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Germination involves highly dynamic transcriptional programs as the cells of
seeds reactivate and express the functions necessary for establishmentin the
environment. Individual cell types have distinct roles within the embryo, so
must therefore have cell type-specific gene expression and gene regulatory
networks. We can better understand how the functions of different cell

types are established and contribute to the embryo by determining how

cell type-specific transcription begins and changes through germination.
Here we describe a temporal analysis of the germinating Arabidopsis
thaliana embryo at single-cell resolution. We define the highly dynamic

cell type-specific patterns of gene expression and how these relate to
changing cellular function as germination progresses. Underlying these

are unique gene regulatory networks and transcription factor activity. We
unexpectedly discover that most embryo cells transition through the same
initial transcriptional state early in germination, even though cell identity
has already been established during embryogenesis. Cells later transition

to cell type-specific gene expression patterns. Furthermore, our analyses
support previous findings that the earliest events leading to the induction

of seed germination take place in the vasculature. Overall, our study
constitutes ageneral framework with which to characterize Arabidopsis cell
transcriptional states through seed germination, allowing investigation of
different genotypes and other plant species whose seed strategies may differ.

Germination is the process through which seeds begin to grow and
establish in their environment, which is fundamental to agricultural
production. Success requires that the seed monitors both its internal
resources and the surrounding, external conditions to co-ordinate
appropriate responses based on this information and ensure that the
time and place are suitable for future plant growth. Germination and
early seedling growth are consequently plastic, dynamic processes.
The seed is a complex structure comprising many tissues and
celltypes, which are established during embryogenesis' . These cell
types have individual functions and biochemistry that enable tight

spatiotemporal control of growth and development. Variation in
temperatureis sensed and interpreted as asignal to germinate by just
tens of cells in the embryonic radicle of dormant Arabidopsis seeds, in
conjunction with the monolayer of cellsin the endosperm*°. Growth
isthen driven by cell expansion once germination commences, with
both spatial and temporal variation in expansion rates. Initially,
growth occurs in cells adjacent to the radicle tip, then proceeds to
include cells further along the radicle and in the hypocotyl®. The end
of germination is defined by emergence of the radicle through the
endosperm and testa (seed coat), following which the cotyledons

A full list of affiliations appears at the end of the paper.

e-mail: jimwhelan@zju.edu.cn; gouil.g@wehi.edu.au; m.lewsey@latrobe.edu.au

Nature Plants | Volume 10 | September 2024 | 1418-1434

1418


http://www.nature.com/natureplants
https://doi.org/10.1038/s41477-024-01771-3
http://orcid.org/0000-0001-8243-8521
http://orcid.org/0000-0001-7285-5591
http://orcid.org/0000-0001-8096-6857
http://orcid.org/0000-0003-0004-0654
http://orcid.org/0000-0002-1677-863X
http://orcid.org/0000-0002-7671-6983
http://orcid.org/0000-0003-2166-9312
http://orcid.org/0000-0002-3044-0897
http://orcid.org/0000-0002-7383-0609
http://orcid.org/0000-0001-5754-025X
http://orcid.org/0000-0002-5142-7886
http://orcid.org/0000-0002-2631-4337
http://crossmark.crossref.org/dialog/?doi=10.1038/s41477-024-01771-3&domain=pdf
mailto:jimwhelan@zju.edu.cn
mailto:gouil.q@wehi.edu.au
mailto:m.lewsey@latrobe.edu.au

Resource

https://doi.org/10.1038/s41477-024-01771-3

emerge and the seedling transitions from heterotrophic to photo-
autotrophic growth’.

Spatiotemporal control of growth and development requires
correspondingly precise regulation of gene expression. The nuclei
of mature Arabidopsis embryo cells condense and transition to a het-
erochromatic state by the end of seed development, repressing gene
expression®°, This is thought to be an adaptation enabling seeds
to tolerate the desiccation that occurs at the end of seed develop-
ment’. The nuclei then reverse this process as the seed imbibes water
and germination commences, decondensing and transitioning to the
euchromatic state required for gene transcription®". However, ger-
mination considered in the strict sense (that is, to the point of radicle
protrusion) is thought to be dependent only on translation, whereas
de novo transcription during germination is non-essential'>. Consist-
entwith this, mature Arabidopsis seeds contain populations of stored
transcripts that were transcribed during seed development, a subset
of which are translated early in germination”'*, During this time, the
developing embryo draws on stored energy reserves, primarily in the
form oflipids, but also from cell wall carbohydrates® %, Nonetheless,
transcription and de novo gene expression occur relatively early in
germination, within1-2 h of imbibition'>*. A cascade of transcription
factorsregulate gene expression at this time, which influences the rate
atwhich germination progresses and is essential for asuccessful tran-
sition to post-germination seedling establishment>*'>*?, Temporal
changes occur in DNA methylation and small RNA abundance during
germination, both of which are likely to be involved in gene regula-
tion>?**, Gene expressionalso varies spatially within seeds, reflecting
the different functions of tissues and cell types"***. However, the
resolution of spatial studies, and consequently theinsight they provide,
have been limited by the precision and scale achieved by the predomi-
nant methods of hand isolation or laser capture microdissection'**,

Through understanding the spatiotemporal regulation of gene
expression in seeds, we can better understand how the functions of
different cell types are specified, and how these contribute to the
functions of the seed as a whole. To this end, we investigated gene
expression dynamics in the Arabidopsis embryo over the first 48 h of
germination, asit transitions into a seedling, at single-cell resolution.
We theninterrogated the data to understand how the transcriptional
state of cells progresses and how gene expression is regulated. We
observed that most cells pass through a shared early transcriptional
state before transitioning to cell type-specific transcriptional states.
Once established, these cell type-specific transcriptional states were
dynamic over germination and reflected changing functional proper-
ties of the cells. We constructed gene regulatory models for each cell
type, fromwhich we predicted key transcription factors that are active
inindividual cell types. This study provides insight into the different
regulatory mechanisms operating as aseedling establishes itself within
the environment.

Results

Generation of a single-cell expression atlas of germinating
embryos

The major goals of our study were to characterize how gene expression
differsbetween the cell types that constitute germinating Arabidopsis
embryos and to determine how these patterns of gene expression may
be regulated. To this end, we generated a single-cell RNA sequencing
(scRNA-seq) atlas of germinating Arabidopsis embryos (Fig. 1). First,
we established baseline germination dynamics in our system by per-
formingagermination assay with Columbia-0 (Col-0) seeds, assessing
testaand endosperm rupture over 48 h after transfer to light (Fig. 1a).
Neither testarupture nor endosperm rupture was observed at12 h; at
24 h, there was 41% testarupture and 12% endosperm rupture, followed
at36 hby 89%testarupture and 71% endosperm rupture and at 48 hby
96% testarupture and 92% endosperm rupture. We selected three time
points for analysis from this assay (12,24 and 48 h), corresponding to

early germination (imbibed seed), mid-germination (the start of testa
rupture) and the end of germination (endosperm rupture and radicle
emergence) (Fig. 1a,b)"®. Seeds were harvested at each time point and
embryos werereleased from the seed coat and endosperm by physical
disruption. Protoplasts of enriched embryo cells were then isolated
and enriched to high purity to physically separate the cells from one
another and make them amenable to microfluidic handling.

Isolation of protoplasts affects gene expressioninsampled cells,
creating a technical effect that must be controlled for in subsequent
analyses®°, To enable this correction, we analysed the effect of pro-
toplastisolation on embryo transcriptomes using bulk RNA-seq (that
is, not scRNA-seq). We compared transcriptomes in whole, isolated
embryos with those of our protoplast preparation, finding that 1,202
genes were differentially expressed between them (1% false discovery
rate (FDR); log,[fold change] > 1.5; Fig.1c,d and Supplementary Table1).
The genes responsive to protoplast isolation responded consistently
across all time points (Fig. 1c) and the overall transcription dynamics
during germination were preserved in protoplasts (only 0.4-2.5% of
discordant changes between time points, where agene thatis upregu-
lated in the whole-embryo data is downregulated in the protoplast
data, or vice versa). Removing protoplast-responsive genes slightly
improved the correlation between whole-embryo transcriptomes and
single-cell pseudobulk transcriptomes at each time point (Pearson
correlation coefficients of 0.80, 0.83 and 0.80 for the 12,24 and 48 h
time points, respectively, up from 0.79,0.82 and 0.79) (Supplementary
Table 2). These genes were excluded from our subsequent scRNA-seq
dataanalyses.

Other plant single-cell gene expression studies have also used
protoplastisolation to separate cells***, Approaches to correct for the
effect of protoplast isolation have varied. Some studies have applied
bulk RNA-seq in the same manner as ourselves?%***>%73% ‘whereas
others have either used a single previously generated reference set of
protoplastisolation-responsive genes***"** or reported no correction
atall®>*. Other scRNA-seq studies that have been comparably rigorous
have detected similar numbers of protoplast-responsive genes (2,231
genes’® and 3,545 genes”), compared with the 1,202 genes that we
detected in our study. It is possible that the population of protoplast
isolation-responsive genes varies depending on experimental condi-
tions, growth stage and other factors. We tested this by determining
how many of the responsive genes were shared between our analysis
andthe previously generated reference set?®. Only 75 of our 782 upregu-
lated protoplastisolation-responsive genes were shared between the
two datasets (Fig. 1e). This indicates that systematic parallel analysis
and control for the effects of cell isolation isimportant when conduct-
ing scRNA-seq experiments.

Transcriptomes of germinating embryo protoplasts were analysed
using the 10X Genomics Chromium platform to produce a single-cell
atlas (Fig. 2 and Extended Data Fig. 1). Two biologically independent
replicates were conducted per time point, with each sample a pool of
hundreds of embryos. Samplesin the first replicate comprised an equal
mixture of Col-0 and Cape Verde Islands-0 (Cvi-0) cells for technical
reasons, to enable real single cells to be distinguished from doublet cell
capture events and background noise. Real single cells would contain
only single nucleotide polymorphisms (SNPs) from a single ecotype,
whereas doublets and background would contain a mixture of SNPs
from both ecotypes. This was particularly helpful for the early time
points, where cell messenger RNA (mRNA) content was low and default
settings of the 10X Genomics data processing pipelines may have
missed transcriptionally quiescent cells. Only Col-0 cells were used
for all subsequent biological analyses, as the germination properties
of Cvi-0 differ substantially. This yielded a total of 12,798 Col-O cells,
withanaverage1,025expressed genes per cell (Extended DataFig.1a,b).
Cellrecovery and the number of detected genes increased with time of
germination, although equal numbers of cells wereloaded per sample
and each sample was sequenced at a similar depth (Extended Data
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Fig.1| Germinating embryo scRNA-seq experimental design and impact of
protoplastisolation on the transcriptome. a, Arabidopsis seed germination
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(greenline). Representative images for each time point are shown below. b,
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protoplasts; and (3) scRNA-seq of individual embryo protoplasts. ¢,d, Expression
changes of 1,202 genes in response to protoplast isolation (log,[fold change]).
The transcriptional response to protoplast isolation was consistent across time
points (heatmap (c)) and included large fold-changes for well expressed genes
(MA-plot (d)). e, Venn diagram of the limited overlap in upregulated genes upon
protoplast isolation between this study and a previous study by Birnbaum and
colleagues®. CPM, counts per million; np, non-protoplast; p, protoplast.

Fig.1a;140-170 millionreads per sample). Itis likely that this occurred
because the number of transcripts per cell was low in the early stages
of germination (fewer unique molecular identifiers (UMIs) detected
despite higher numbers of reads per cell; Extended DataFig. 1e), affect-
ingthe detection oftrue cells from background, even after fine-tuning
the cell detection parameters using the two ecotypes. We integrated
datafromall samples to minimize technical effects, then clustered cells
accordingto their transcriptional profiles and visualized the resulting
clusters in two dimensions with uniform manifold approximation
and projection to assess the consistency between replicates and time
points (Fig. 2a and Extended Data Fig. 1c-e). Cells from independent
replicates of individual time points were co-located in the analysis,
indicating that replicates were consistent with one another after data

integration (Extended Data Fig. 1d). Fifteen distinct clusters of cells
with similar transcriptional profiles were resolved among these data,
which probably represented different cell types and states (Fig. 2a).
The cell clusters detected within embryos differed markedly
between the 12, 24 and 48 h time points (Fig. 2b and Extended Data
Fig. 1f). No cell division occurs in embryos during germination, so no
new cells arose in the time period studied®. Consequently, the differ-
ences in cell clusters between time points indicate that the transcrip-
tional states of individual cell types within the embryo change over
time during germination. Additionally, celltypes are established during
seed development rather than during germination. This means that
the cell clusters defined in our experiment correspond to cell states
adopted by the various cells and tissues through the time course of
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(negative controls) are shown. Representative images are shown (more than ten
embryos were examined). Scale bars, 200 pm.

germination, rather thanto celltypes directly. The consistency between
replicates at individual time points was considered (Extended Data
Fig.1d,f). Largely, the same clusters were present in each replicate, but
the proportions of cellsin those clusters varied. As gene expression is
highly dynamic at this time, even a very small shift in harvest time or
environmental conditions might cause differences betweenreplicates.
Overall, however, the replicates corresponded well with one another.

Annotation of cell types in the expression atlas
We annotated the clusters within the embryo single-cell atlas so that
we could interpret the changes occurring among them during germi-
nation (Fig. 2c and Supplementary Table 3). Annotation of single-cell
datais oftenachieved by reference to an existing ground truth dataset
of manually dissected or sorted cells from the organ of interest®* ",
A comprehensive ground truth dataset does not exist that describes
all cell types of the embryo during germination. To overcome this, we
investigated the published literature and identified relevant marker
genes fromseveral studies, then compared them with genes expressed
specifically in one or a small number of clusters (Supplementary
Table 3).

We were able toinfer identities for 13 of the 15 clusters (Fig. 2c,d).
We detected the most abundant cell types of the cotyledon (mesophyll
(clusters 3 and 13)), hypocotyl (cortex (clusters 1, 5 and 7), epidermis
(cluster 6) and cortex/endodermis (cluster 2)) and radicle (epidermis
(cluster10), radicle apical meristem (cluster 14) and quiescent centre/
columella (cluster 4)). Cell type markers were expressed clearly by
cluster 2 (cortex/endodermis) and cluster 10 (epidermis), but we could
notdistinguishwhether these were residentinthe hypocotyl or radicle,
probably reflecting that these cell types are continuous between the

two organs at this developmental stage. Cells of the provasculature
(protophloem (cluster 15), protoxylem (cluster 9) and provascular
cells (cluster12)) were mostly detected at the 48 h time point. Identities
could not be assigned to clusters 8 and 11 because they did not show
clear enrichment of expression for any marker genes from the litera-
ture, indicating that the clusters may represent some uncharacterized
cell state or type. Clusters strongly expressing the marker transcripts
ofthe shoot apical meristem WUSCHEL (WUS; AT2G179500), CLAVATA3
(CLV3; AT2G27250), SHOOT MERISTEMLESS (STM; AT1G62360) and
KNOTTEDI1-LIKE HOMEOBOX GENE 6 (KNAT6; AT1G23380) were not
detectable in the dataset. Some enrichment of KNAT6 and STM was
detected in clusters 2, 4 and 12, suggesting that these clusters might
include a small number of shoot apical meristem cells. The absence
of a clear shoot apical meristem cluster probably occurred because
these cells are very rare (approximately eight cells) relative to the
total number of cells in an embryo. We also did not detect expression
of endosperm or seed coat marker in any cluster, confirming the suc-
cessfulisolation and enrichment of embryos (Fig. 2c).

We validated annotations for clusters 9 and 14 using an inde-
pendent experimental method (Fig. 3). We had annotated cluster 9
as protoxylem within the provasculature and present only at 48 h.
The scRNA-seq analysis indicated that AT1G55210 expression was an
independent marker for cluster 9, which had not been used in the
initial literature-based annotation of the cluster, so we determined
thelocation of its transcripts by RNAin situ hybridization (Fig. 3a, Sup-
plementary Tables 4 and 5and Extended Data Fig. 2). Correspondingly,
a signal was detected specifically within the protoxylem at 48 h but
was not detected at 24 h. We also validated the annotation of cluster
14 as radicle apical meristem cells, present only at 48 h. The location
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of the independent marker transcript AT3G20470 was examined. A
signal was specifically detected in cells of the radicle apical meristem
regionand only at 48 h, but with the signal weaker in the radicle cortex
cells (Fig. 3b, Supplementary Tables 4 and 5and Extended Data Fig. 2).
This observation corresponded with our annotation of cluster 14 from
known marker transcripts, whichindicated the presence of epidermis,
endodermis, atrichoblast and root cap marker transcripts (Fig. 2c).
The marker gene validation results for both clusters were also consist-
ent with the changes in the detection of clusters over time described
above, further illustrating the dynamic nature of cell transcriptomes
during germination.

Embryo cells undergo extensive transcriptional
reprogramming

The growth properties and development of individual cells within the
embryo change as germination progresses>°. We investigated how
underlying dynamic gene expression might contribute to changes in
the functional properties of cells during this time and how this relates
to the transcriptional states observed in our data. We focused on the
hypocotyl cortex cells because these were detected as three distinct
clusters (1,5and 7) present in different proportions at each time point
across germination (Fig. 4). Cells of cluster 5 were the most abundant
at12 h, accompanied by asmall number of cluster1cells (Fig. 4a). Cells
of clusters1and 7 were most abundant at 24 h, whereas at 48 h very
few cells were detected from any of the clusters, but cells of cluster 1
were the most abundant (Fig. 4a). The existence of three distinct clus-
ters of hypocotyl cortex cells indicated that there were populations
of hypocotyl cortex cells whose transcriptomes differed. It was not
possible to identify single marker transcripts clearly specific to indi-
vidual clusters, suggesting that the differences between clusters were
relatively subtle and related to quantitative differences in the expres-
sion of many genes rather than the complete presence or absence of
certaintranscripts (Extended DataFig.3 and Supplementary Table 6).
However, marker transcripts strongly specific to all three of clusters
1,5and 7 combined were readily identified (Extended Data Fig. 4 and
Supplementary Table 7). AT4G16410 was a specific marker transcript of
clusters1,5and 7 atthe 12 and 24 h time points in our scRNA-seq data.
Expression of the transcript was detected by RNA insitu hybridization
in lower and middle hypocotyl cortex cells at 12 and 24 h, confirming
the cell type annotation of clusters 1, 5 and 7 (Fig. 4b and Extended
DataFig.5).

We conducted a detailed analysis of the transcriptomes of cells
withineach of the three hypocotyl cortex clusters (1,5and 7) to under-
stand their similarities and differences. We performed anew dimension
reduction analysis only for cells annotated to hypocotyl clusters (1,2,
5,6,7 and 10) to remove the influence of the large transcriptional dif-
ferences from cells of other organs or tissues, thereby allowing us to
focusonthe smaller differences between hypocotyl cells (Fig. 4c). Cells
ofthe hypocotyl cortex clusters again formed a contiguous group even
atthis focused scale, confirming that the transcriptomes of clusters 1,5
and 7 were highly similar (Fig. 4c). Thetemporal ordering of the group
was preserved, transitioning from cells harvested at 12 h (cluster 5),
through 24 h (clusters 7 and 1) to 48 h (cluster 1; Fig. 4a). These obser-
vations suggested that clusters 1, 5 and 7 represent hypocotyl cortex

cells transitioning through different transcriptional states over time
during germination.

We further examined the proposal that clusters1,5and 7 represent
hypocotyl cortex cells at different stages of germination by assembling
the hypocotyl cortex cells onto a pseudotime trajectory. The cells of a
single cell type within anindividualembryo become active at different
times during germination, initiating a dynamic gene expression pro-
gram®>*, Consequently, the cells of asingle cell type are spread across
ashared developmental trajectory of gene expression, witheachcellin
aslightly different expression state. Furthermore, the precise time at
which germination begins under uniform conditions differs between
genetically identical seeds*’. Each samplein our experiment was a pool
of hundreds of embryos. Therefore, many cells of each cell type would
have been present in each of our samples, and these cells would have
beendistributed across a continuum of that cell type’s developmental
trajectory. This experimental design is advantageous becauseit allows
us to reconstruct the developmental trajectory of gene expression
using a technique called pseudotime analysis. Pseudotime analysis
arranges the cells of a single-cell experiment into order according to
their expression states, and thereby developmental progression. In
our case, early pseudotime should correspond to early germination
and late pseudotime to late germination, and the cells are ordered
on a continuum between these points. This ordering of cells enables
examination of how gene expression changes dynamically during
germination.

Reconstruction ofthe pseudotime trajectory supported the notion
that clusters 1, 5 and 7 represent hypocotyl cortex cells transitioning
through different stages of germination, with pseudotime following
asimilar path to the true time of germination (Fig. 4c). Furthermore,
the dynamics observed in transcriptomes across hypocotyl cortex cell
clustersindicated that the functional properties of these cells change
during germination. To examine this, we identified modules of genes
that were co-expressed and assessed their functions and timing of
expression. There were 25 distinct modules of co-expressed genes
across the pseudotime trajectory of clusters1, 5and 7 (Fig. 4d and Sup-
plementary Table 8). These were broadly categorized as early (modules
4,6,11,12,14,15,17 and 24), mid- (1, 2, 5,19, 20 and 22) and late (3, 7, 8,
9,10,13,16,18, 21, 23 and 25) on the pseudotime trajectory, which can
be considered as equivalent to early, mid- and late germination. Genes
co-expressed during early germination were enriched for functions
related to chromatin accessibility, transcription, RNA splicing and
translation; during mid-germination, functionsrelated to translation,
protein maturation and photosynthesis were more strongly evident;
and in late germination, photosynthesis was the dominant function.
These analysesindicate that dynamic gene expression drives functional
changesin hypocotyl cortex cells across germination.

Aninitial cell transcriptional state is established early in
germination

Next, we sought to understand how initial cell transcriptional states are
established as cells commence activity. The earliest germination time
point, 12 h, was dominated by cells of clusters 8 and 11 (26.74 and 37.27%
of cells captured at12 h, respectively; Fig. 5 and Extended Data Fig. 1f).
Like many other clusters, the presence of clusters 8 and 11 was dynamic

Fig.4|Clusters1, 5and 7 define a trajectory of hypocotyl cortex cell states.
a, UMAP dimensional reduction and visualization of clusters 1, 5and 7 cells
across three timepoints, 12 h, 24 h and 48 h. b, Confirmation of the locations of
clusters1,5and 7 using RNA in situ hybridization of amarker transcript specific
to these clusters at 12 and 24 h. Left, UMAP dimensional reduction plots of the
expression of the marker transcript of AT4G16410 across all cells at each time
point. Right, locations of the hypocotyl cortex cell type. Representative images
are shown (more than ten embryos were examined). Scale bars, 200 pm. c, Cells
of clusters1, 5and 7 form a contiguous group together. They sit upon a temporal
trajectory from12 h to 24 hto 48 h, which corresponds to the transition from

cluster S cells, through cluster 7 to cluster 1 cells (top graph). Reconstruction of
pseudotime (bottom graph) follows a trajectory that corresponds to the real time
of germination (middle graph). On the trajectory, branch points are denoted

by black circles and leaves (outcome cell states) are denoted by grey circles,

while numbers are for reference purposes only. d, Co-expressed gene modules
across the pseudotime trajectory of cluster1, 5and 7 cells. Early pseudotime
isequivalent to early germination. The module annotations are major
representative Gene Ontology terms associated with the modules, assessed using
Gene Ontology term reduction.
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across germination, being greatest at 12 h, and with the clusters being
almost entirely absent by 48 h (Fig. 5a). We were unable to identify
known cell type marker transcripts from the published literature with
which clusters 8 and 11 could be annotated. Cluster 8 expressed marker
transcripts of mature embryos and dry seeds, suggesting that it might

comprise cells in an early germination state that have not previously
been characterized (Fig. 2c)*. To test thisidea, we assessed the similar-
ity of the cluster 8 and 11 transcriptomes with the transcriptomes of
whole seeds at earlier germination time points (Fig. 5b). To do so, we
used a dataset of whole (bulk) seed RNA-seq thatincluded1,6and12 h
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Fig. 5| Initial transcriptional stages are established early in germination.

a, Top, UMAP dimensional reduction and visualization of all cells across three
time points (that s, 12,24 and 48 h), showing the temporal changesin celland
cluster detection. Bottom, UMAP dimensional reduction and visualization of
cluster 8 and 11 cells across three time points. b, Comparison of transcriptomes
of each cell, grouped by cluster, against whole (bulk) seed transcriptomes from
early time points during germination. The transcriptomes of cluster 8 cells are
strongly similar to the transcriptomes of bulk seeds at 1and 6 h of germination.

c,d, RNAin situ hybridization to confirm the locations of clusters 8 (¢) and 11

(d) at1, 6 and 12 hafter 48 h of stratification using two cluster-specific marker
transcripts for each. lllustrated sketches indicate the area of expression. The
expression of each marker is shown in an adjacent UMAP dimensional reduction
plot that displays all of the cells detected at 12 h, some of which belong to

other clusters. Representative images are shown (more than ten embryos were
examined). Scale bars, 200 pm. The arrows indicate regions where signals were
detected.

germination time points (thatis, earlier thanin our scRNA-seq analysis)
and calculated identity (module) scores between each cell and the bulk
seed transcriptomes®. Cluster 8 cellsidentified strongly (more than all
other clusters) withthe transcriptomes of 1and 6 hbulk seeds, whereas
cluster 11 cells did not. This suggested that the biological properties
of clusters 8 and 11 are distinct.

The physical locations of cells in clusters 8 and 11 were deter-
mined to better understand their biological properties. We exam-
ined the localization of two marker transcripts for each cluster using
RNA in situ hybridization. Expression of cluster 8 marker transcripts
(AT4G25140 and AT5G35660) was detected throughout the whole
embryo (cotyledon, hypocotyl, radicle and provasculature) at 12 h
(Fig. 5¢, Supplementary Tables 5 and 9 and Extended Data Fig. 5). We
also examined the expression domain of cluster 8 marker transcripts
atland 6 h, given the similarity of this cluster to earlier bulk germina-
tion time points, embryos and dry seeds*. The same whole-embryo
expression patternwas detected at1and 6 h (Fig. 5c and Extended Data
Fig.5). Contrastingly, marker transcripts of cluster 11 (AT1G27130 and
AT5G10520) were detected only in the provasculature cellsat 1, 6 and
12 h (Fig. 5d, Supplementary Tables 5and 9 and Extended Data Fig. 5).
This expression domain of cluster 11 marker transcripts corresponds
to a defined region of abscisic acid and gibberellic acid signalling,
which is proposed to regulate the decision to germinate in dormant
seeds—an event that precedes the germination events covered by our
experiments*. Considered together, these data indicate that cluster
8 represents a general cell transcriptional state through which most
cells of the embryo pass early in germination. In contrast, cluster 11
probably represents the set of cells where the decision to germinate
was made, which appear to have an early germination transcriptional
state thatis different from all of the other cells.

Individual gene regulatory programs are active in each cell
type

The many cell types of an embryo each have different roles and con-
tribute at different times to the success of germination"***, This is
achieved by cell types having distinct functional properties, which
must be determined by the particular complement of genes that these
cellsexpress. Consequently, each cell type of the germinating embryo
should have aunique and dynamic gene regulatory program. We exam-
ined the properties of these gene regulatory programs by analysing
gene expression dynamics and predicting the transcription factors
that putatively regulate programs for each cell cluster (that is, cell
type or state) identified in our scRNA-seq dataset (Fig. 6, Extended
Data Figs. 6-9 and Supplementary Tables 10-14). We used a method
called continuous state hidden Markov models—transcription factor

(CSHMM-TF) because it assembles pseudotime trajectories from which
expression dynamics can be analysed and also predicts which transcrip-
tion factors are putative regulators of the observed gene expression
dynamics**. CSHMM-TF predicts regulatory transcription factors based
onboththeirexpressionand the expression of their target genes. This
isachieved by integrating transcription factor binding data, here pro-
vided as experimentally validated target genes for >500 Arabidopsis
transcription factors fromgenome-wide in vitro protein-DNA binding
assays*’. CSHMM-TF also identifies where the gene expression of groups
of cells diverges substantially during pseudotime, splitting cells with
different expression states onto different paths that might indicate
subpopulations of cells within a cluster.

Gene expression was dynamic and complex across germination
in all cell clusters. Each cluster exhibited distinct patterns of gene
co-expression across germination and the functional annotations
enriched among expressed genes changed across germination, sug-
gesting changes in cell biological properties (Fig. 6a, Extended Data
Fig.5and Supplementary Tables 10 and 11). For example, cells of cluster
8 (early germination cell state) first expressed genes involved in the
utilization of energy resources (ATP and oil bodies; path P0), followed
by RNA processing, translation and hypoxia (path P1). The expression
of energy biology functions earliest probably indicates the initiation
of metabolism, whose resumption when mitochondrial function is
being re-established would result in the observed hypoxia signature
at this phase of germination**. Consistent with this, rice and barley
grains express similar functionsin the earliest phase of germination**¢,
Cells then split along two gene expression paths, with path P2 cells
expressing genes involved in mRNA metabolism and energy biology,
but path P3/P4 cells expressed more protein processing and transla-
tion functions. The patterns of gene expression differed in cluster 11
cells (germination decision centre) compared with cluster 8 (Fig. 6a
and Supplementary Tables 10 and 11). For example, genes associated
with hypoxiawere already expressed at the earliest phase of the cluster
11 model (PO). This would be consistent with metabolism in cluster 11
cellsbecomingactive earlier,as would be expected for the cells where
the decision to germinateis first made. Cluster 11 cells then splitalong
three gene expression paths (P1, P2/3 and P4), with the expression of
functionsinvolvedintranslation and ribosome biogenesis featuredin
two of these (P1and P2/3). For clusters 8 and 11, the pseudotime arrange-
ment was consistent with the actual germination time of cells (Fig. 6a).
Similarly complex and distinct patterns of gene expression over germi-
nation were observed for all clusters, indicating that gene regulatory
programs differ between each cluster and therefore between each
cell type or state (Fig. 6, Extended Data Figs. 6-9 and Supplementary
Tables10-14).

Fig. 6 | Transcription factors of clusters 8 and 11 are predicted and validated
to affect seed germination. a, Pseudotime models of cell developmental
trajectories for clusters 8 and 11, constructed using CSHMM-TF. P indicates paths
and D indicates nodes. Nodes demarcate the start and end of each path. Mutants
with mutation of the genes encoding the transcription factors highlighted in

red were selected for germination assay. b, Germination assay of T-DNA mutant
lines predicted in CSHMM-TF of clusters 8 and 11. The percentage of germination
of seeds (endosperm rupture) at 24 his shown. Each data point represents one
biological replicate of 50 scored seeds. Seeds from two individual parent plants
(_1and_2) ofeach mutant line were included. Four biological replicates are

included for each mutant line. Asterisks denote significant differences compared
withwild-type Col-0. Statistical significance was determined by two-tailed paired
Student’s t-test (P<1x 107). Mutants with mutation of the genes highlighted in
red were selected for RNA-seq. ¢, Number of DEGs (FDR < 0.05) in mutants

at 24 h compared with wild-type Col-0. Positive values represent upregulation

in the mutant and negative values represent downregulation in the mutant.

d, Active transcription factors (TFs) in every CSHMM-TF model of the 15 clusters
identified, comprising a total of 81 unique transcription factors, 39 of which are
active in one cell cluster only.
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Differing gene regulatory programs require the activity of differ-
enttranscription factors. We first compared the candidate regulatory
transcription factors predicted by our models for the gene regula-
tory programs of clusters 8 and 11. Seven out of 15 predicted regula-
tory transcription factors were unique to cluster 8, whereas 15 out of
23 were unique to cluster 11 and eight were shared between the two
clusters (Fig. 6a). Several of these transcription factors had previous
evidence implicating them in germination or early seedling growth.
Regulators of brassinosteroid hormone responses were among the
transcription factors shared between clusters (BESI-INTERACTING
MYC-LIKE PROTEIN 2 (BIM2; AT1G69010), BES1/BZR1 HOMOLOG 3
(BEH3; AT4G18890) and BES1/BZRIHOMOLOG 4 (BEH4; AT1G78700)),
whichisnotable because brassinosteroids play animportantroleincell
divisionand growth”. Three transcription factors specific to cluster 8
have functionsinembryo development, seed maturation and lipid accu-
mulation (ABA-RESPONSIVE ELEMENT BINDING PROTEIN 3 (AREB3;
AT3G56850), FUSCA3 (AT3G26790) and HEAT SHOCK FACTOR 3 (HSF3;
AT5G16820))*-*°, Another cluster 8 specific transcription factor (GT-1;
AT1G13450) promotes light-responsive gene expression, consistent
with the recent exposure of the seeds to light as a germination trig-
ger’'. The cluster 11-specific transcription factor ERF55/translucent
green (TG; AT1G36060) suppresses light-induced seed germination®.
Others have roles in mucilage production and root hair growth (DF1;
AT1G76880), which occurs early in germination, as well as calcium
signalling (CALMODULIN-BINDING TRANSCRIPTION ACTIVATOR 1
(CAMTAL; AT5G09410) and CAMTAS (AT4G16150)) and auxin-mediated
morphogenesis (HAT2; AT5G47370), both of which are signalling path-
ways that influence seed development and germination®°, These
analyses indicate that cells of clusters 8 and 11 execute distinct gene
regulatory programs involving different sets of transcription factors.

We assessed the utility of our model asatool with which to predict
transcriptionfactorsthatinfluence germination phenotypes. Our analy-
sisfocused onthe predicted regulatory transcription factors specific to
cluster 8 (7 out of 15) and cluster 11 (15 out of 23). We obtained transfer
DNA (T-DNA) fragments conferring homozygous mutations expected
to disrupt either promoters or coding sequences of the transcription
factors from cluster 8 (four independent T-DNA fragments disrupt-
ing three genes: areb3 for AREB3, gt1-1 and gt1-2 for GT1, and hsf3 for
HSF3) and cluster 11 (seven independent T-DNA fragments disrupting
five genes: dof5.8 for AT5G66940, tg-1 and tg-2 for TG, tga6 and tga6-
1for TGA6 (AT3G12250), tga9 for TGA9 (AT1G08320) and wrky3 for
AT2G03340; Supplementary Table 15). These genes were selected for
analysis based on the availability of single-insertion mutation-causing
lines from the Arabidopsis Biological Resource Center targeting the
intended region of genes. Progeny from two parent lines were collected
foreach T-DNA fragment for quantitative PCR with reverse transcription
(qRT-PCR) analysis to confirm knockout or knockdown of the target
genes. The results indicated that fragments targeting AREB3, HSF3,
GT1 and DOF35.8 caused knockdown of the genes, whereas fragments
targeting TGA9, WRKY3, TG and TGA6 caused knockout of the genes.
The second allele for GT1, for which the insertion of T-DNA was in the
promoter region, caused overexpression of this gene in the mutant
(Extended Data Fig.10a). The germination rates of the mutated plants
(as determined by testa rupture) were compared with those of wild-type
Col-0 after 24 h exposure to light, across four independent biological
replicates (Fig. 6b). The germination rates were faster for all mutants
with mutations affecting four out of the eight transcription factors
(AREB3, GT1, TGA9 and WRKY3). For cluster 8, the germination rates
were consistently faster in all progeny lines of areb3, gt1-1 and gt1-2
mutants. The germination rates of the hsf3 progeny lines were inconsist-
ent. For cluster11, the germination rates were consistently fasterin all
progeny lines of tga9 and wrky3, whereas the germination rate of dof5.8
did not differ from that of the wild type. tg-1 exhibited an increased
germination rate but ¢g-2 did not, suggesting a difference of effect
between these two mutations in the same gene. The germination rate

was increased in one of two tga6 progeny lines and both tga6-1 progeny
lines, potentially resulting from a relatively weak phenotypic effect of
tgaé6.Overall, theseresults indicate that our modelling approachis able
toidentify transcription factors thatinfluence germination phenotypes
when altered through mutation of their encoding genes.

We alsoinvestigated the effects of mutating genes encoding pre-
dicted regulatory transcription factors on global gene expression. A
subset of mutants were selected to represent a spectrum of pheno-
types: areb3and wrky3with strong effects on germinationrate; tg-1 with
amoderate effect; and hsf3and tga6 with weak or inconsistent effects
(Fig. 6b; selected lines are indicated in red). The transcriptomes of
these mutants were compared with those of wild-type plants at 24 h of
germination using bulk RNA-seq (Fig. 6¢c and Supplementary Table 16).
Expression values of the target mutated genes were consistent with
gRT-PCR results for each line. The mutants areb3 and wrky3, which
had the strongest increases in germination rates, also had the largest
numbers of differentially expressed genes (DEGs) (859 for areb3 and
959 for wrky3), whereas only 31genes were misregulatedin¢g-1. There
was alarge and significant overlap in DEGs between mutants (Extended
Data Fig. 10b,c; P <1x107; hypergeometric test), which is consistent
with both similar gene networks being affected and also the common
effect of accelerated germination. The downregulated genes in the
areb3 mutant were significantly enriched for targets of the AREB3
transcription factor (27 out of the 369 DEGs from 536 total known
AREB3 targets; P <1x107; hypergeometric test), but the DEGs of the
other mutants were not significantly enriched for the known targets
of those transcription factors*. Overall, these differential expression
results combined with the early germination phenotypesindicate that
AREB3 and WRKY3 may influence gene expression during germination,
further supporting the utility of our modelling approach. The bulk
RNA-seq approach used here lacks sensitivity given that we expect
these transcription factors to operate within defined cell subsets and
atspecific times, so the results suggest that analysis of mutants at the
single-cell level may be able to resolve the cell state-specific roles of
these transcription factors in germination.

Having validated the utility of our modelling approach to iden-
tify candidate transcription factors that may influence germination
phenotypes, we examined the characteristics of the gene regulatory
program models of all cell clusters (Fig. 6d, Extended Data Figs. 6-9
and Supplementary Tables 10-14). A total of 81 transcription factors
were predicted to be active across the models of all cell clusters (Fig. 6d
and Supplementary Table 17). Mutations in genes encoding 15 of the
81 transcription factors led to independently reported phenotype
changesrelevant to seed development, germination and early seedling
growth (Supplementary Table 17). These include the previously dis-
cussed mutations of AREB3 and TG. Mutations of WRKY DNA-BINDING
PROTEIN 18 (WRKY18; AT4G31800) confer altered sensitivity to absci-
sic acid and hence an altered germination rate®. Mutation of DOF
AFFECTING GERMINATION 2 (DAG2; AT2G46590) resultsinadecreased
germination rate in the light, suggesting that DAG2 is a positive regu-
lator of light-mediated seed germination with expression confined
to vascular tissue and induced by imbibition®*>. MYB HYPOCOTYL
ELONGATION-RELATED (MYBH; AT5G47390) overexpression caused
increased hypocotyl elongation of seedlings grown in the light®.
Thirty-nine of the 81transcription factors were unique to asingle clus-
ter, such as PHLOEM EARLY DOF 1 (PEAR1; AT2G37590) and PHLOEM
EARLY DOF 2 (PEAR2; AT5G02460), which were uniquely predicted to
regulate gene expression in the protophloem (cluster 15) and which
areknown regulators of protophloem development®* (Supplementary
Table17).In contrast, other transcription factors were shared between
many cell types, such as BIM2 (aregulator of brassinosteroid signalling
and growth; eight clusters) and MYBS2 (AT5G08520; aknown regulator
of glucose and abscisic acid signalling; nine clusters)*"®.

Overall, these analyses indicate that the different cell types of a
germinating embryo express unique and dynamic gene regulatory
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programs that are probably governed by specific sets of transcrip-
tion factors, and support the ability of our models to identify relevant
candidate transcription factors involved in germination that may be
used asaresource in other studies.

Discussion

How cell type-specific patterns of gene expression are established
and changeinindividual embryo cells during germination are notable
unanswered questionsin seed biology. In this study, we have compre-
hensively described gene expression dynamics between12 and 48 h
of germination in the individual cells of the Arabidopsis embryo. We
observed that gene expressionis highly dynamic within individual cell
types and that cells transition through distinct transcriptional states
asgermination progresses. The earliest specific transcriptional activ-
ityisdetected intheroot tip vasculature, supporting the definition of
this region as the germination decision centre®. Aside from this, nearly
all other embryo cells pass through a common transcriptional state
at the start of germination. This was evident from our observations
that more than one-third of cells at 12 h of germination belonged to
asingle cluster (cluster 8) and that marker transcripts for this cluster
were broadly expressed across the embryo when observed using RNA
in situ hybridization. We could rule out that the decreased transcrip-
tome complexity observed at 12 h was due to undersampling as the
cells at this time point had the highest number of reads per cell and
the highest sequencing saturation. Additionally, cells with similarly
low UMI counts from later time points clustered away from the early
germination clusters. This confirmed that the RNA content of cells at
12 hisgenuinely low and more homogeneous than at later time points.

Subsequently, the many cell type-specific gene expression pro-
grams of the embryo emerge. Why cells need to express this shared
transcriptional program upon first activity remains to be discovered,
especially giventhat their cellidentity has already been defined during
embryogenesis. The emergence of specialized transcriptional states
fromacommon ground state also poses the question of which factors
provide the memory of cell identity after embryo development and
seed dessication. These may include factors such as specific mMRNAs
stored at low abundance, stored transcription factors or preserved
epigenetic differences between cell types.

The transcriptomes of each embryo cell type changed substan-
tially as germination progressed, resulting in changes to the molecu-
lar pathways and functions expressed by each cell type over time.
The hypocotyl cortex cells were an example of this, expressing genes
involved in mRNA splicing and transcriptional functions early in ger-
mination, progressing to protein maturation and the establishment
of photosynthesis in mid-germination and then chloroplast organi-
zation and cell growth in late germination when the seed-seedling
transition occurs. Similar dynamics were observed in every cell type,
butineach case the functions expressed and the sequence of changes
were specific to the individual cell type. This presumably reflects the
uniquerole of each embryo cell type during germination. Underlying
these expression dynamics were cell type-specific gene regulatory
networks, defined by groups of transcription factors. Although some
transcription factors were predicted to be active across multiple cell
types, asubset of transcription factors were specific to individual cell
types or transcriptional states. This indicates that distinct groups of
transcription factors govern the dynamic functional changes of each
embryo cell type as germination progresses. Mutations of a subset of
transcription factors from two clusters (cluster 8 (common transcrip-
tional state) and cluster 11 (germination decision centre)) resulted in
faster germination. This suggests that genes expressedin clusters 8 and
11areenriched for germinationinhibitors thatare active at the earliest
stages of germination. While it may initially appear counter-intuitive
that genes encoding germination inhibitors are induced during ger-
mination, this may be explained by those genes undergoing feedback
inhibition. Inthis case, anincreasein transcription of the germination

inhibitor genes would resultin suppression of their activity. Feedback
inhibitionis common and well documented among germinationgenes,
including many components of gibberellin synthesis, degradation
and response**®. These observations also highlight that transcript
abundance alone cannot predict gene function. The transcriptional
induction of germination inhibitors at the early stages of the germi-
nation program may represent a regulatory mechanism that merits
further examination.

Overall, weillustrate that the cells of the embryo progress through
specific transcriptional states as germination progresses. This enables
individual cell types to express the genes that define the changing
functions of those cell types at the appropriate time, thereby contrib-
uting to the successful seed-seedling transition. Seed structures and
resources vary remarkably between plant species, requiring different
cell types, functions and dynamics. Our study provides a framework
for the analysis of functional variation in seeds between species and
forinvestigation of how different species establish cell transcriptional
statesinthe embryo. Theinteractive version of the atlas fromthis study,
available at https://scgerminationatlas.latrobe.edu.au/, canbe mined
asaresource for future detailed studies of germination and cell types.

Methods

Plant material and growth conditions

Col-0 and Cvi-0 seeds were sown on MS media plates (containing 3%
sucrose). Seeds were sterilized and subjected to 48 h of cold (4° C), dark
stratification before being transferred to continuous light (at 22° C),
then collected after12,24 or 48 hinthelight. Two biological replicates
were collected and analysed.

Germination assay

The germination of Col-0 was scored by measuring both testa rupture
and endosperm rupture after 12, 24,36 and 48 hiin the light. Four bio-
logical replicates consisting of 50 seeds were included for each time
point for the measurement. Testa rupture was scored whenvisible slits
formed on the surface of the seed coat, whereas endosperm rupture
was scored after the radicle tip emerged out of the seed coat’.

Dissociation of Arabidopsis embryos into single cells
Approximately 1,000 seeds per individual sample were sandwiched
between two glass slides and embryos were released mechanically from
seed coats by pressing the slides together. Ruptured seed coats and
embryos were collected into microcentrifuge tubes and separated from
each other using a Percoll gradient. In brief, the samples were resus-
pended in MC buffer (10 mM potassium phosphate (pH 7.0), 50 mM
NaCland 0.1 Msucrose) and loaded onto al ml 60% Percoll cushion. The
tubes were then centrifuged at 800gfor 5 minand the embryo fraction
(at the bottom of the tubes) was collected and resuspended in 0.6 ml
MC buffer. A second Percoll gradient was repeated to obtain pellets of
embryos withoutany seed coats. Enriched embryos were cut withrazor
blades and digested in protoplasting buffer (2% wt/vol cellulase, 3% wt/
vol macerozyme, 0.4 M D-mannitol, 20 mM MES, 20 mM KCl in Milli-Q
water (with the pH adjusted to 5.7 using1 M Tris/HCL (pH 7.5)), 0.1% wt/
volbovine serum albumin, 10 mM CaCl, and 5 mM 3-mercaptoethanol).
After 3 h of digestion, protoplasts were filtered through a 70 pm cell
strainer, followed by a 40 pum cell strainer to remove debris, and cen-
trifuged at 500g for 5 min. The supernatant was removed and the pellet
was washed with2 ml protoplasting buffer without enzymes or mercap-
toethanoland centrifuged at 500gfor 5 min. The pellet was resuspended
in 50 pl protoplasting buffer without enzymes or mercaptoethanol.
Protoplasts were counted using a haemocytometer and adjusted to a
final concentration of 800-1,200 protoplasts per pl.

Bulk RNA-seq library preparation
Col-Oseedswere sownand collected at the 12,24 and 48 h time points
asaboveinthreeindependentreplicates (batches) of the experiment.
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Embryos were released from seed coats and enriched by performing
a Percoll gradient. For bulk RNA-seq, embryos were collected either
without protoplasting or with protoplasting. RNA was extracted using
aQiagen RNeasy Plant Mini Kit. RNA quality and integrity were deter-
mined using a Qubit fluorometer. Libraries were prepared using a
TruSeq Stranded mRNA Library Prep Kit and sequenced with an Illu-
mina NextSeq 500 sequencer using 75 bp single-end kits.

Bulk RNA-seq analysis

Raw Illumina reads were trimmed for quality and adaptor sequences
with TrimGalore version 0.4.5. Trimmed fastq files were quality checked
with FastQC® and aligned to the Arabidopsis thaliana Col-0 TAIR10
assembly with HISAT2 version 2.1.0 (ref. 68). Exonic counts aggregated
by genes were calculated with FeatureCounts from the Rsubread pack-
age (version 1.6.2)° using the Araportll annotation’. Differential
expression analysis between the dissociated and non-dissociated
embryos was performedin R 3.5.1(ref. 71) with the edgeR package’”>.
The design matrix was defined as model.matrix (time + protoplast) and
generalized linear models for each gene were fit with glmFit. Genes dif-
ferentially expressed by the dissociation treatment were identified by
performingalikelihood ratio test onthe protoplast factor with glmLRT.
Weimposeda1%FDR and aminimumabsolute log,[fold change] of 1.5
to callgenes as significantly induced or repressed by the dissociation.
Similarly, to evaluate the coherence of the transcriptional dynamics of
whole embryos versus isolated protoplasts through germination, we
identified developmentally regulated genes by performingalikelihood
ratio test on the time factor with glmLRT for whole and dissociated
embryos separately. We imposed a 5% FDR and a minimum absolute
log,[fold change] of 1.5 successive time points to call genes as signifi-
cantly induced or repressed in that time interval. We then quantified
the number of genes with discordant changes between whole and
dissociated embryos.

Single-cell RNA-seq library preparation

Six thousand protoplasts per time point and replicate were loaded onto
a Chromium Single Cell instrument (10X Genomics, Millennium Sci-
ence) to generate single-cell Gel bead-in-EMulsions (GEMs). scRNA-seq
libraries were generated with the Chromium Single Cell 3’ Library & Gel
BeadKitv2 (10X Genomics, Millennium Science) according to the user
guide (Chromium Single Cell 3’ ReagentKits v2). Theresulting libraries
were checked on an Agilent 2100 Bioanalyzer and quantified with the
KAPA Library Quantification Kit for Illumina Platforms (Millennium
Science). The libraries were sequenced on an Illlumina NextSeq 500
using two 150 bp paired-end kits with 15% PhiX. The raw scRNA-seq
dataset comprised 26 bpread 1,116 bpread 2and 8 bpi7 index reads.

Single-cell RNA-seq analysis

CellRanger count (version 1.3.0) was used to generate raw UMI
count matrices for each sample separately, mapping to the TAIR10
A. thaliana genome masked for Cvi-O SNPs with the STAR options
--alignintronMin =10 --alignintronMax = 5000 --scoreDelOpen = -1
--scoreDelBase = —1--scorelnsOpen = —1--scorelnsBase = —1and using
the Araportll1 AtRTD2 gene transfer format (GTF) file.

Single cells for the first replicate, containing Cvi-0 and Col-O cells,
were genotyped by first counting the UMIs containing Col-0 or Cvi-0
SNPs for each cell barcode, followed by density-based clustering with
DBSCAN. These steps are included in the sctools package (https://
github.com/timoast/sctools; version 0.7). The clustering parameters
were optimized for each sample: €y,ckgrouna = 0.5 aNd €541, = 0.3 for
12 hrreplicate 1; €yackground = 0-4 and €54, = 0.3 for 24 hreplicate 1; and
€packground = 0-4 aNd €,10in = 0.15 for 48 hreplicate 1. Only cells genotyped
as Col-0 wereretained for subsequent biological analysis.

We applied emptyDrops™ from the DropletUtils package (ver-
sion1.6.1) following the guide to distinguish real cells. Further quality
control was performed using scater (version 1.14.6)” to remove cells

with: (1) more than three median absolute deviations of the log,, read
counts below the median values; and (2) more than three median abso-
lute deviations of the log,, genes detected below the median. Then,
calculateAverage was used to remove low-abundance genes with an
average count below 0.

Pseudobulk expression by time point was calculated with Seu-
rat’s AggregateExpression function. The correlation of normalized
log[counts per million] between pseudobulk and non-protoplasted
bulk controls was calculated with the Pearson method, with and without
removing protoplast-responsive genes.

Genesinduced during protoplastisolation were removed before
applying the normalization method calculateSumFactors with
pool-based size factors used from scran (version1.10.2)’®. Highly vari-
able genes were selected by modelGeneVar and getTopHVGs with the
biological variance threshold set to 0. FastMNN’” was then performed
using highly variable genes to integrate datasets from each sample.
Mutual nearest neighbours dimension reductions were applied to
construct a shared nearest neighbour graph with the function pro-
videdinscran, and the Louvain algorithm fromigraph (version1.2.2)”®
was followed to group cells into clusters. Mutual nearest neighbours
dimension reductions were also applied to generate atwo-dimensional
uniform manifold approximation and projection for visualization.

Cluster and cell type annotation

To identify cluster-enriched genes, genes upregulated in each
cluster were calculated using FindMarkers from Seurat (4.0.5)
with the Pvalue < 0.01 (ref. 79) (Supplementary Table 2). The cell
type of each cluster was manually annotated and assigned using
known cell type marker genes from the literature (Supplementary
Table 3). Well-characterized endosperm and seed coat marker genes
were included to show exclusion of these two tissues and enrichment
of embryosinthe current data.

Comparison with bulk RNA-seq data

We also compared the scRNA-seq data with the published time series
sequencing bulk RNA-seq profiles of seed germination”. The samples
used for bulk RNA-seq were collected after 48 h of dark stratification,
followed by, 6,12 and 24 h of exposure to continuous light. Differen-
tial expression analysis between samples from a specific time point
to others was performed with the limma package (version 3.38.3)%.
With the design matrix defined as model.matrix (O + time), precision
weights were calculated by voom®' and used in eBayes for statistical
testing. Contrasts were made between data from every time point to
the average of data from other time points. Genes that were differ-
entially expressed with the log,[fold change] above 1.5 and FDR < 5%
were retained as differentially expressed genes. We then filtered out
genes that were regarded as differentially expressed genes at more
than onetime point. Then, the lists of unique differentially expressed
genes of individual time points were used in the scRNA-seq data to
calculate their average expression in each of the cells with the function
AddModuleScore®.

RNA insitu hybridization

Seeds were harvested and fixed in ice-cold Farmer’s fixative
(3:1ethanol:aceticacid). The samples were placedina cold room (4° C)
overnight. The following day, the fixed tissues were dehydrated using a
Leica TP1020 Semi-Enclosed Benchtop Tissue Processor (Leica Biosys-
tems) atroomtemperatureinagraded series of ethanol (1heachat 75,
85,100,100 and 100% vol/vol). The tissues were then transferred to a
graduated ethanol:xylene series (1h20 min each at 75%:25%, 50%:50%
and 25%:75% vol/vol), finished with axylene series (1 heach at100 and
100% vol/vol). Tissue was then added to molten Surgipath Paraplast
Paraffin (Leica Biosystems) twice for 2 heach at 65° C. Paraplast blocks
were then prepared withdozens of seeds in each block using the Leica
EG1150 H Heated Paraffin Embedding Module with the added Leica
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EG1150 C Cold Plate for Modular Tissue Embedding System (Leica
Biosystems) with vacuum infiltration. Embedded tissues were cut at
8 um sections and in situ hybridization was carried out according to
amodified protocol fromJackson®: 50° C hybridization temperature
and 0.2x saline-sodium citrate (SSC) washes. Transcripts of inter-
est were amplified using designed primers (Supplementary Table 5)
and clonedinto pGEM-T Easy vector (Promega). Digoxigenin-labelled
antisense and sense RNA probes were transcribed from the T7 or
SP6 promoter of pGEM-T Easy vector (Promega) according to the
manufacturer’s instructions. All hybridization results were observed
and photographed using a Zeiss Axio Observer Al microscope (Carl
Zeiss). Representative images are shown with more than ten embryos
examined.

Trajectory inference analysis

Monocle 3 (1.0.0)** was used to construct single-cell trajectories. Cells
from annotated hypocotyl clusters were extracted and reprocessed
(including normalization and batch effect correction”, dimensional-
ity reduction and clustering) with Monocle 3. This resulted in three
distinct partitions and we learned the trajectory for each of the parti-
tions. We selected the beginning nodes of the trajectory where more
adjacent cells come from 12 h. Modules of co-regulated genes were then
calculated using Louvain community analysis based on genes with the
function find_gene_modules. Aggregated expression of all genes in
eachmodule across cells along pseudotime was plotted in aheatmap.
After grouping modules based on their expression patternaccording
to the pseudotime stage, we assessed enriched Gene Ontology terms
using all genes from each stage. Gene Ontology analysis was performed
using the topGo package (version 2.34.0)%.

Inferring transcription factor activation order with
CSHMM-TF

CSHMM-TF (commit417bd71; running Python 2.7)**was used for analy-
sis of time series single-cell expression data with information about
transcription factors (transcription factor binding data fromref. 43).
Cells from each cluster were extracted separately and their raw count
matrix and information about their collected time were used as input.
find_gene_modules was used to find gene modules across individual
clusters. Aggregated expression was then calculated based on assigned
time blocks of activation along the learned path by CSHMM-TF. Gene
Ontology analysis was performed in each module of genes separately
andtheresults are shownin dot plots, with size representing the ratio
of provided genestoall genesinaspecifictermand colour representing
adjusted enrichment P values.

Gene Ontology analysis

Gene Ontology analysis was performed using the topGO package®.
Whole gene sets without protoplasting genes were used as the back-
ground. Adjusted P values of gene enrichment were obtained from
multiple Pvalues generated from topGO with the number of tests run
ineach enrichment analysis.

Characterization and bulk RNA-seq of T-DNA lines

T-DNA lines®® were genotyped by PCR with gene-specific primers
designed using T-DNA express (http://signal.salk.edu/cgi-bin/tdna-
express) and T-DNA primers for the different mutant collections®®
(Supplementary Table 15). Target gene expression in T-DNA mutants
was validated by qRT-PCR (Supplementary Table 15). The germina-
tion rates of homozygous mutant lines were then assessed after 24 h
in light. Seeds from two individual parent plants of each mutant line
were included. Endosperm rupture was counted in four biological
replicates of 50 seeds. Seeds of mutant lines and the Col-0 wild type
were then collected at 24 h for RNA extraction using the Spectrum
Plant Total RNA Kit (Sigma-Aldrich), followed by bulk RNA-seq library
preparation and analysis.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Raw and processed bulk and scRNA-seq data are available from the
EBI database ArrayExpress under the accession codes E-MTAB-12521
(bulk protoplasting controls), E-MTAB-13449 (transcription factor
mutant RNA-seq) and E-MTAB-12532 (single-cell data). The interactive
web browser can be found at https://scgerminationatlas.latrobe.edu.
au/. This study used the TAIR10 assembly with the Araport1l AtRTD2
annotation (https://www.araport.org/), the transcription factor bind-
ing dataset fromref. 43 and the bulk RNA-seq time course dataset from
ref.13. Source data are provided with this paper.
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Extended Data Fig.10 | The qRT-PCR and bulk RNA-seq of T-DNA mutant Asterisks (*) indicate statistical significance using two-tailed paired Student’s
lines. a, Validation of target gene expression in t-DNA mutants by qRT-PCR. Three  t-test (P <0.001), b,c, Overlap of differentially expressed genes (upregulated (b)
biological replicates are included and data are presented as mean value +/- SEM. and downregulated (c)) between t-DNA mutants.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

/a | Confirmed

>

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested

OX 0J 010

|X| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

X

D A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Give P values as exact values whenever suitable.

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XX []

|X| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection | 10X Genomics CellRanger v1.3.0 was used.

Data analysis We used R v3.5.1, Trim Galore! vO.4.5, Hisat2 v2.1.0, edgeR V3.24.3, DropletUtils (vI.6.1), scater vl.14.6, scran vl.10.2, igraph vl.2.2, Seurat
v4.0.5, limma V3.38.3, topGO v2.34.0, python 2.7, CSHMM-TF (https://github.com/jessical338/CSHMM-for-time-series-scRNA-Seq, commit
417bd71.),Monocle 3 v1.0.0, FeatureCounts v1.6.2, sctools v0.7

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Raw and processed bulk and single-cell RNA-seq data are available at EBI Annotare under accessions E-MTAB-12521 and E-MTAB-12532. Bulk RNA-seq for
transcription factor mutant is under accession E-MTAB-13449. The interactive web browser can be found at https://scgerminationatlas.latrobe.edu.au. This




study used the TAIR10 assembly with the Araport11 AtRTD2 annotation (https://www.araport.org/), the TF-binding dataset from O’ Malley et al. 2016, and the
bulk RNA-seq time-course dataset from Narsai et al. 2017

Human research participants

Policy information about studies involving human research participants and Sex and Gender in Research.

Reporting on sex and gender N/A

Population characteristics N/A
Recruitment N/A
Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample size calculation did not apply. For each single-cell RNA-seq sample we aimed to load 6,000 cells on the 10X Chromium machine to
obtain optimal data quality (maximising number of cells captured while limiting doublet rate). We reasoned that these cell numbers
should allow good representation of all the major cell types in an Arabidopsis seed.

Data exclusions | We excluded non-Col-0 cells from the analysis. We initially mixed Cvi-0 and Col-0 cells for single-cell RNA-seq to determine true cells
(containing SNPs from only one ecotype) from background or doublets, then used these parameters to analyse only the Col-0 cells.

Replication We conducted the single-cell time-series in duplicates. We present the integrated data. Both replication attempts were successful.
A third replicate, while technically also successful, was excluded after discovering the seeds were not of the expected genotype.

Randomization  Not applicable (no experimental groups)

Blinding Not applicable (no experimental groups)

Reporting for specific materials, systems and methods
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