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Opportunities in single-cell biology

Abstract

Recent advances in single-cell and spatial omics technologies are transforming plant research
by enabling cell-resolved analyses of gene expression, proteomics, chromatin organization,
and metabolism at the level of individual cells and at spatial resolution. These approaches
have revealed extensive cellular heterogeneity, rare and transient cell states, and previously
unrecognized developmental and physiological programs. However, they also introduce
conceptual, technical, and computational challenges related to data quality and integration,
and biological interpretation. In this review, we summarize the emerging opportunities and
key bottlenecks in plant single-cell and spatial biology. We discuss how embedding single-cell
data within evolutionary developmental frameworks can accelerate the discovery of
functionally relevant genes, and how spatial transcriptomics may enable comparative study
designs, the study of cell-to-cell communication, and multi-organism spatial analyses. We also
explore how integrating multiple datatypes and gene regulatory network inference can move
the field from descriptive atlases toward mechanistic insights. Finally, we highlight the
importance of visualization strategies across spatial, temporal, environmental, and
evolutionary scales. Overall, we argue that careful experimental design, robust data
integration, and a clear understanding of cell identity are essential to obtain the full potential
of plant single-cell and spatial omics in basic research and crop improvement.

Introduction
(Written by Lieven De Veylder)

The ability to investigate the behavior of individual cells, enabled by continuous advances in
single-cell technologies and their introduction in the plant field, represents a transformative
shift in plant research. These technologies have facilitated a transition from traditional bulk
analyses — which obscure cellular heterogeneity by averaging signals across populations —
to high-resolution, cell-resolved profiling. This shift has fundamentally altered biological
inquiry by enabling a granular, systems-level understanding of cellular states and dynamics.
Single-cell technologies have helped to refine the view that morphologically identical cells
have drastically different lineage trajectories and functions. Moreover, they enabled the
detection of rare or previously unrecognized cell populations that were hidden within the bulk
data and provided unprecedented resolution for reconstructing developmental pathways and
cell-fate specification processes.

Beyond their substantial impact, the fact that single-cell and spatial omics technologies
introduce technical challenges that must be critically acknowledged. These include technical
noise and computational complexity that may lead to erroneous conclusions if insufficiently
recognized. Minute amounts of starting material may require amplification, which can
introduce technical noise magnifying small, non-biological differences. Additional background
signals may arise during cell isolation, library preparation, or other processing steps, further
complicating downstream analyses. Another challenge involves integrating multiple single-cell
datasets, which is even more challenging when different molecular identities are involved, as
well as the visual representation of the data. In this review, experts in a variety of single-cell
methodologies outline the current challenges and emerging opportunities in this field. It is not
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the aim to provide a complete technical overview of all currently available platforms, nor to
conduct a comprehensive literature survey. Instead, the focus is on the major biological
opportunities afforded by single-cell and spatial approaches in plants, and on the practical and
conceptual advances that will be required to motivate a broader adoption of these approaches
to address key biological questions. We simultaneously aim to provide guidance on
methodological considerations, technical limitations, and critical points of attention necessary
for rigorous interpretation.

Integrating single-cell transcriptomics within evolutionary developmental (evo-devo)
frameworks

(Written by Maite Saura-Sanchez and Bert De Rybel)

The first studies to use single-cell RNA-sequencing (scRNA-seq) in Arabidopsis (Arabidopsis
thaliana) marked the beginning of a new era. One of the main promises of this technology is
its ability to reveal the regulatory mechanisms underlying cell-type-specific development,
signaling, and responses to the environment. In agriculture, this knowledge is crucial for fine-
tuning elite properties in crops, such as engineering C4 photosynthesis in C3 plants (Swift et
al., 2024). However, several years into using this technology, it is fair to say that we are still far
from accomplishing these ambitious goals. Indeed, of the last fifty publications on the topic of
single-cell/single-nucleus RNA-seq in plants that appeared in PubMed, twenty were reviews
or methods articles. Most of the other studies generated datasets, but only a few proceeded
to engineer plants towards a trait of interest using the newly discovered genes. Even in these
cases, experimental validation was mostly restricted to Arabidopsis, either because the
dataset originated from this species or because it was translated from a species that is less
amenable to transformation. Although tissue-specific information is embedded in single-
cell/single-nucleus RNA-seq data, constitutive promoters were used to drive gene expression
or Cas9-dependent mutagenesis. Given the importance of spatiotemporal gene control and
given that the molecular tools for engineering cell-type specificity in Arabidopsis are well
established (Schiirholz et al., 2018; Decaestecker et al., 2019), this is a clear opportunity for
future routines in downstream functional validation. While the studies currently available
undoubtedly provide highly valuable insights and serve as important resources for the
community, it is also clear that despite succeeding in expanding single-cell technologies to a
broad spectrum of species, tissues, and conditions, we are still struggling to obtain meaningful
experimentally validated knowledge at cell-type resolution. Put simply, we are not yet making
the most of the high-resolution, spatiotemporal information provided by single-cell
technologies.

One of the main hurdles is the sheer amount of time currently required for the meticulous
validation of clusters representing subpopulations of cells, the identification of novel gene
candidates, and the generation and testing of a battery of transgenic plants to demonstrate
the spatial and temporal function of a gene network. One way to resolve this issue is to
accelerate gene discovery strategies. Alongside technological advances in spatial
transcriptomics, there is great merit in adopting an evolutionary perspective to distinguish
between candidate genes that are genuinely relevant and those that show a mere anecdotal
correlation between expression and cell type. As such, there is a clear need to integrate single-
cell transcriptomics data within established evolutionary developmental (evo-devo)
frameworks (Figure 1) (Babonis, 2024; Sebé-Pedros et al., 2025).
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The first task in this approach involves defining a trait within the context of the different cell
types identified in single-cell data. These traits can be specific functions within a cell type, such
as the production of pigments in the conical cells petals (Cavallini-Speisser et al., 2021), or they
can refer to the presence of a specific cell type that has evolved and maintained its form and
function in extant plants. Examples include the presence of xylem and phloem conductive
tissues in vascular plants (Xue et al., 2025). However, the scenario can be more intricate,
because homologous cell types can be intuitively assigned by position within an organ, yet
have different functions. For example, the pericycle and endodermis of monocots and dicots
are arranged similarly, but differ in their ability to develop lateral roots (Chen et al., 2018). A
contrasting example is the comparison between the cortex cells in angiosperm roots and the
thallus cells in liverworts. These might seem very different, but both cell types can engage in
arbuscular mycorrhiza symbiosis in some species (Gomez et al., 2009; Vernié et al., 2025). As
this trait is known to have evolved only once (Brundrett and Tedersoo, 2018), the two cell types
may therefore share a common origin.

Once the trait is defined, it needs to be established whether gene expression correlates with
the absence or presence of that trait. When the trait is a cell type, the long-standing discussion
about what defines a cell type comes into play (Zeng, 2022; Rusnak et al., 2024). The specific
expression of genes in a well-defined cell type, known as marker genes, is routinely used to
annotate and validate clusters. However, these markers may not define the identity of a cell
type throughout the entire life cycle. This becomes even more challenging when transferring
known markers to other species using gene orthology. Furthermore, even if a gene is
specifically expressed in a cell type during development or in response to a specific signal, this
does not necessarily mean that it functions there. In fact, the opposite is true for genes that
are more broadly expressed but get integrated into highly specific networks within certain
tissues. Genes can also be expressed at very low levels, but the proteins they encode can be
highly active, as is the case for many transcriptional regulators. Due to these clear limitations
of individual marker genes, gene regulatory networks (GRNs) and co-expression networks are
better suited to describe a trait of interest, regardless of whether the trait is a cell type or a
cellular function (Tripathi and Wilkins, 2021; Vandepoele et al., 2024; Parker and Pennell,
2025; Maizels and Briscoe, 2026).

To utilize the evolutionary information captured in the presence or absence of the trait under
study across the tree of life, a comparison between species is required. There are roughly two
ways in which this can be achieved. The first is to assign the genes to the trait within a species,
before comparing them across species by translating these genes into the same common
feature space. Initially, cross-species experiments typically only considered genes with one-to-
one orthology (Zhang et al.,, 2021b). However, this has the disadvantage that larger
evolutionary distances increase the chances of gene duplication events, thus reducing the
number of one-to-one orthologs. Therefore, the field quickly embraced strategies that
accounted for many-to-many relationships, such as translating the genes at the level of
orthogroups (Chau et al., 2025; Ke et al., 2025) or refining the equivalency between genes
using co-expression data (Passalacqua and Gillis, 2024). It is also possible to abstract the gene
space into terms related to functions that are shared by all organisms (Ding et al., 2019). The
second strategy for comparison between species involves integrating the datasets to align the
cells while extracting the most important features that drive these alignments. SAMap uses
protein similarity and gene expression correlation within the datasets to create a joint feature
space (Tarashansky et al., 2021). A key limitation of this approach is that the alignment is based
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on the gene-gene graph built by a Basic Local Alignment Search Tool (BLAST). This results in
species-specific genes being excluded from the cross-species mapping. The deep learning
method SATURN (species alignment through unification of RNA and proteins) solves this
problem by decoding the genes as universal protein embeddings using language models rather
than similarity-based orthology (Rosen et al., 2024). However, downstream analyses are based
on so-called macrogenes, the merger of functionally related genes as assessed by the
algorithm, which can complicate the interpretation. In addition to the already challenging task
of cross-species comparisons, the analysis is susceptible to biases that could mislead the
interpretation of the results. For example, the similarity between cell types from different
species assumes that the expression of orthologous genes is more similar between species.
This has recently been shown to hold true for genes that are either highly specifically
expressed within a cell type or ubiquitously expressed across tissues, but not for those with
an intermediate specificity (Song et al., 2025). In summary, a more detailed benchmarking of
the assumptions that drive dataset comparisons will enhance the biological interpretation of
the transcriptional similarity profiles at the single-cell level.

Cross-species single-cell experiments also come with additional inherent problems. One issue
that arises during the sampling of species is the presence of an outgroup, a species that does
not exhibit the studied trait. In some cases this is straightforward, for example a study of
trichome development in epidermal cells could include species lacking trichomes (Han et al.,
2022). However, when a cell type or a complete tissue is absent from other species, it becomes
challenging to determine what should be compared at the single-cell level. In addition, the
number of species, tissues, and developmental stages investigated in an scRNA-seq
experiment is limited, not only by the cost, but also by the maximum number of cells or nuclei
that can be profiled and sequenced per run. These limitations further complicate the process
of performing comparative transcriptomics (Roux et al., 2015).

To cope with these and other challenges, it would be helpful to put cross-species comparisons
of scRNA-seq data in a larger context by integrating them with phylogenomics data (Figure 1).
Indeed, there are now hundreds of plant genomes available, which can be used in many ways
to support single-cell analyses. For example, by classifying gene families into phylogenetic
ranks (also called phylostrata) that define a specific period of appearance (Domazet-LoSo and
Tautz, 2010), the age of the transcriptome can be projected in individual cell types (Ullrich and
Glytnasi, 2023). This provides insight into the evolutionary forces that drive the origin of
different tissues and enables the identification of common evolutionary patterns between
species (Wu et al., 2025). Additionally, considering synteny information between species can
be informative to assess the possible common origin of a trait and the linked gene expression.
For example, when several paralogs are expressed within a species in association with a trait
and a unique ortholog in another species, examining the genomic context can help to
determine which is more likely to be the ancestral anchor (Tang et al., 2008; Walden and
Schranz, 2023). Phylogenomics information can also help to distinguish whether genes are
implicated in a trait due to genomic innovation, or due to the rewiring of expression towards
a specific cell type (Figure 1). Cell type diversification is often associated with the recruitment
of existing genes into GRNs (Arendt et al., 2016; Johnson, 2017; Baumgart et al., 2025).
Recently, a new algorithm has facilitated the discovery of conserved cis-regulatory sequences
associated with plant development (Amundson et al., 2026). Combining these approaches
with evolutionary meaningful single-cell RNA-seq data will enhance our understanding of the
regulatory elements underlying the complex spatiotemporal regulation in plants.
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In summary, incorporating single-cell RNA-seq into evo-devo frameworks is challenging.
Indeed, the already ambitious fields of phylogenomics and comparative transcriptomics are
made more complex both at the conceptual and methodological level by the addition of single-
cell data. Despite these challenges, adopting an evolutionary perspective in single-cell
transcriptomics offers a promising approach to resolve intricate paradigms in the field and
guide meaningful gene selection studies that could soon advance plant engineering
approaches.

Spatial transcriptomics in plants: where next?
(Written by Tatsuya Nobori)

Spatial transcriptomics has made its entry in plant research. Sequencing-based and imaging-
based approaches have both been adapted to plant tissues, and early studies have shown that
these methods can localize cell types, resolve expression gradients, and reveal the spatial
organization of cellular responses that bulk tissue approaches could only infer (Yao et al.,
2026). But what are the major biological opportunities for spatial transcriptomics in plants,
and what practical and conceptual advances will be required to realize them? Among the many
opportunities in this area, three that are exciting will be highlighted: comparative designs
across many samples, the spatial logic of cell-to-cell communication, and the analysis of plant
cellular states in relation to other organisms (Figure 2).

To date, plant spatial transcriptomics has been driven largely by proof-of-concept studies and
atlas-building efforts (Giacomello et al., 2017; Laureyns et al., 2022; Xia et al., 2022; Peirats-
Llobet et al., 2023; Liu et al., 2024; Jhu et al., 2025; Zhang et al., 2025b). These studies have
provided an important foundation for annotating single-cell omics data, identifying where cell
types and cell states occur, and generating shared resources for the community. An exciting
next opportunity is to extend these advances to biological contexts where comparison across
samples is central to interpretation.

In a recent study on plant immunity, a comparative spatial design spanning multiple infection
time points and pathogen strains enabled the identification and interpretation of a rare cell
state, termed the primary immune responder (PRIMER) cell state, in infected Arabidopsis
leaves (Nobori et al., 2025). This state would have been difficult to recognize and, more
importantly, to interpret without comparative spatial analysis, particularly because it is rare
and embedded among hundreds of subclusters in single-cell transcriptome data. Spatial
analysis across a time course after infection revealed immune-active regions expanding over
time, with PRIMER cells remaining at their center. In addition, comparison between immune-
activating and -suppressing pathogen infections provided evidence that PRIMER cells are
specifically associated with active immune responses rather than pathogen exploitation
(Nobori et al., 2025). Together, these observations show how comparative spatial designs can
inform the spatial organization, temporal progression, and condition specificity of tissue
responses.

Beyond plant immunity, comparative spatial approaches are beginning to reveal similar
opportunities in environmental responses (Serrano et al., 2024; Zhu et al., 2025), comparisons
between varieties (Zhong et al., 2025), and developmental time courses (Yao et al., 2024; Long
et al., 2026). Together, these studies suggest that comparative spatial designs can help
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distinguish stable tissue organization from condition/genotype-dependent rearrangements
and reveal cell states that emerge only in specific contexts (Figure 2A). Plant biology research
is especially well positioned to benefit from this direction because of strong genetic resources
and natural variation. At the same time, the range of comparisons worth making is far larger
than current throughput usually allows. Individual spatial transcriptomics experiments are still
often treated as heroic efforts. This reflects the high costs, technical complexity, and challenges
of transferring protocols across tissues and species.

To take full advantage of comparative opportunities, higher sample throughput will be needed.
As platforms mature and the costs of platforms, reagents, and sequencing decline, broader
study designs should become increasingly feasible. At the same time, sample preparation and
experimental design already offer important ways to make comparative spatial transcriptomics
more practical. For many platforms, insight per tissue area, and thus effectively per cost,
should be a key consideration. For example, rather than generating one large map of an entire
infected leaf, the same capture area could accommodate several smaller sections sampling
defined regions of interest — for instance, infection sites — across multiple genotypes, time
points, or treatments. Such designs both expand biological comparisons and reduce run-
specific variation. Careful compression of sample design should become a routine part of
spatial transcriptomics planning and deserves greater investments.

A second area that spatial transcriptomics is especially well suited to illuminate is cell-to-cell
communication (Figure 2). While single-cell omics can identify cellular states, it does not reveal
how cells are positioned relative to one another in ways that may enable local communication.
Spatial transcriptomics provides initial observational insights into which cellular states are
juxtaposed and may potentially communicate.

Distinguishing between cell-autonomous and non-cell-autonomous responses provides a key
path toward the mechanistic understanding of cell-to-cell communication. Cells that directly
perceive an input signal may induce responses in neighboring cells through secondary signals,
generating spatially organized relationships between directly and indirectly responding cells.
Spatial transcriptomics data are uniquely valuable for inferring such relationships, although
they are often not sufficient on their own to provide mechanistic insights. A key challenge is
determining whether neighboring cells respond to secondary signals relayed from directly
activated cells or directly to the same local cue, especially since both responses often co-occur.
Genetic strategies that restrict signal perception or pathway activation to defined cell
populations have already provided important insights into which cells initiate responses and
which respond indirectly (Emonet et al., 2021). Combining these targeted genetic approaches
with spatial transcriptomics would be particularly powerful, extending analyses from a small
number of reporter genes to richer molecular readouts across both directly and indirectly
responding cells. In addition, integrating spatial transcriptomics with genetic perturbations of
candidate communication routes, such as plasmodesmata, peptide signaling, receptor kinases,
hormone transport, or reactive oxygen species, should further enhance mechanistic insights.

Computational approaches can also help prioritize candidate cell-to-cell communication
relationships from spatial transcriptomics data. In animal systems, early and widely used
methods typically scored candidate interactions from curated ligand—receptor pairs, whereas
newer frameworks increasingly model communication at single-cell resolution, incorporate
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spatial context more explicitly, extend inference to intracellular signaling or additional ligand
classes, and compare communication structures across conditions (Armingol et al., 2024).
Some of these ideas might transfer well to plants, particularly for peptide—receptor signaling
and to identify spatially organized cellular niches. However, plant applications will likely require
further methodological development, because important processes may be shaped not only
by ligand-receptor signaling but also by symplastic connectivity through plasmodesmata,
directional transport through apoplastic and vascular routes, and cell wall-defined tissue
topology.

A third exciting direction is multi-organism spatial analysis (Figure 2A). One of the central
strengths of spatial transcriptomics is its ability to simultaneously measure multiple RNAs
while preserving tissue context, making it in principle possible to profile transcripts from
multiple organisms within the same sample. As plant responses in nature often arise in multi-
organismal contexts, expanding spatial transcriptomics beyond single-organism profiling could
open important new opportunities. Several studies in plants have already illustrated this
potential. Spatial metatranscriptomics (SmT) builds on array-based spatial transcriptomics to
enable cross-kingdom profiling by modifying the capture array to simultaneously recover host
mMRNAs together with bacterial 16S and fungal ITS/18S sequences from the same tissue section
(Saarenpaa et al., 2024). When applied to leaves of outdoor-grown Arabidopsis, this approach
revealed that bacterial and fungal signals were concentrated in shared and unique tissue-scale
hotspots. It also linked local microbial organization to local host transcriptional responses.
Chancellor et al. used molecular cartography to perform targeted, dual-species spatial profiling
of rice roots colonized by arbuscular mycorrhizal fungi at single-cell resolution (Chancellor et
al., 2025). This showed that even morphologically similar arbuscules can differ markedly in
their transcriptional state, revealing hidden heterogeneity at the symbiotic interface. Together,
these studies suggest that multi-organism spatial analysis could clarify how local biotic context
shapes plant cell states, how plant-associated microbes form spatial micro-niches, and how
plant cellular responses provide feedback on microbial behavior.

Several technical limitations remain. As discussed above, throughput is an important
bottleneck, particularly if spatial transcriptomics is to move toward comparative designs.
Three-dimensional (3D) profiling is another major need. Many questions, especially those
concerning cell-to-cell communication and inter-organismal interactions, are inherently 3D,
yet most current datasets remain 2D. Recent advances are beginning to extend spatial
transcriptomics beyond this limitation, either by reconstructing molecular information across
serial sections or by directly profiling thick tissues in 3D (Wang et al., 2021; Nobori et al., 2023;
Fang et al., 2024; Schott et al., 2024). Temporal information also requires technical advances.
Time-course spatial transcriptomics across matched samples can already provide important
insights into dynamic processes, but it remains distinct from repeated measurement of the
same cells in the same specimen over time. A longer-term frontier is therefore true 4D spatial
transcriptomics (Reynolds et al., 2025). Until such approaches become feasible, reporter line-
based imaging remains a valuable complementary strategy for resolving temporal dynamics.
Methods that combine the temporal resolution of live imaging with the molecular depth of
spatial transcriptomics remain to be developed and would be especially powerful. Finally, as
plant single-cell atlases and spatial datasets mature, integration and imputation approaches
may increasingly help infer richer spatial expression patterns than can currently be measured
directly (Demesa-Arevalo et al., 2026).
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The highlighted directions may open spatial transcriptomics for plant research: comparative
designs across many samples, the analysis of cell-to-cell communication, and multi-organism
spatial analyses. These represent only a small fraction of what may become possible. Beyond
transcript measurement, spatial approaches can now be integrated with other modalities,
including epigenetic information, proteomics, and metabolomics (Nobori, 2025). Continuous
development of new technologies and careful experimental design will make it possible to
address tissue-level phenomena across plant biology, from development to environmental
responses, with new precision. For such phenomena, we will increasingly become able to ask:
which cells are directly involved? How are these cells regulated from DNA to metabolite scale?
How does information flow between cells to give rise to the phenotype? The ability to describe
biological processes with increasing precision has long driven deeper understanding of life.
Continued technological innovation, together with conceptual and experimental frameworks
that convert observation into mechanistic insights, will help advance plant research. Spatial
transcriptomics is gaining momentum and is set to play an integral role in this process.

Overcoming challenges in building GRNs from multi-omics single-cell data
(Written by Klaas Vandepoele)

Multi-omics refers to the integration of multiple layers of biological information to provide a
holistic view of the functional or regulatory landscape of an organ, a tissue, or a biological
process of interest. Rather than characterizing one molecular aspect in isolation, multi-omics
approaches aim at studying how different levels of cellular activity interact, focusing on
genomics (DNA sequences), transcriptomics (gene expression), epigenomics (epigenetic
modifications), proteomics (protein levels or modifications), and metabolomics (metabolite
levels). In plant research, several specific omics data types are becoming increasingly available
to power these integrative analyses, several with cellular resolution through single-cell
profiling. Whereas initial multi-omics studies in plants explored bulk datasets that came from
different samples within the same experiment or samples from different experiments or
studies (Reynoso et al., 2019; Zander et al., 2020; Marand et al., 2021), recent single-cell multi-
omics profiling methods enable the simultaneous measurement of different molecular
activities within the same cell or nucleus (Wang et al., 2025b; Rahni et al., 2026; Yao et al.,
2026). One of the first examples of true multi-omics profiling was applied to study plant
immunity, where single-nucleus RNA sequencing (snRNA-seq) and snATAC-seq were applied
on the same input nuclei, quantifying expression levels and chromatin accessibility (Nobori et
al., 2025). Compared to multi-omics data coming from different samples or experiments,
extracting different data types from the same cell significantly reduces the impact of batch
effects and improves the resolution for identifying cell-type-specific gene activity and
regulation. However, it also comes with new challenges, related to data integration, since
many integration methods assume that different measurements reflect a common cell
identity. However, these methods may fail to recover changes that are unique to one omics
layer, which could be due to technical biases or the overlooking of asynchrony or distinctions
between features of cellular identity (Wang et al., 2025b).

In the field of transcriptomics, scRNA-seq and snRNA-seq are becoming increasingly applicable
to both model species and crops, providing cell-type-specific resolution of gene expression
activity. Complementary, spatial transcriptomics provides information on the abundance and
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original spatial location of transcripts within a tissue (Lee et al., 2025; Zhang et al., 2025b).
Additionally, techniques such as snATAC-seq and MNase-defined cistrome-occupancy analysis
using sequencing (MOA-seq) are expanding the amount of data reflecting the physical state of
DNA by identifying general and cell-type-specific accessible chromatin regions to which the
transcriptional machinery can bind (Lin et al., 2024; Engelhorn et al., 2025; Wang et al., 2025b;
Zhang et al., 2025b). Whereas single-cell methods profiling transcription and accessibility yield
information on expression and chromatin dynamics for tens of thousands of individual cells,
in isolation the individual data sets obtained through these methods have limited power to
reveal mechanistic regulatory insights. This means that, for example, it is not obvious how to
identify which TFs potentially control the expression of genes showing cell-type-specific or
spatial expression, or whether TFs control these genes direct or indirectly. Techniques such as
DNA-affinity purification sequencing (DAP-seq) and multiDAP-seq, which assay the binding of
one or a (multi-species) pool of in vitro-expressed TFs to genomic DNA fragments, provide a
highly complementary source of information. This is because they enable to identify physical
TF-binding sites across plant genomes on a large scale (Baumgart et al., 2025). Integrating such
in vitro TF-binding data, or even simple TF-binding sites, with expression or chromatin
information makes it possible to infer regulatory cascades active in specific cell types or under
stress conditions and characterize cis- and TF-mediated regulatory complexities (Manosalva
Pérez et al., 2024; Baumgart et al., 2025; Zhang et al., 2025b). Apart from general workflows
such as Seurat, Harmony and Liger for data normalization and integration (see, e.g., Wang et
al., 2025b; Zhang et al., 2025b), tools that incorporate plant-specific TF-binding site
information are also available to infer regulatory cascades starting from single-cell expression
or chromatin accessibility information (MINI-EX (Ferrari et al., 2022) and MINI-AC (Manosalva
Pérez et al., 2024), respectively). Integrating diverse datasets, such as genomic evolutionary
conservation, chromatin accessibility, and DNA methylation, optimizes the accurate
identification of functional cis-regulatory elements in species with large and complex
genomes, like maize and wheat (Crisp et al., 2020; Chen et al., 2023; Staut et al., 2025). Such,
integrative approaches empower researchers to discover regulatory hubs and candidate genes
for complex traits, such as yield, stress tolerance, and disease resistance, which are often
overlooked by traditional genetic methods (Staut et al., 2025; Wang et al., 2025b; Zhang et al.,
2025a).

Proteomics data are used in multi-omics studies to provide a systematic illustration of complex
biology by assessing the accumulation, function, and regulation of proteins (Fulcher et al.,
2026; Hu et al., 2026). Because protein activities are fine-tuned by a pleiotropy of post-
translational modifications, including phosphorylation and proteolysis, proteomics data are
essential for a mechanistic understanding of biological processes. For example, a recent study
combining transcriptomics, proteomics, and phosphoproteomics data reported the discovery
of a regulatory protein module affecting wheat resistance to Fusarium crown rot (Zhang et al.,
2025a). Nevertheless, as the amount of input material, the throughput (number of cells), the
sensitivity, and the level of dropouts (missing data) vary considerably between different single-
cell profiling methods, integrating these different data modalities is not trivial, as differences
in data quality and quantity affect downstream analysis. While basic overlap and filtering
strategies provide an easy starting point for combining two or more omics data layers, more
advanced methods have been developed, such as expression-based timepoint-specific
network inference, and (phospho)proteomics data mapping onto these networks (Clark et al.,
2021). However, there are still several caveats. For instance, when studying TF regulation, high
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MRNA levels of a TF do not necessarily translate into an increased protein abundance or
regulatory activity, particularly when the TF activity is regulated at the post-transcriptional
level. Without direct proteomic data, GRNs may overestimate the influence of certain TFs,
leading to a misinterpretation of biological dynamics (Leong et al., 2025). Another caveat is
that the non-cell autonomous behavior of TFs is difficult to quantify and model using current
methods. Similarly, metabolomics approaches capture the end products of biochemical
pathways that can feed back into regulatory pathways, though such feedback loops are not
always easy to identify or model when working in a multi-omics context. Various strategies for
multi-omics data integration are being developed to address some of these challenges,
including conceptual, statistical, network-based, and machine learning approaches (Figure 3)
(Depuydt et al., 2023).

Networks are an efficient way to transform raw omics data into graphical representations,
providing insights into distinct cellular states and causality that go beyond simple lists of
responsive genes, regions, or molecules, per omics layer. Furthermore, they offer a level of
abstraction that makes it possible to unite data coming from different profiling methods and
to identify potentially intertwined signaling cascades, aiding the formulation of new research
hypotheses (Leong et al., 2025). For example, analysis of single-cell co-expression networks
can simultaneously reveal regulatory networks and cell states, helping to characterize
previously unrecognized populations like the "transitional state" found in rice floral meristems
(Wang et al., 2025b). Although GRNs offer opportunities to predict novel TFs that control cell-
type-specific regulons (i.e., sets of target genes that are active in a specific cell type or
developmental state), they can be very complex, sometimes containing hundreds of TFs and
target genes per single-cell cluster (Ferrari et al., 2022). For example, processing single-cell
RNA-seq data from the related grass species maize, sorghum, and Setaria and applying GRN
inference revealed 483 predicted TFs controlling gene expression in one or more specific cell
types (Guillotin et al., 2023). Interestingly, 15 TFs and their regulons were conserved in specific
cell types across all three species. For five of these cases, mutants of the predicted TFs or their
direct Arabidopsis orthologs have been shown to exhibit cell-type-specific phenotypes. This
result indicates that evolutionary conservation can be a powerful approach to prioritize
regulators and sub-networks for experimental validation (Vandepoele et al., 2024; Ke et al.,
2025).

Clearly, complex single- or multi-omics networks pose major challenges in interpreting
biological data, and efficient methods are required to address specific research questions
based on integrated multi-omics data. A recent study in maize integrated DAP-seq data and
TF-binding profiles with chromatin accessibility and gene expression to construct an accuracy-
enhanced maize GRN (Huo et al., 2025). Next, machine learning Random Forest-based
classification models were applied to predict and validate novel regulators for two traits, i.e.,
photosynthesis and seed development. These models integrated hundreds of RNA-seq
features with different network-derived features, such as topology-based attributes like
degree and centrality, as well as the shortest distance to curated sets of known functional
genes. Training using previously characterized genes as positive sets (56 photosynthesis genes
and 68 seed development genes) resulted in predictive models with high accuracy in predicting
candidate regulators for both traits. Clearly, machine learning models that integrate multiple
layers of information often achieve significantly higher accuracy in predicting phenotypes than
models relying solely on genomic markers. This is because they offer a powerful approach to
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fully exploit the complementarity of different types of molecular information (De Clercq et al.,
2021; Chen et al., 2023). Machine learning models have also been successfully employed to
decode cis-regulatory elements associated with stress- or cell-type-specific transcriptional
states, using sequence, expression, and epigenomics data as input (Moore et al., 2021; Deng
et al., 2023; Smet et al., 2023). Integrating multi-omics data in genomic prediction through
different types of machine learning models also has the potential to reduce the breeding cycle
for developing disease-resistant varieties (Mohamedikbal et al., 2025). Taken together, these
examples demonstrate the potential of combining multi-omics profiling with advanced
artificial intelligence methods to gain new insights into gene function and regulation in diverse
cellular contexts.

Understanding plant specialized metabolites biosynthesis requires single-cell omics
methods

(Written by Lorenzo Caputi and Sarah E. O’Connor)

Next to primary metabolites, which are highly conserved molecules that are universally
required for plant growth and development, plants produce a vast array of complex chemicals
with restricted taxonomic distribution. These molecules, called specialized metabolites,
provide plants with a means of defense and communication. These chemicals also display
biological activities outside of their native plant producers, and find wide applications as drugs,
natural pesticides, and fine chemicals that are essential building blocks for high-value products
like pharmaceuticals and agrochemicals. Specialized metabolites are synthesized through a
series of highly regulated enzymatic reactions that are frequently compartmentalized in space
and time (Figure 4A). The application of the latest technologies in single-cell transcriptomics,
multi-omics, and mass spectrometry has boosted the discovery of the enzymes and other
pathway components, and has started to reveal the intricate regulatory, transcriptional, and
logistical events at the tissue and cellular level that cannot be captured by traditional methods.

Transcriptome atlases generated using scRNA-seq and snRNA-seq are accelerating the
discovery of genes involved in specialized metabolite biosynthesis, as well as the identification
of the cell types responsible for these processes. In fact, this information allows the selection
of gene candidates for biosynthetic steps in a specific cell type, significantly decreasing the
number to screen. At the same time, it provides an overview of the compartmentalization and
regulation of the pathway and of the cell specificity of certain processes, which might also
benefit biotechnological applications.

Plants sometimes evolve enzymes from unanticipated gene families to catalyze unexpected
reactions due to their unique evolutionary pressures, enabling them to rapidly innovate
metabolic pathways, repurposing existing proteins for novel functions. scRNA-seq methods
are proving particularly useful for identifying these enzymes. A recent study reports the
discovery of a gene annotated as a malonyl transferase that catalyzes an unusual cyclization
reaction in the biosynthetic pathway of the antimalarial drug quinine (Lombe et al., 2026). The
enzyme is unable to perform the predicted malonylation reaction but instead displays a
previously unreported demalonylative cyclization activity. Similarly, understanding the
biosynthesis of nepetalactol, a monoterpene that is widely produced in asterids, has been a
long-standing challenge because the production of this molecule requires an unusual
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cyclization that could be catalyzed by any number of different protein scaffolds. Analysis of
snRNA-seq datasets enabled the discovery of iridoid cyclase, the enzyme responsible for this
reaction, which was unexpectedly annotated as a methyl esterase-type a/B hydrolase (Colinas
et al.,, 2025). The availability of single-cell gene expression data also provides valuable
information on the cell types in which specific metabolic pathways take place. For instance, a
study of Nicotiana attenuata flowers revealed that the biosynthesis of the volatile compound
benzylacetone occurs in the epidermal cells of the corolla (Kang et al., 2022). Similarly, a study
by Maeda et al. (2023) identified the cell types involved in the glucosinolate—myrosinase
defense system. In St. John's Wort, Wu et al. (2024) identified a specialized cell type, termed
“Hyper cell,” that expresses all three biosynthetic modules required to produce hyperforin, a
neurotransmitter regulator. Notably, two independent studies highlighted the role of
mesophyll cells in specialized metabolite biosynthesis. Specifically, mesophyll cells were
implicated in the production of dammarane-type triterpenoid saponins in the shoot apex and
leaves of Gynostemma pentaphyllum (Li et al., 2024), as well as in the biosynthesis of the
anticancer compound paclitaxel in the leaves of Taxus mairei (Zhan et al., 2023).

While scRNA-seq and snRNA-seq datasets can be used to identify missing genes in metabolic
pathways by combining co-expression analysis with cell-type-specific information, integrating
these datasets with additional methodologies can substantially enhance the power of these
approaches. A compelling example is reported in a recent study by McClune et al. (2025), in
which snRNA-seq was combined with a strategy called multiplexed perturbation. In this
approach, tissues from different organs and experimental conditions (perturbations) are
combined before performing a single snRNA-seq experiment to provide one information-rich
dataset. Using dimensionality reduction algorithms, such as non-negative matrix factorization,
the authors identified co-expressed gene modules that revealed previously undiscovered
components of the paclitaxel biosynthetic pathway, including an unexpected, vyet
biosynthetically essential auxiliary protein, FoTO1, that appears to stabilize interactions
between key enzymes in the pathway (McClune et al., 2025).

Single-cell multi-omics, which combines snRNA-seq and snATAC-seq datasets (Figure 4B), has
been applied to two important medicinal plants, Catharanthus roseus and Camptotheca
acuminata, which synthesize the anticancer compounds vinblastine and camptothecin,
respectively. In C. roseus, this approach led to the identification of the MYB TF IDM1, which
was shown to increase the expression of MIA biosynthetic genes in idioblast cells when
transiently expressed in petals (Li et al., 2025). In C. acuminata, this analysis enabled the
identification of a rare cell type termed the “STR+ cells”, which may be responsible for
camptothecin biosynthesis (Bui et al., 2026).

Although single-cell transcriptomics provides information on cell-type-specific gene
expression, inferring metabolite localization from these data alone can be misleading. This is
because the translocation of pathway intermediates and/or final products between cell types
or organs is a common feature of plant specialized metabolism (Li et al., 2026). To overcome
this limitation, mass spectrometry imaging (MSI) and single-cell mass spectrometry (scMS)
represent key technologies that have been recently incorporated into studies of specialized
metabolite biosynthesis (Figure 4C). MSI has gained considerable momentum. This approach
entails acquiring data directly from tissue sections, which in turn preserves spatial information
at cellular or near-cellular resolution (Horn and Chapman, 2024; Liu et al., 2026). Typically, MSI
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methods achieve 10-50 um spatial resolution, limited not necessarily by laser spot size but
from the homogeneity of the matrix applied to the sample to aid metabolite ionization.
Recently, MSI was used to establish that quinolizidine alkaloids, a class of toxic specialized
metabolites found in lupins and other Genistoid legumes, are synthesized in the epidermis and
not the mesophyll as previously proposed, leading to a new spatial model for quinolizidine
alkaloids biosynthesis and transport (Frick et al., 2025). However, MSI requires specialized
expertise in sample preparation and dedicated instrumentation, which is not always available
across plant research laboratories. Additionally, quantification and structural characterization
of the metabolites can be challenging due to the absence of chromatographic separation. In
addition, coverage of multiple classes of metabolites in the same experiment is often not
possible, especially when using matrix-assisted laser desorption/ionization (MALDI) or
desorption electrospray ionization (DESI). Live scMS, another method used in plant systems,
entails extraction of the contents of a single cell from a live tissue sample, followed by mass
spectrometry analysis. However, this approach is extremely labor-intensive and has a very low
throughput (Masuda et al., 2018).

A recently reported alternative approach overcomes several of these limitations, particularly
with respect to metabolite quantification and compatibility with other single-cell technologies
(Li et al., 2023; Vu et al., 2024; Kang et al., 2025). Li et al. (2023) reported an scMS protocol in
which individual plant cells were isolated using a cell-picking robot and transferred into 96-
well plates for analysis using a standard ultra performance liquid chromatography-mass
spectrometry (UPLC—MS) system. This method was applied to identify and quantify key
metabolic intermediates in the vinblastine biosynthetic pathway in single protoplasts isolated
from C. roseus leaves. This enabled the direct measurement of intracellular concentrations of
specialized metabolites in individual cells for the first time. The scMS workflow was
subsequently optimized and applied to protoplasts from the roots and petals of C. roseus,
enabling the quantification of additional specialized metabolites such as iridoids, flavonoids,
and anthocyanins (Vu et al., 2024). A further study focusing on triterpenic acids in apple callus
cells demonstrated the broad applicability of this approach across plant systems (Laezza et al.,
2025).

Combining scMS with single-cell multi-omics and Hi-C provided a high-resolution view of
pathway compartmentalization across three C. roseus cell types (internal phloem-associated
parenchyma cells, epidermal cells, and idioblast cells), in terms of both gene expression and
metabolite accumulation (Li et al., 2023). Furthermore, this integrative analysis led to the
identification of a MATE transporter that is involved in the vacuolar import of secologanin, an
intermediate in the pathway, in epidermal cells.

The compartmentalization of specialized metabolite biosynthesis across multiple cell types, as
observed in the vinblastine pathway of C. roseus, implies that pathway intermediates must be
transported between cells for further enzymatic modification. In some cases, these
intermediates may also accumulate in specific cell types, forming metabolic pools. Therefore,
cell-type-specific gene expression does not necessarily imply that the corresponding
metabolite is present in the same cell type, as metabolites can be transported and stored in
different cells. To better correlate gene and metabolite localization patterns, Kang et al. (2025)
developed a protocol enabling the simultaneous analysis of single-cell transcriptomics and
metabolomics from the same protoplast. In this approach, individual protoplasts are lysed
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under conditions that minimize RNA degradation, and the cellular contents are subsequently
divided into two fractions: one is subjected to scMS and the other to plate-based scRNA-seq
(Figure 4D). Using this method, the authors demonstrated that it is possible to measure the
expression of approximately 5,000 genes per cell while simultaneously quantifying a dozen key
metabolites. This integrated approach enabled direct correlations to be established between
the expression of biosynthetic genes and the accumulation of the corresponding metabolites.
Notably, the authors observed both positive correlations, where metabolites accumulate in
the same cell type in which biosynthetic genes are expressed, and cases of no correlation,
suggesting that metabolites are synthesized in one cell type and subsequently exported.

In conclusion, a range of transcriptomic and metabolomic technologies are now available for
single-cell analysis in plants, with several successfully applied to the study of specialized
metabolism. However, each method comes with inherent limitations. These limitations are
often exacerbated when applied to plant systems. scRNA-seq and scMS typically require the
isolation of viable protoplasts from tissues, which is challenging in plant systems that have an
extensive cell wall structure and cellular heterogeneity. Careful optimization is required for
each plant species and tissue type, because cell wall digestion protocols can vary significantly
in efficiency and specificity. Moreover, tissue dissociation may introduce bias: certain cell types
— particularly those located in deep or mechanically protected regions — may be
underrepresented or lost entirely during isolation. Additionally, the physical and enzymatic
stress of protoplasting can perturb the cellular physiology, potentially altering gene expression
and metabolic profiles. To mitigate these artifacts, transcriptome stabilization using
transcriptional inhibitors such as actinomycin D has been proposed to suppress ongoing
transcription during digestion, thereby preserving a more accurate snapshot of the native state
of the cell (Tenorio Berrio et al., 2025). The introduction of single-nucleus methods, such as
snRNA-seq, addresses some of these challenges, because nuclei can be isolated from frozen
tissues, helping to better preserve the native transcriptional state of cells. However, this
approach inherently loses cytosolic mRNA, resulting in reduced gene detection and typically
lower transcript counts compared to single-cell RNA-seq. Furthermore, methods that require
isolation of either protoplasts or nuclei inevitably disrupt spatial context. Integrating single-
cell transcriptomic and metabolomic datasets with spatial transcriptomics and spatial
metabolomics offers a promising strategy to reconcile these limitations, enabling a more
comprehensive understanding of cellular identity, function, and tissue organization.
Metabolite analysis at the single-cell level using mass spectrometry relies on sensitive
instrumentation but can be performed on widely available platforms such as quadrupole time-
of-flight (Q-TOF), Orbitrap, and triple quadrupole systems. The main technical hurdle is the
need for a cell sorter or cell-picking robot to transfer single cells into plates compatible with
UPLC autosamplers. With several such platforms now commercially available — even at
relatively low cost — single-cell metabolomics is becoming increasingly accessible to a broader
range of laboratories. The study of plant specialized metabolism will certainly benefit from
multiplexing several of these methods to solve long-standing open questions in the field.

How can plant single-cell data be integrated and visualized across scales?

(Written by Jian Xu)
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Transcriptomic profiling at single-cell and single-nucleus resolution, together with emerging
approaches in chromatin, spatial imaging, and metabolomics, now enables tissues to be
resolved into distinct populations and transitional states that were often previously
unrecognized. This can be done across developmental stages, environmental conditions, and
species. Combining the resulting data allows the range of accessible questions in plant biology
to expand rapidly (Shaw et al., 2021; Nobori, 2025). However, as the size and diversity of
datasets grow, a central challenge is how to integrate and visualize them while preserving
biological meaning (Figure 5A). In plants, this challenge is inherently multi-scale, as cell
identity emerges from the interplay between gene regulation, spatial organization, organ-
level coordination, environmental response, and evolutionary divergence. Therefore,
approaches to data integration and visualization are not merely technical choices, but
interpretive frameworks that encode assumptions about how cell identity is defined across
spatial, temporal, environmental, and evolutionary scales.

To understand these interpretive challenges, it is useful to consider how current approaches
handle integration and what assumptions they embed (Figure 5B). Most current studies treat
each dataset as a largely self-contained unit. Cells from a single organ, developmental stage,
or condition are clustered and visualized in a low-dimensional embedding, and identities are
assigned using known markers or transferred from a reference dataset. This approach has
uncovered key principles of root and shoot meristem organization, leaf patterning, and
regenerative processes such as somatic embryogenesis (Zhang et al., 2021a; Shahan et al.,
2022; Guo et al., 2025; Tang et al., 2025; Demesa-Arevalo et al., 2026). However, it also reveals
a conceptual limitation: it remains unclear how datasets generated across conditions,
developmental contexts, and species should be aligned, and what biological correspondences
should be captured. A key issue is that the relevant biological unit of integration in plants is
not well defined. In some contexts, stable cell types can be identified based on lineage and
function. In others, cells occupy transient or plastic states that are shaped by developmental
progression, environmental response, or reprogramming. Cell type, cell state, trajectory, and
spatial position are not clearly distinct from one another. Development often proceeds
through continuous gradients rather than discrete transitions, and similar transcriptional
states may arise from distinct developmental origins or environmental cues (Oliva and Lister,
2023). This challenges the assumption that cell identity can be represented as discrete and
context-independent categories.

Taken together, this suggests that plant cell identity is best understood as a composite
property integrating molecular profile, anatomical position, developmental progression, and
environmental context, rather than a single label (Figure 5C). When datasets are aligned, are
we matching stable identities, analogous developmental positions, or cells that occupy similar
regions of transcriptomic space? These possibilities are not equivalent: similarity could reflect
a shared lineage, functional convergence, or parallel environmental responses. Future plant
atlases will therefore need to represent cell identity as a structured, context-dependent
property, rather than a fixed category. This raises the challenge of how to formalize such
composite identities in a way that is both biologically faithful and computationally tractable.

As plant single-cell datasets diversify, the process of integrating them increasingly involves
aligning data across experiments, conditions, and modalities. Although existing approaches
for cross-dataset alignment have been largely adapted from animal systems, plant biology
introduces challenges that complicate their direct application. These challenges stem from
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both technical variability and fundamental differences in development, tissue organization,
and genome evolution across plant systems.

Technical challenges also arise at the level of sample preparation. For example, protoplasting
can induce wound- and stress-associated transcriptional responses, whereas nuclear-based
profiling largely avoids these artefacts but captures a nuclear-enriched transcriptome with
distinct characteristics (Long et al., 2021; Grones et al., 2024; Ming et al., 2025). Integrating
protoplast- and nucleus-derived profiles therefore requires distinguishing technical effects
from biologically meaningful variation, underscoring that integration decisions directly shape
the interpretation of cell identity and cellular state.

Environmental responsiveness further complicates integration. Light, temperature, water
availability, nutrient status, and biotic interactions can reshape cellular states to a degree
comparable with developmental differences (Tenorio Berrio and Dubois, 2024; Wang et al.,
2025a; Zhu et al., 2025). Variation that appears computationally as a batch effect may instead
represent biologically meaningful responses. Overly aggressive alignment risks removing
these signals, while insufficient alignment leaves datasets fragmented.

Integration is not neutral; it is a problem of defining which axes of variation should be
preserved (Figure 5D). Current frameworks reflect different conceptual choices: some
prioritize dataset mixing, some preserve continuous developmental structure, and some use
probabilistic representations. More broadly, the integration of plant data may benefit from
treating variables such as condition, genotype, developmental stage, and tissue context as
structured dimensions of the data, rather than as factors to be removed. Rather than
collapsing these axes into a single latent space, future approaches may require a
representation of how they interact to shape cell identity across scales. Such representations
would align with emerging efforts to construct multi-dimensional plant atlases that explicitly
encode spatial, temporal, and environmental context.

As discussed in the evo-devo section, the evolutionary history of plant genomes complicates
the definition of conserved cell identities across species. In the context of data integration,
recent approaches address this using co-expression patterns, orthogroup-level comparisons,
or machine-learned representations to align cell states (Tarashansky et al., 2021; Passalacqua
and Gillis, 2024; Rosen et al., 2024; Cao et al., 2025; Chau et al., 2025; Guo et al., 2026),
although polyploidy, hybrid genomes, and lineage-specific divergence continue to introduce
substantial allelic and regulatory heterogeneity (Zhang et al., 2023; Ke et al., 2025; Li et al.,
2026).

Overall, a central challenge is therefore to distinguish between variation that should be
aligned and variation that reflects the biological process of interest. Can integration
frameworks facilitate this distinction, particularly in multi-species settings, and enable users
to navigate the trade-offs between technical alignment and biological resolution? The
development of such interpretable and controllable integration frameworks will be critical for
ensuring that alignment enhances, rather than obscures, biological insights.

What is the best way to visualize plant single-cell data in space and time? Low-dimensional
embeddings such as uniform manifold approximation and projection (UMAP) and tSNE
provide an intuitive summary of high-dimensional data, facilitating the exploration of clusters
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and trajectories (Becht et al., 2019). However, these representations are abstract: while they
preserve local neighborhoods, they can distort global distances. Consequently, positions in
embedding space do not correspond directly to anatomical proximity, lineage relationships,
or developmental time (Saelens et al., 2019; Narayan et al., 2021; Zhai et al., 2022). In plants,
where radial symmetry, iterative modular growth, and environmental plasticity are defining
features, this mismatch between abstract embeddings and biological organization is
particularly acute. Radial patterning in roots, layered organization in meristems, vascular
continuity, and organ polarity all provide essential context for interpreting cellular states.
Moreover, developmental processes often involve branching, convergence, reiteration, or
environmentally induced transitions that cannot be well captured by simple trajectory models.
Consequently, embeddings alone may obscure key aspects of plant biology across tissue and
organ scales. The next step is to develop biologically grounded representations that evolve
into digital plant atlases. This involves mapping single-cell data onto anatomical frameworks
and integrating molecular profiles with spatial and temporal information (Figure 5). Such
efforts are in line with the emerging initiatives that aim to link molecular states to spatial,
developmental, and functional context across scales (Fahlgren et al., 2023). Recent studies
have demonstrated the feasibility of this approach, ranging from life-cycle-scale atlases (Lee
et al.,, 2025) to pseudo-spatial reference frameworks (Shaw et al.,, in preparation;
rootcellatlas.org).

Integration of spatial profiling, imaging, and lineage information will enable the reconstruction
of cell identities as dynamic and spatially constrained processes, rather than as static
molecular states. In this context, visualization becomes an integrative layer that links
molecular similarity, anatomical position, developmental progression, and environmental
response, rather than being merely a dimensionality reduction step.

The realization of anatomically grounded plant atlases requires progress beyond data
generation, including the integration of standardized metadata, interoperable annotation
frameworks, and shared coordinate systems, as outlined by emerging community efforts (Jha
et al., 2021; Fahlgren et al., 2023; Chen et al., 2026). Recent large-scale plant single-cell and
spatial atlases further demonstrate both the feasibility and the challenges of building such
integrative frameworks across tissues, developmental stages, and species. Looking into the
future, it is likely that these atlases will evolve from descriptive resources into predictive
frameworks supported by computational models and large-scale learning approaches that
capture cell identity as a dynamic, context-dependent, and multi-scale property. Whether
plant single-cell technologies can evolve from descriptive maps into predictive frameworks for
understanding and engineering plant development, physiology, and adaptation will depend on
how effectively these representational challenges are addressed.
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Figure 1. Integrating single-cell transcriptomics within evo-devo frameworks can boost gene
discovery of functional traits of interest. Schematic example of how core genes that drive a
function of interest in a cell type can be determined by combining information from both
single-cell transcriptomics and phylogenomics. In an evo-devo approach, relevant plant
species should be used. In this case, species A, B, and C have a homologous cell type, but the
new function of interest only occurs in that of species A and B. Single-cell transcriptomics (left
panel) can be used to infer which gene networks are expressed in these different species. Using
orthology information, these networks can be compared to determine which expressed genes
are conserved. By extending this analysis using phylogenomics information (right panel), which
allows working with a broader range of plants, we can then infer the evolutionary puzzle
behind the link between gene expression, cell type, and new function. For the example
illustrated in this figure, target gene 2 is present in the genomes of plants preceding the
appearance of this homologous cell type in species A, B, and C (phylogenomics information),
but it is only expressed in the cell type with the new function in species A and B (single-cell
transcriptomics information). Gene 2 is under the control of the transcription factor encoded
by gene 1, which is only present and expressed in species A and B, while gene 3, which is
present and expressed in the three species analyzed, is also recruited into the new network.
As such, the combination of single-cell transcriptomics and phylogenomics information allows
to deduct de evolutionary path taken for this neo-functionalization in this homologous cell
type: (1) the genomic innovation/specific expression of this new transcription factor leads to
(2) a rewiring of the expression of target gene 2 and (3) the recruitment of gene 3 in this gene
network.
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Figure 2. Opportunities for spatial transcriptome approaches in plant biology. A.
Comparative designs across samples, including different treatments, time points, and genetic
backgrounds (left); distinguishing between cell- and non-cell-autonomous responses (top
right); and multi-organism spatial analysis (bottom right).
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Figure 3. Overview of multi-omics profiling data types and data integration approaches. The
top part of the figure summarizes the various layers of biological information captured during
experimental profiling of cells or nuclei, either through single- or multi-omics assays. Following
primary data processing, different data integration strategies can be employed to gain a
holistic overview of the different molecular activities and their potential interactions.
Statistical methods can be used to identify significant associations and correlations between
different omics layers. These methods also enable the identification of differential activity
(e.g., gene expression, accessible chromatin regions, protein, or metabolite levels) across
samples, tissues, and cells. Network-based integration maps the interactions between
different biological entities and are frequently used to represent signaling cascades as gene
regulatory networks, connecting TFs with target genes. In a multi-omics context, these
networks can be annotated with other omics data layers, such as (phospo)proteomics.
Machine learning algorithms can find complex, non-linear patterns in massive datasets that
are too big and complex for humans to explore. Classical feature-based machine learning and
more advanced deep learning approaches can be used for classification and gene prioritization
to identify key genes associated with specific traits or cellular activities. Some figure panels
were made using BioRender and Gemini.
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Figure 4. Single-cell omics methods applied to specialized metabolite research. A. Schematic
cross section of a leaf showing how compartmentalization of specialized metabolite
biosynthesis can require intermediates to be translocated across different cell types in order
for the final product to be correctly synthesized and accumulated. B. scRNA-seq and snRNA-
seq can be used to identify genes involved in a metabolic pathway. The snATAC-seq technology
additionally allows the identification of regulatory elements. C. Mass spectrometry imaging
facilitates the study of metabolite distribution across a tissue, while scMS provides information
on the intracellular concentration of specific metabolites. D. Multiplexing of scRNA-seq and
scMS allows to evaluate correlations between gene expression and metabolite content in the
same cell.
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Figure 5. Integrating plant single-cell data towards anatomically grounded and predictive
atlases. A. Single-cell and spatial datasets span multiple organs, conditions, species, and
modalities, providing heterogeneous input for integration. B. The integration process must
strike a balance between batch correction and alignment against preservation of biologically
meaningful variation including developmental and evolutionary differences, thereby encoding
assumptions about biological correspondence. C. Cell identity is a multi-dimensional, context-
dependent property shaped by cell type, cell state, developmental trajectory, spatial position,
environment, and evolutionary history. Similar transcriptional states (e.g. cortex-like states)
can emerge from distinct origins or reprogramming under different conditions. D. Integration
and visualization within anatomical frameworks, together with cross-species alignment,
enable the creation of predictive models (e.g., gene regulatory networks and machine-
learning-based embeddings), supporting the transition from descriptive atlases to predictive
frameworks for plant development, physiology, and adaptation.
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