sequencing accuracy,
PacBio has traditionally been recognized for its higher accuracy.
Nonetheless, both have higher sequencing error rates than the
lllumina platform."*° However, if a user requires qualitative sin-
gle-cell data, sequencing using either long-read platform alone
is sufficient. However, because of the higher error rates, applying
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long-read sequencing to single cells remains a challenge for ac-
curate quantification. This is not just related to the sequencing
errors but also to PCR errors, which are higher for long-read plat-
forms because of the higher library input requirements.’®" Initial
strategies to tackle these issues for long-read sequencing
involved merging the data from libraries sequenced simulta-
neously using lllumina sequencing. %9133 The higher-accu-
racy lllumina sequencing data serve as a guide to correct the
barcode and UMI regions of the long-read sequencing data.
Unfortunately, this leads to only 40%-60% of reads being
effectively recovered, and the necessity for dual sequencing
platforms rendered this approach less desirable.'*® Alternative
methods, such as computational strategies'®* have been
explored for error correction. However, computational solutions
alone do not sufficiently address the high PCR errors'®" associ-
ated with long-read technologies. Nevertheless, errors can be
effectively corrected using UMlIs built with homoblocks of nucle-
otides.'®" This provides an error-correcting solution that enables
absolute counting of sequenced molecules, eliminating the need
for dual sequencing. However, no commercial single-cell plat-
form currently supports effective error correction for long-read
technologies, making dual sequencing the commonly used
approach for accurate quantification.

Despite the increased adoption of long-read technologies
for single-cell applications, broader utilization of these tech-
nologies in single-cell biology faces significant challenges.
Notably, issues with accuracy and usability persist. Addition-
ally, a substantial computational hurdle exists due to the
larger file sizes associated with long-read sequencing data
and the scarcity of methods tailored to their unique character-
istics. Therefore, for wider adoption of this technology, future
efforts must focus on developing specialized laboratory
methods, protocols, and computational tools specifically de-
signed to handle, process, and maximize the potential of
long-read sequencing data.

Metabolomics sequencing

Metabolomics, as the youngest of the omics sciences, plays a
crucial role by offering a snapshot of the cell’s biochemical activ-
ities, thereby serving as a readout closest to the phenotype. The
metabolome, reflecting the dynamic interactions between the
cell and its environment, varies significantly even among genet-
ically identical cells.'®® Factors such as diet and disease states,
like cancer, can alter a cell’s metabolome,'*® influencing pro-
cesses such as immune evasion, angiogenesis, and metastasis
in the tumor microenvironment.

Single-cell metabolomics has become a powerful tool in this
landscape, particularly for identifying subpopulations within
complex tissues such as tumors. However, single-cell metabolo-
mics faces several challenges. The rapid dynamism of the me-
tabolome can complicate sample collection, as metabolite levels
can change swiftly,"®” potentially altering the metabolome’s
native state. The complexity of metabolites, which vastly out-
numbers that of genomic or transcriptome elements, poses chal-
lenges in their accurate identification and quantification. The
METASPACE platform exemplifies the advances in metabolite
identification through its algorithmic approach, facilitating the
interpretation of imaging mass spectrometry (MS) data.’*® This
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tool enables researchers to process complex spectral data effi-
ciently, accelerating the generation of meaningful molecular
insights.

Finally, spatial metabolomics adds another dimension by
mapping metabolite distributions across tissues, providing a
means to visualize and quantify metabolic activity in situ. This
approach integrates metabolomic data with the spatial context
of the cell and its microenvironment, enabling the elucidation
of metabolic networks across health and disease.’®*

Protein sequencing
A leap in protein sequencing would usher in new frontiers in un-
derstanding complex biology, much like how RNA-seq revolu-
tionized our understanding of gene expression. While DNA
sequencing has made it possible to map generic variations,
these variations often do not correlate with phenotypic observ-
able traits. Given that only a portion of mMRNA is translated into
protein, and considering the significant variations in RNA half-
lives, protein sequencing could provide a more accurate insight
into a cell’s current phenotypic state. Conventional MS-based
proteomics, which has been the cornerstone for protein mea-
surement, falls short in providing a high resolution of protein
analysis. Analysis of proteins is also complicated because the
20,000 genes encode many transcripts, which can be spliced
into a diversity of proteoforms that may include millions of vari-
ants as a result of further PTMs. Characterizing these proteo-
forms is crucial for a deeper understanding of biological pro-
cesses and disease mechanisms, especially in contexts where
gene expression does not fully explain phenotypic outcomes.
For example, in cancer biology, understanding the proteomic
changes can provide insights into tumor progression and treat-
ment responses that genomic data alone may not reveal. Simi-
larly, in neurodegenerative diseases, the study of specific protein
aggregates is essential for understanding disease pathology.

MS remains a staple of protein quantification, and several
methods have been developed toward supporting single-cell ap-
plications. Recent advancements in the miniaturization of sam-
ple processing workflows, combined with a multiplexed strat-
egy, have made single-cell proteomics possible by improving
sample preparation efficiency and allowing unique tagging of
proteins from individual cells, resulting in the ability to quantify
more than 1,000 proteins from a single-cell. However, other
technologies such as DNA-facilitated protein sequencing,
massive parallel Edman degradation, protein fingerprinting using
FRET, and biological and solid-state nanopores have shown
great promise as potential solutions for supporting single-cell
applications.'“°

Protein sequencing, while still in its infancy, has made strides
thanks to innovative technology solutions and a handful of
commercial platforms that focus on single-molecule protein
sequencing. Quantum-SI is one such provider, employing their
time domain sequencing method.'*! This approach involves im-
mobilizing peptides onto semiconductor chips, which are then
recognized and interacted with by fluorescently labeled N-termi-
nal amino acid (NAA) recognizers and aminopeptidases. Once a
recognizer binds, fluorescence is measured and the amino acid
is cleaved, preparing the system for the next round of binding
and measurement. A similar technique involving fluoro-
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sequencing is provided by Erisyon.'“® Their process com-
mences with proteosome digestion, then several of the amino
acid types on these peptides are then selectively and covalently
labeled with fluorophores that uniquely identify each peptide.
The peptides are then immobilized on a glass slide and fluores-
cence is measured. Nautilus Biotechnology has also pioneered a
novel fluoro-sequencing approach, which utilizes fluorescent af-
finity probes that bind specific protein motifs. A cyclic process of
applying and then removing these probes generates a unique
“fingerprint” in which machine-learning analysis can convert
into protein identities and quantification. Additionally, Pixelgen
Technologies has commercialized a method called Molecular
Pixelation (MPX),'**> an optics-free, DNA-sequence-based
approach for spatial proteomics. MPX utilizes antibody-oligonu-
cleotide conjugates (AOCs) and DNA-based molecular pixels to
map protein distributions at the single-cell level. This innovative
technique allows for the study of protein spatial arrangements
without the limitations of traditional fluorescence microscopy,
enabling more detailed insights into cellular processes.

Several publications have demonstrated the feasibility of con-
ducting single-cell proteomics using MS approaches.'** Beyond
the challenges in throughput and sensitivity, there is also the
issue of interpretability and the depth of biological information
that can be derived from these studies. The complexity of data
obtained from single-cell MS-based proteomics is substantial,
often presenting challenges in data processing and analysis.
This complexity can hinder the ability to draw clear and action-
able biological insights. Moreover, the depth of biological infor-
mation is frequently limited by the inability of current MS tech-
niques to comprehensively detect and quantify the full range of
proteins, particularly low-abundance and transient proteins,
within a single cell. Therefore, while single-cell MS-based prote-
omics is a promising field, there is a need for advancements in
technology and analytical methods to improve not only the
throughput and sensitivity but also the interpretability and bio-
logical information content of the data obtained.

Single-molecule sequencing technology, with its lower input
demands, offers the potential for delivering higher-throughput
and enhanced peptide resolution at the single-cell level. Never-
theless, the practical adaptation of these techniques to single-
cell approaches in their current form presents a considerable
challenge. In parallel, approaches are being developed, such
as the use of DNA-tagged proteins sequenced through nano-
pores.'#*14® These emerging methods represent a promising di-
rection in the field, potentially overcoming some of the limitations
of current single-cell proteomic techniques.

CLOSING REMARKS

Two macro trends are likely to define genomic technology devel-
opment in the next decade: a steady increase in US healthcare
costs per capita and the drastic decrease in the cost of
sequencing.'“® Across every therapeutic area, we find that
broadly defined disease-associated phenotypes are likely multi-
ple actionable endotypes that should be treated through a preci-
sion medicine lens. This evolving future is being shaped by com-
panies that are currently commercializing single-cell and spatial
omic technologies, either in a research setting or as a diagnostic.
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The integration of these technologies, typically using machine
learning,'*” is crucial in revolutionizing the drug discovery and
development process, enabling a more targeted and efficient
approach. Furthermore, initiatives like scTrends are pivotal in
enabling us to understand how the drug development landscape
is adapting to these changes. They offer valuable perspectives
on which technologies and business models are likely to suc-
ceed in the coming years. However, the transformational poten-
tial of genomic technologies in shaping healthcare and drug
development is not yet fully conveyed or understood due to
the constant state of flux. There is therefore a need for a clearer
articulation of how these trends wilel impact the future of health-
care, the viability of various technologies, and effective business
strategies in this rapidly evolving field.
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