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ABSTRACT

Single-cell transcriptomics has been fully embraced in plant biological research and is revolutionizing our
understanding of plant growth, development, and responses to external stimuli. However, single-cell tran-
scriptomic data analysis in plants is not trivial, given that there is currently no end-to-end solution and that
integration of various bioinformatics tools involves a large number of required dependencies. Here, we pre-
sent scPlant, a versatile framework for exploring plant single-cell atlases with minimum input data provided
by users. The scPlant pipeline is implemented with numerous functions for diverse analytical tasks, ranging
from basic data processing to advanced demands such as cell-type annotation and deconvolution, trajec-
tory inference, cross-species data integration, and cell-type-specific gene regulatory network construc-
tion. In addition, a variety of visualization tools are bundled in a built-in Shiny application, enabling explo-
ration of single-cell transcriptomic data on the fly.

Cao S.,He Z.,,ChenR., Luo Y., Fu L.-Y., Zhou X., He C., Yan W., Zhang C.-Y., and Chen D. (2023). scPlant: A

versatile framework for single-cell transcriptomic data analysis in plants. Plant Comm. 4, 100631.

INTRODUCTION

The rapid development of single-cell technologies, in parti-
cular single-cell transcriptomics, offers a unique opportunity to
analyze molecular and cellular heterogeneity within a tissue or or-
ganism. With breakthrough advances in single-cell RNA
sequencing (scRNA-seq) based on protoplast isolation or single-
nucleus RNA-seq (snBNA-seq) (Seyfferth et al., 2021), recent
years have witnessed an explosion of single-cell transcriptomics-
based studies and applications in various plant species, including
Arabidopsis (Zhang et al., 2019a, 2021b; Denyer et al., 2019;
Jean-Baptiste et al., 2019; Ryu et al., 2019; Shulse et al., 2019;
Wendrich et al.,, 2020; Farmer et al.,, 2021; Kim et al., 2021;
Neumann et al., 2022), rice (Liu et al., 2021a; Zhang et al., 2021a;
Wang et al., 2021; Zong et al., 2022), maize (Satterlee et al., 2020;
Bezrutczyk et al., 2021; Marand et al., 2021), and others. These
efforts have not only made it possible to dissect the cellular
architecture of complex plant tissues, such as the root system
(Zhang et al., 2019a; Denyer et al., 2019; Jean-Baptiste et al.,
2019; Ryu et al., 2019; Liu et al., 2021a; Dorrity et al., 2021;
Farmer et al., 2021) and the floral meristem (Xu et al., 2021;
Neumann et al., 2022; Zong et al., 2022), in a thorough and
unbiased manner but have also enabled the characterization of
gene expression dynamics and heterogeneity over time (Denyer
etal., 2019; Liu et al., 2020; Shahan et al., 2022) or in response to
external stimuli (Jean-Baptiste et al., 2019; Wendrich et al., 2020;

Wang et al., 2021; Cervantes-Pérez et al., 2022; Ye et al., 2022) at
single-cell resolution.

Because the technical challenges of applying single-cell transcrip-
tomics to plants have been overcome, many plant organs and tis-
sues can now routinely be subjected to single-cell analyses for spe-
cific purposes (Ryu et al., 2021). The transcriptomes of hundreds to
thousands of individual cells can be established in a single
experiment. Analyzing such single-cell data to make new biological
discoveries requires both hands-on expertise in data analysis and
an integrated analytical framework with versatile functions (Pisco
et al.,, 2021). However, existing tools for analysis of single-cell
transcriptomics data are designed for specific analysis tasks. It is
still challenging, especially for biologists without bioinformatics
expertise, to navigate different analysis tools to establish a
computational pipeline for analysis of their new data (Luecken
and Theis, 2019). Although guidelines and best practices for
mapping single-cell transcriptomic atlases have been proposed
and are valuable to the scientific community (Luecken and Theis,
2019; Clarke et al., 2021), they are not immediately applicable to
the plant community owing to lack of a plant knowledgebase,
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Figure 1. The scPlant workflow.
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(A) The method schema of scPlant. Major software packages or environments used in scPlant are highlighted. Blocks are colored according to the main

category of the corresponding software packages (Supplemental Table 1).

(B) scPlant consists of one core module and several advanced modules.

which is the key to data analysis and pipeline development (Pisco
et al., 2021). Therefore, implementing an up-to-date workflow is
not trivial and would be indispensable for building a navigable plant
cell atlas (Rhee et al., 2019; Jha et al., 2021).

Here, we describe an end-to-end computational framework,
termed scPlant, for exploration of single-cell transcriptomic data
in plants. The scPlant pipeline isimplemented by bundling popular
analysis tools and an associated knowledgebase and thus allows
for diverse analytical tasks. scPlant provides a core module for
basic single-cell transcriptomic data processing and several
add-on modules for advanced topics, including automatic cell-
type annotation (wherever possible) and deconvolution (for bulk
data), trajectory inference, cross-species data integration, and
cell-type-specific gene regulatory network construction. In addi-
tion, scPlant offers a built-in Shiny application with multiple visu-
alization toolboxes, enabling data exploration on the fly. scPlant
is freely available at https://github.com/compbioNJU/scPlant for
non-commercial purposes.

RESULTS AND DISCUSSION

Overview of scPlant

scPlant has been developed for single-cell transcriptomic data
analysis in plants by incorporating popular analysis tools such
as Seurat (Butler et al., 2018), SCENIC (Aibar et al., 2017), and
others (Supplemental Table 1). The only required input for the
scPlant framework is one or several matrixes of single-cell tran-
scriptomic data, which can routinely be obtained from scRNA-
seq or snRNA-seq experiments. We provide the knowledgebase
for the corresponding plant species in order to fully run the pipe-
line. The method schematic of scPlant is shown in Figure 1A.

The scPlant framework consists of one core module and several
advanced add-on modules (Figure 1B). The core module is
designed for preprocessing single-cell transcriptomic data, a
multistep analytical process that includes quality control (e.g.,

removal of potential noise), correction of unwanted variation (e.g.,
batch effects), normalization, dimensionality reduction, cell
clustering, analysis of differential expression, and integration
(if needed; see methods). After running the core module with a
few commands (see the last section practice guidelines for using
scPlant), cell clusters can be determined using outstanding
unsupervised clustering methods such as the Louvain clustering
algorithm (Blondel et al., 2008), and the high-dimensional expres-
sion matrix can be embedded into a low-dimensional space using
dedicated dimensionality reduction tools such as t-distributed sto-
chastic neighbor embedding (t-SNE) (Maaten and Hinton, 2008) or
uniform manifold approximation and projection (UMAP) (Mclnnes
et al., 2018) (Figure 1B). To annotate the identified cell clusters,
differential expression analysis is used to find marker gene sets
for each cluster by comparing cells in the cluster of interest with
all other cells in the dataset. Therefore, mapping cell clusters and
defining marker gene sets are typically the major tasks for any
single-cell analysis in the core module. In principle, the core module
is a prerequisite for all advanced modules. In the following sections,
we demonstrate how to use the advanced modules of scPlant to
extract biological insights using published scRNA-seq datasets.

Case study 1: Cell-type annotation and deconvolution

From the above core module, single-cell data are analyzed by iden-
tifying cell clusters and their associated marker genes. The cell
identity of each cluster can be determined by overlaying the expres-
sion of known marker genes. Thanks to recent and ongoing efforts
such as reference marker gene databases (Chen et al., 2021; Jin
et al., 2022) and single cell atlases (Seyfferth et al., 2021), these
resources are very valuable for cell identity annotation. In this
regard, we have developed automated -cluster annotation
methods in scPlant to facilitate cell-type annotation, which can
be based on an existing marker gene database, functional terms
such as Gene Ontology (GO) terms, or a well-established reference
cell map (Figure 2A). We have implemented several different
solutions for automatic cell-type annotation that are based on
popular tools from the mammalian field, including SingleR
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Figure 2. scPlant enables automatic cell-type annotation and deconvolution.

(A) Conceptual schema of cell-type annotation workflow.

(B) Manual annotation of the reference cell map in Arabidopsis (Zhang et al., 2019a) or rice (Zhang et al., 2021a).
(C) Test datasets (Ryu et al., 2019; Zhang et al., 2023) used for automatic cell-type annotation. The manual cell-type annotation is considered the ground

truth.

(D) Automatic cell-type annotation using different strategies. Cell-type prediction of an Arabidopsis single-cell dataset (Ryu et al., 2019) based on a
reference cell map (Zhang et al., 2019a) using SingleR (top left) or based on known marker genes using scCATCH (top right). Prediction of cell types
for a wheat dataset (Zhang et al., 2023) based on a reference cell map (Zhang et al., 2021a) using CellFunTopic (bottom left) or based on known
marker genes using scCATCH (bottom right). The prediction accuracy is provided.

(Aran et al., 2019), CellAssign (Zhang et al., 2019b), Garnett (Pliner
etal., 2019), scCATCH (Shao et al., 2020), and so on. As a proof of
concept, we manually annotated two scRNA-seq datasets
(PRINA517021 and PRJNA706435) from Arabidopsis (Zhang
et al., 2019a) and rice roots (Zhang et al., 2021a) as the reference
cell map (Figure 2B). We used the scPlant automatic annotation
tool to predict cell types in new scRNA-seq/snRNA-seq datasets
from distinct species (PRINA507252 and CRA008788) (Ryu et al.,
2019; Zhang et al., 2023) and compared the outcomes with
manual annotations (ground truth; Figure 2C). Our evaluation of
diverse prediction strategies based on scPlant marker database
(scPlant-DB) or reference cell maps resulted in promising
predictions (Figure 2D and Supplemental Figure 1). For instance,
scPlant achieved highly accurate automatic cell-type annotation
for a complex genome (hexaploid wheat) using reference annota-
tions or marker gene databases from a different species. Note
that manual annotation is still necessary, given that the current plant
marker gene database is far from complete. However, because

reference databases are becoming increasingly available in various
plants, our automatic cell-type annotation solution offers important
alternatives to manual annotation for the plant community.

The biological role and functional specificity of a given cell type is
tightly linked to the tissue context in which the cells exert their func-
tions. As an alternative to cell-type annotation, the cell-type
composition and its contributions to global gene expression
changes in tissues can be inferred from bulk RNA-seq data using
regression on a reference expression matrix constructed from a
set of cell-cluster-specific marker genes. For this purpose, we
have implemented a cell-type deconvolution functionin our scPlant
pipeline. The deconvolution function is especially useful for
comparing changes in cell-type composition in bulk data gener-
ated under different conditions (e.g., normal conditions versus
stress responses) and thus identifying critical cell types or cell clus-
ters for further functional investigation. Toillustrate the concept, we
used single-cell data obtained from the Arabidopsis root
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(Zhang et al., 2019a) to deconvolve bulk RNA-seq data generated
under different stress conditions. The composition of vasculature
and companion cells displayed substantial alterations in response
to various stressors (Supplemental Figure 2), highlighting the
significance of these cell types in stress responses.

Case study 2: Functional annotation of cell types

One of the ultimate goals of cell-type annotation is to characterize
each cell cluster with meaningful biological labels based on identi-
fied gene signatures for the cluster. For this purpose, we have
provided a new module for functional annotation of cell types or
clusters using complicated functions from our recently developed
CellFunTopic package. In brief, using Arabidopsis root data
(Zhang et al., 2019a) for a case study, we first used gene set
enrichment analysis (GSEA) (Subramanian et al., 2005) to score
the enrichment of well-defined biological processes or pathways
(called functional terms) in each cluster (Figures 3A and 3B).
Reference annotations of functional terms can be taken from the
GO or KEGG database. We then used topic modeling to
map functional terms with reliable biological meanings to relevant
cell clusters on the basis of their topic contributions. In
this manner, we were able to annotate each cell cluster
with specific functional topics (Figures 3C-3E). For instance, the
photosynthetic cell shows enriched functions related to
“chloroplast,” “photosystem,” and “response to radiation,” and
the endodermis corresponds to “response to water” and “water
channel activity.” Furthermore, scPlant enables network
visualization of the functional similarity or specificity of different
cell clusters (Figure 3F). It reveals that an unannotated cluster
(cluster 18 with “unknown” marker genes) is tightly connected to
the cortex clusters, consistent with the observation that this
unknown cluster is located close to the cortex clusters on the cell
map (Figure 2B).

Case study 3: Inference of developmental trajectories

Computational modeling can facilitate the inference of lineage re-
lationships between different cell types. These models can be
used to identify key regulatory genes and signaling pathways
that control development. In plant systems, the inference of devel-
opmental trajectories in single cells has been used to study the
formation of specific tissues and organs, such as leaves (Lopez-
Anido et al., 2021) and roots (Zhang et al., 2019a; Denyer et al.,
2019; Liu et al., 2021b; Shahan et al., 2022). To perform this
analysis, scPlant incorporates various widely used pseudotime
inference tools such as Monocle2 (Qiu et al., 2017), Monocle3
(Cao et al., 2019), CytoTRACE (Gulati et al., 2020), and
SlingShot (Street et al., 2018). We applied scPlant to infer
developmental trajectories using single-cell transcriptomics
data from the Arabidopsis root (Zhang et al., 2019a) with
manually annotated cell types as described above (Figures 4A-
4D). Slingshot connects the clusters by constructing a minimum
spanning tree and then fits principle curves for each identified
branch (Figure 4A), and CytoTRACE predicts the relative
differentiation state of cells from scRNA-seq data (Figure 4B).
Neither SlingShot nor CytoTRACE requires prior information for
inferring cellular trajectories. However, CytoTRACE predicted
the wrong root (xylem cell) of trajectories in this dataset. There-
fore, prior information can be supplied as a starting cell from which
the trajectory may originate. Monocle2 and Monocle3
allow specification of root cells (meristem cells in this example),

scPlant for efficient exploration of plant single-cell atlases

which may help the method to find the correct trajectory
(Figures 4C and 4D). The order of cells along developmental
trajectories varied among CytoTRACE, Monocle2, and Monocle3
in the test dataset (Figure 4E). Nevertheless, the pseudotimes
predicted by these methods show an overall positive correlation
(Figure 4F). Therefore, the choice of method should be based
primarily on the expected topology of the trajectory and the
dimensions of the dataset (Saelens et al., 2019).

Case study 4: Comparative analysis of single-cell
atlases across plant species

With a growing number of single-cell atlases generated in diverse
plant species, it is appealing to compare single-cell gene expres-
sion across species, which provides an opportunity to study
conserved gene expression programs in the same cell type,
generate cell-type phylogenies, and deduce the evolutionary origin
of cell identities (Ryu et al., 2021). For such analyses, we have
provided tools in the scPlant framework for cross-species integra-
tion of single-cell data in matched organs/tissues using one-to-one
orthologous genes as anchors. Note that scPlant mainly uses the
strategy of canonical correlation analysis (CCA) and reciprocal prin-
cipal-component analysis (RPCA) for data integration (Stuart et al.,
2019). Although these methods have been widely used in different
applications, it would be appealing to test the performance of other
state-of-the-art integration methods (Luecken et al., 2021) for
analysis of plant single-cell data.

As a case study, we endeavored to generate an integrated cell map
across species in roots by analyzing published scRNA-seq data
from Arabidopsis (Zhang et al., 2019a), rice (Zhang et al., 2021a),
and maize (Ortiz-Ramirez et al., 2021) (Figures 5A-5D). We
manually annotated the single-cell atlases for each species and
the integrated cell atlas using known marker genes (Figures 5B,
5E, and 5F). We showed that most cell identities were consistent
before and after integration and that species-specific cell types
were still preserved after integration (Figure 5C), confirming the
robustness of the integration analysis. For example, meristem
cells have been independently annotated in each species (Zhang
et al., 2019a, 2021a; Ortiz-Ramirez et al., 2021) (Figure 5B), and
these cells were clustered in the integrated cell map and
expressed marker genes with high conservation and specificity
(Figures 5F and 5G). However, it will be interesting to further
investigate conserved and/or unique genes, as well as gene
regulatory networks, that are expressed in the same cell type
across species.

Case study 5: Construction of cell-type-specific gene
regulatory networks

Gene regulatory networks (GRNs), which consist of interactions be-
tween transcription factors (TFs) and their target genes (TGs),
orchestrate cell-specific gene expression patterns and, in turn,
determine cell function. To construct cell-type-specific GRNs using
single-cell data, we have incorporated the widely used single-cell
GRN analysis tool SCENIC (Aibar et al., 2017) into the scPlant
pipeline and prepared the databases required to support SCENIC
for data analysis in plants. Using the annotated cell atlas from the
above analysis (Zhang et al., 2019a), we can use SCENIC to
identify cell-type-specific GRNs and regulons based on
co-expression analysis and TF motif enrichment (Figure 6). We
have provided various visualization tools alongside the scPlant

4 Plant Communications 4, 100631, September 11 2023 © 2023 The Author(s).
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Figure 3. scPlant enables functional annotation of cell types.

(A) Gene set enrichment analysis (GSEA) of different cell clusters. Heatmap shows the enrichment of biological pathways (rows) in different cell clusters
(columns).

(B) The relationship between cell clusters (left) and representative enriched pathways (right).

(C) Cell clusters characterized by specific “functional topics” based on topic modeling of gene set enrichment analysis results.

(D) Word clouds showing examples of functional topics.

(E) UMAP plot showing the enrichment of a specific biological pathway over cell clusters.

(F) Networks displaying functional similarity of different cell clusters. The case study is based on Arabidopsis root data (Zhang et al., 2019a).

pipeline to display single-cell GRN results in different ways. For Highly specific regulons can be displayed in a scatterplot
example, the pattern of regulon activity across cell clusters (Figure 6C) and cell-type-specific GRNs in a network view
can be shown in heatmaps (Gu, 2022) (Figures 6A and 6B). (Figure 6D). We found that the phytochrome-interacting TF PIF5

Plant Communications 4, 100631, September 11 2023 © 2023 The Author(s). 5



Plant Communications

A Slingshot B CytoTRACE

® vasculature |
root hair |
© meristem |
epidermis
® lateral root primordia !
lateral root cap I
® cortex |
unknown |
® columella cell |
sieve element |
©® endodermis |
phloem/pericycle
® companion cell !
xylem I
® photosynthetic cell |
stem cell niche |
/

PRJNA517021
(Zhang et al., 2019)

. 10.0

75
5.0

I 25

Figure 4. scPlant enables inference of developmental trajectories.

scPlant for efficient exploration of plant single-cell atlases

E Pseudotime

X
o
o
]
L]
c
@
o
e
]
o

Monocle3 Monocle2 CytoTRACE

F Monocle2 Monocle3 CytoTRACE
0.5
0.4 ~
[}
0.633 0.174 |3
02 Fkk 5
0.1 E
0.0
16 ry
°s
14 . .. .‘ ‘3
" ot 0.691 3
10 cad o o ‘:': | |‘ | || | *kk §
: i
1.00
. .* . :
: W2 tges ‘ W
0.75 .(?,. ) 3.. ° . |||'V "'|| 2
0.50 '&.‘ . o III ”H 14
| tke 5
025 cef, < g i % ’ C>>.
<
0.00 \ " *

16000 025 050 075 1.00

(A-D) UMAP showing the predicted pseudotime or trajectories over an example of a cell map. Developmental trajectories were inferred by CytoTRACE
(A), Slingshot (B), Monocle2 (C), and Monocle3 (D). The test data were taken from Zhang et al. (2019a).

(E) Bar plots showing the percentage of cell types over the pseudotime (n = 100 bins) along the trajectory.

(F) Comparison of developmental trajectories inferred by CytoTRACE, Monocle2, and Monocle3 based on estimated pseudotime (n = 100 bins).

is the top regulon TF for photosynthetic cells, in line with its regula-
tory role in photosynthesis and photoprotection (Sakuraba et al.,
2014; Toledo-Ortiz et al., 2014).

Recently, the plant-specific GRN inference tool MINI-EX was
developed (Ferrari et al., 2022). We also incorporated this tool
into our scPlant pipeline. To compare results from MINI-EX
and SCENIC, we visualize their outputs in a similar way
(Supplemental Figure 3). Overall, the regulons predicted by
MINI-EX and SCENIC were consistent among different cell
types (Figures 6E and 6F). For instance, both methods
identified bZIP44 as a specific regulon TF for companion cells,
and ANACO030 was identified as a regulon TF for xylem cells
(Pawittra et al., 2020). However, we noticed that MINI-EX pro-
duces a higher signal-to-noise ratio than SCENIC in terms of
regulon enrichment score (Figure 6E). This discrepancy
probably reflects the different strategies used by each tool for
regulon identification. MINI-EX uses TF and TG expression
levels to filter the regulons when assigning them to a particular
cell type. By contrast, SCENIC calculates the regulon activity
score based on the overall expression of the regulon (TFs +
TGs), resulting in the inclusion of regulons with low TF expres-
sion values in specific cell types.

We have also adapted the paired motif enrichment tool (PMET)
(Rich-Giriffin et al., 2020) to predict pairs of TF-binding motifs
within the promoter regions of cell-type-specific marker genes.
To detect co-associations of regulons in a cell-type-specific
manner, only regulon TFs from the above SCENIC analysis are
used in the PMET analysis. As an example, the enrichment of motif
pairs within promoters of identity genes of a specific cell cluster (the
photosynthetic cell cluster 23, in this case) is shown in Figure 6G. A
highly significant pairing of motifs of TCP family was identified as
specific for the photosynthetic cell cluster, including TCP14 and
TCP15, which are known to be involved in light responses (Viola
et al., 2023). In addition, pairing of ABI5 and ABF motifs was also
enriched, and these have been shown to inhibit photosynthesis
and promote chlorophyll catabolism and leaf senescence (Collin
et al., 2021).

Practice guidelines for using scPlant

To demonstrate the use of scPlant for single-cell transcrip-
tomic data analysis, we have provided the real code used to
run the case studies above (Box 1). The present protocol
would require 2-3 days to set up the workflow and perform a
thorough analysis of several published single-cell datasets

6 Plant Communications 4, 100631, September 11 2023 © 2023 The Author(s).
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(A) Schema of single-cell transcriptomic data integration in Arabidopsis (Zhang et al., 2019a), rice (Zhang et al., 2021a), and maize (Ortiz-Ramirez et al., 2021).

(B) Manual annotation of root cells for each species according to the corresponding publication.

(C) Sankey diagram showing cell-type annotation before and after integration.
(D) Integrated cell map, colored according to the species of origin.

(E) Cell-type annotation of the integrated cell map.

(F) Representative marker genes for each cell type.

(G) Distribution of meristem cells annotated based on the integrated cell map and the expression pattern of the marker gene MAD?2 (left two plots); the
distribution of meristem cells annotated from the original datasets for each species is shown in the right three plots.

(Zhang et al., 2019a, 2021a; Ryu et al., 2019; Ortiz-Ramirez
et al.,, 2021). The pipeline can easily be adapted to analyze

new datasets in various plant species. The workflow is

targeted to plant biologists who have basic familiarity with
computer software and the Linux command-line environment.
Guiding principles and a practice notebook are provided online

(https://compbionju.github.io/scPlant/) to help users run the
recommended workflow.

Finally, we have designed a built-in Shiny application (scPlant-
App), which combines the visualization power of the R program-
ming language with user-friendly web interfaces (Chen et al.,

Plant Communications 4, 100631, September 11 2023 © 2023 The Author(s). 7
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(A) Heatmaps showing the regulon activity per cell type (left) and the expression specificity of the corresponding regulon TFs (right).
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Figure 6. Construction of single-cell gene regulatory networks by scPlant.

(A-D) Outcome of the SCENIC analysis.
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2018), for interactive exploration of the analysis results from the
workflow described above (Figure 7). This function is
particularly beneficial for deep mining of specific cell clusters,
genes, and GRNs of interest.

scPlant features

scPlant is a platform specifically designed for analysis of scRNA-
seq data from plants. Some of the features that make it useful for
plant scRNA-seq analysis include the following:

(1) Plant-specific genome annotations: the scPlant platform uses
marker genes, regulatory motif databases, and functional annota-
tions that are specific to plants, which can help in accurately iden-
tifying and functionally annotating cell types in plant scRNA-seq
datasets. Moreover, the incorporated GRN inference tool MINI-
EX (Ferrari et al., 2022) is specifically designed for plant single-
cell data analysis.

(2) Plant-specific parameters: the scPlant platform may use spe-
cific parameters that are tailored to analysis of plant scRNA-seq
data. For example, the number of detected genes per cell is lower
in plants than in human and animals. As a result, when using the
scPlant platform, less stringent cutoff values may be used for
data quality control to avoid filtering out cells with low gene
expression. In addition, the presence of plant-specific organelles,
such as chloroplasts and mitochondria, which have unique gene
expression profiles, can be leveraged in quality control.

(3) Visualization and exploration: the scPlant platform includes
interactive visualization tools that enable users to explore and
analyze their scRNA-seq data in a user-friendly way. This in-
cludes tools for visualizing gene expression patterns, identifying
co-expressed gene modules, and exploring gene networks and
pathways.

Overall, the scPlant platform provides a powerful set of tools and
resources for analyzing plant scRNA-seq data, and it can help to
advance our understanding of the complex regulatory mecha-
nisms that control plant growth and development.

METHODS

The implementation of scPlant

The scPlant pipeline is mainly implemented in R by taking the advantage of
its statistical and graphic power. We chose the Seurat object (Hao et al.,
2021) to store the underlying data structures of single-cell data. We
have incorporated several important and popular R packages that are
designed specifically for single-cell transcriptome data analysis in
mammalian species but have not yet been tested in plants, such as
scrattch.hicat (Tasic et al., 2018) and MetaCell (Baran et al., 2019). A
few analytical tasks need to run outside of the R environment because

Plant Communications

the required software packages are designed in Python (see online
tutorial).

Preprocessing and quality control of single-cell data

Input files are loaded into individual Seurat objects using the Seurat R
package. The resulting feature-by-barcode count matrix is then normal-
ized and scaled for each sample. Cells retained for further analysis must
meet a set of user-defined criteria: a minimum number of expressed genes
and/or UMI counts and a maximum percentage of mitochondrial gene
expression.

Batch correction and integration

When datasets include many samples, data integration is essential for
overcoming the complex, non-linear, nested batch effects in the data,
which can arise from unwanted technical variation (e.g., sequencing
depth, sequencing lanes, read length, plates or flow cells, protocol, exper-
imental laboratories, sample acquisition and handling, sample composi-
tion, reagents or media, and/or sampling time) or biological factors (e.g.,
tissues, spatial locations, species, time points, or variation among individ-
uals). In the current version of scPlant, the canonical correlation
analysis and robust principal-component analysis methods in Seurat v.3
(Stuart et al., 2019) have been used for batch correction to account for
sample-specific effects. We will continue to test the performance of
various single-cell data integration tools (Luecken et al., 2021) for
comprehensive analysis of plant data and improve the scPlant pipeline
accordingly.

Dimensionality reduction

Principal-component analysis (PCA) is performed on the filtered or inte-
grated feature-by-barcode matrix. Based on the top principal compo-
nents, the low-dimensional embeddings can be obtained using t-distrib-
uted stochastic neighbor embedding (t-SNE) (Maaten and Hinton, 2008)
or uniform manifold approximation and projection (UMAP) (Mclnnes
et al., 2018).

Cell clustering and annotation

Cell clusters can be detected using the Louvain community detection-
based method with a given resolution. Differentially expressed genes in
each cluster are identified using the Seurat “FindAllMarkers” with non-
parametric Wilcoxon rank-sum test method. To annotate cell clusters,
we have compiled a plant cell-type-specific marker gene database by col-
lecting marker gene information from the literature and databases (Chen
et al., 2021; Jin et al., 2022). This curated marker database also enables
automatic cell-type annotation using prediction tools such as scCATCH
(Shao et al., 2020) and Garnett (Pliner et al., 2019).

Cell-type deconvolution

Using a cell-type expression matrix of top marker genes from single-cell
data, the CIBERSORT (Newman et al., 2015) algorithm as implemented
in the RNAMagnet package (Baccin et al., 2019) is used to deconvolute
cell-type abundance from bulk RNA-seq datasets.

Pseudotime trajectory inference

Several popular pseudotime inference tools, Monocle2 (Qiu et al., 2017),
Monocle3 (Cao et al., 2019), CytoTRACE (Gulati et al., 2020), and

(B) UMAP depicting the activity and expression specificity of three selected regulons.

(C) Scatterplot showing the rank of regulons for a specific cell cluster.

(D) A network view of the top five target genes per representative regulon. Small nodes denote target genes, and large nodes denote regulons.
(E) Heatmaps showing the regulon activity per cell type predicted by either MINI-EX (left) or SCENIC (right). Only common regulons predicted by both

programs are shown.

(F) Heatmap showing the similarity (measured by the Jaccard index) of cell-type-specific regulons. Top 30 regulons for each cell type were used for

comparisons.

(G) Heatmap representing the enrichment analysis of regulon pairs in the photosynthetic cell cluster (cluster 23).
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Box 1. Example code for the case studies in this paper.
## Quality control and pre-processing

library(CellFunTopic)

SeuratObj <- readData(data = expMatrix, type = ‘expMatrix’,
species = “Arabidopsis thaliana”)

SeuratObj <- QCfun(SeuratObj)

SeuratObj <- RunSeurat(SeuratObj, resolution = 1)

# Visualization of cell clusters

constellationPlot(SeuratObj)

RunMetacell(SeuratObj)

## Auto-identification of cell types (for Figure 2)

# Six methods were tested for automatic cell annotation.
SeuratObj <- AutoAnnotate_SingleR(SeuratObj, ref)

SeuratObj <- AutoAnnotate_CellAssign(SeuratObj, marker_list)

SeuratObj <- AutoAnnotate_Garnett(SeuratObj, marker_file_-
path = “markers.txt”)

result <- AutoAnnotate_Celaref(SeuratObj, counts_ref,
cellinfo_ref)

result <- AutoAnnotate_scCATCH(SeuratObj, marker_custom)

result <- CellFunTopicpredictFun(SeuratObj,
reference_SeuratObj)

## Estimating the cell-type composition of a bulk sample using a
single-cell reference

CIBER <- decomposeBulk(SeuratObj, exprs, meta)
fractionHmp(CIBER, meta)

## Functional annotation (for Figure 3)

# Gene Set Enrichment Analysis (GSEA)

SeuratObj <- RunGSEA _plant(SeuratObj, by = ‘GO’)
# Topic modeling (for Figure 3)

SeuratObj <- runLDA(SeuratObj, k = 20)

# Refer to https://compbioNJU.github.io/CellFunTopic for more
visualization tools.

## Pseudotime trajectory inference (Figure 4)
result <- RunMonocle2(SeuratObj)
result <- RunMonocle3(SeuratObj)

result <- RunSlingshot(SeuratObj)

result <- RunCytoTRACE(SeuratObj)

scPlant for efficient exploration of plant single-cell atlases

## Cross-species integration (for Figure 5)

crossSpecies_integrate(matrices, species = c(‘Ath’,
‘Osa’, ‘Zma’))

## Gene regulatory network construction (for Figure 6)
## using SCENIC

bash RunGRN_SCENIC.sh -f SeuratObj.rds -s At -t 2 -d cisTar-
get_databases -o output.

# visualization of regulatory network
ras_exp_hmp(SeuratObj, rasMat)
ras_exp_scatter(SeuratObj, rasMat, gene = colnames(rasMat)[1])
topRegulons(rssMat, topn = 5)

toptargets(tf_target, topn = 5)
SpecificityRank(rssMat, cluster = 23, topn = 10)

## using MINI-EX

bash RunGRN_MINIEX.sh -f SeuratObj.rds.

# visualization of regulatory network.
MINIEXouputPath <- “/your_path/regulons_output”
enrich_exp_hmp(SeuratObj, MINIEXouputPath)

enrich_exp_scatter(SeuratObj, MINIEXouputPath, gene =
‘AT1G75390’)

topRegulons_MINIEX(MINIEXouputPath, topn = 5)

targets_MINIEX(MINIEXouputPath, cluster = 23, regulons =
“AT3G16770”)

BordaRank_MINIEX(MINIEXouputPath,
cluster = 23, topn = 10)

## Run the Paired Motif Enrichment Tool (PMET)

# Note: the command below is run in **Shell**

bash RunPMET.sh -o output -m DEG.txt -s At.

# Visualization of PMET result

processPMET(PMETresult, species = ‘Arabidopsis thaliana’)
PMEThmp(PMETresult)

triHmp(PMETresult, clus)

topPairsNet(PMETresult, clus)

## Explore interactively using the built-in
Shiny web application (Figure 7)

load_shinyApp(SeuratObj)

10 Plant Communications 4, 100631, September 11 2023 © 2023 The Author(s).


https://compbionju.github.io/CellFunTopic

scPlant for efficient exploration of plant single-cell atlases

Plant Communications

wsroron)

Difterentially Expressed Genes

=y

T A2 T A (A o

s

Top regulons of each c€

Download

Select rows to: | ©

celitype regulon specificScore
Al Al Al
2_vasculature AT1G01030 0.216233813432674
—
2_vasculature AT1G01060 0.180821134634398
2_vasculature AT1G01260 0.204705552521388
—
2_vasculature AT1G01720 0.235310271166594
—
2_vasculature AT1G02230 0.236813319298744
2_vasculature AT1G02250 0.268609478919729
—
2_vasculature AT1G02840 0.329713141190489
—
2_vasculature AT1G03457 0.160686430191113
2_vasculature AT1G03800 0.200535653560801
—
2_vasculature AT1G03840 0.30929060189982
—
2_vasculature AT1G03970 0.27101802802313
2_vasculature AT1G06070 0.233173372690092
—
2_vasculature AT1G06180 0.334310719449572
—
2_vasculature AT1G06850 0.214361969952723
2_vasculature AT1G08000 0.276639651639141
—
2_vasculature AT1G08010 0.23574145613826
2_vasculature AT1G08320 0.187858718580049
2_vasculature AT1G08810 0.21136059026472
—
2_vasculature AT1G09530 0.228994089552033
—
2_vasculature AT1G09540 0.208142047208338
Showing 1 to 20 of 14,280 entries
Previous 1 » 3 4 5 714 Next

7 Clear Selection

u e name. [ avg_logFC = w2 Pl 30 petot petpie. petdar vglar
-
= N p - 5 " e bl L
I . - - o . [ - ™ . b bouce
o co ATiGMs0 000 e o om ose 2 (&, |
= =5 < sREs o0 . oanz om0 058 [ J han | MY
<o oot 000 oon 0% 082 L] | Ferma |
L 8 2 e @ o e kT o o w o o L L
Voorfassr . B o e = 5 o = . e
[T : . @ = e ba = . Py o ® Wiad s
L B Boos 2 " ©oo e ATsamen 000 s oz o0 o6t [ ] [P s
L Wz 2 » L e  Aucss0  A4GS 530460 000 o084 om0 sas L ] b 1
L L 2 = o gl o+ o
- e : .
> °
Bubble Plot
a ll- " " » . .
J——
- il
. i
o . P
1 o
H "
ER PR 5 ry P F P
VA A A Ve ard s & 7 ErY
VAt avdy f"i*" S y/;, y f:{,f ~ o
K ¢ i

Violin Plot

nal Annotation Differential Expression

Regulatory Network

Araceas0

arsaorsso

szspeenn
3_lateral .

pr— 7 arscdhezo Aviresso arsagoooo
21_ TRADI290 Ar1636350
srataasoo
l'l_.ex / l_cnlu‘unddn
ATS6g5550 ATIG32035350
R asghern \
ATaGas000 i ! ATdG0450
-
23_photosynthetie Fell 18, P Anscassno
o,com’mmw
e . e
Arsaasrro F ” i
e srabens
PR areazesso
0_phloe: ricyete
Ar2Gi8300 P
.
e srscagazo /
gy TS0, oreo
5 xylon sragieaso
ATiGazIE0 7_later: oot cap
srsssezro gz
sriairsso ol pre araatscso
9_&ylen™"
e ariliece ariares
sricigaeo sracaosro
45675490 srsgezaro sracsarso I
aridrosso ;
wreliom 13_sied@Blenent racoazio 4rs660:20
- S_colf@paic
22_efilernis,... . -
srstaucso
; rav—
rerTu—
Arsaagzio 1262289 X Arsgleaso Aratos40
arsizsers srsgaseao
¢ srgasro
u,hu-Gnn cap :
aets50 o o Ariisre) srscerdss
12 -.ns- arsazsioo aregassso
\ arsdasaso / e
arsdussio aracloeso rigeao
arscauoro
AN oo
16_sten (@81 mishe ars@eseo rssdésss |
@ T e
sratsicso - )
* 19_cnfiodernis
o arsgorcs0 arsagzoso pr—
S R e
: lﬂ_n‘ni:
arsctiaso Aridessio
ATSG4ESTO Ardeaeiz0

Figure 7. scPlant provides a built-in Shiny application (scPlant-App) for on-the-fly exploration of single-cell atlases.
Screenshots show the three major panels of scPlant-App.

SlingShot (Street et al., 2018), are included in scPlant for inference of cell

trajectory and cell fate determination.

GRN inference and regulon discovery

TF DNA-binding motifs for different plants have been compiled into our ChiP-
Hub database (Fu et al., 2022) after redundancy filtering. The cisTarget
databases have been constructed according to the SCENIC (Aibar et al.,
2017) protocol (https://github.com/aertslab/create_cisTarget_databases)

for several model plant species. To speed up analysis, the python version

(PySCENIC; https://github.com/aertslab/pySCENIC) (Aibar et al., 2017) is
used to infer the GRN. SCENIC involves three major steps for gene network
inference: (1) identify co-expression modules between TF and potential TGs;

Plant Communications 4, 100631, September 11 2023 © 2023 The Author(s).

(2) for each co-expression module, infer direct TGs based on motif enrich-
ment of the corresponding TF; each regulon is then defined as a TF and its
direct TGs; and (3) calculate the regulon activity score in each single cell
via the area under the recovery curve.
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MINI-EX (Ferrari et al., 2022) is also used to infer the GRN based on
scRNA-seq data. Initially, an expression-based network is inferred from
gene expression profiles, associating TFs with putative TGs. Next, pre-
dicted TGs for each TF are filtered based on TF-binding site enrichment,
resulting in refined regulons (TF + TGs). In the third step, each regulon is
assigned to a specific cell type through enrichment analysis based on
expression of the TGs and further filtered based on expression of the
TF. We used the default parameters of MINI-EX (https://github.com/
VIB-PSB/MINI-EX) to infer the GRN. To compare the results obtained
from MINI-EX and SCENIC, we calculated the Jaccard index, which mea-
sures the degree of overlap between the top 30 regulons inferred by both
tools for each cell cluster.

Regulon-regulon co-association analysis

We incorporated PMET (https://github.com/kate-wa/PMET-software)
(Rich-Griffin et al., 2020) into scPlant to detect the co-localization of pairs
of TF-binding motifs within the promoters of cell-type-specific differen-
tially expressed genes. To reduce false-positive results, only regulon
TFs are retained for analysis.

Gene set enrichment analysis

scPlant provides annotations for several model plants from knowledge
databases such as GO (Gene Ontology) and KEGG (Kyoto Encyclopedia
of Genes and Genomes). GSEA is performed using the GSEA function
from the clusterProfiler (Wu et al., 2021) package.

Functional annotation of cell types

We use CellFunTopic (https://github.com/compbioNJU/CellFunTopic) to
perform functional annotation of cell clusters. Specifically, CellFunTopic
scores the activity of each functional gene set defined by GO vocabularies
using the gene set-scoring method of GSEA (Subramanian et al., 2005).
The resulting enrichment scores in terms of a clusters-by-gene-set
scoring matrix is subjected to topic modeling. CellFunTopic applies
latent Dirichlet allocation (Blei et al., 2003) with variational expectation
maximization (Nasios and Bors, 2006) to factorize the scoring matrix
into a clusters-by-topics matrix ¢ (the probability of a cluster belonging
to a topic) and a topics-by-gene-set matrix ¢ (the contribution of a topic
within a cell cluster). The results are highly interpretable: the top topics un-
der each cell cluster directly reveal the specificity of the biological pro-
grams for a particular cell type.

Code availability

The scPlant pipeline is freely available at GitHub (https://github.com/
compbioNJU/scPlant) for non-commercial purposes.
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