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Abstract

Genomic imprinting is a classical epigenetic phenomenon first discovered in maize,
which occurs almost exclusively in the triploid endosperm and is thought to mediate
parental conflicts over offspring survival. Although previous studies using manually
dissected maize endosperm from reciprocal hybrids coupled with RNA sequencing
have uncovered hundreds of putative imprinted genes, the intensive cellular
heterogeneity within endosperm has been overlooked, leaving it unclear whether
imprinting varies across different cell types. Here, we applied 10x spatial
transcriptomics and single-nucleus RNA sequencing (snRNA-seq) to profile reciprocal
maize kernels, resolving six major endosperm cell types. We reveal a high degree of
cell-type specificity of allele-specific expression (ASE) genes that approximately two-
thirds of them occurring in a single endosperm cell type. Additionally, over 70% of
imprinted genes identified by spatial transcriptomics can be validated by snRNA-seq at
the cell-type level. Fewer than half of them are found in multiple endosperm cell types,
and paternally expressed genes (PEGs) outnumber maternally expressed genes (MEGs)
by approximately two-fold. We disclosed an imprinted long non-coding RNA (IncRNA)
that clustered with the typical MEG Mez!/ in a maternally hypomethylated region. Our
findings provide fresh evidence that post-fertilization endosperm differentiation may

shape the spatial and cellular complexity of genomic imprinting in maize.
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Introduction

The maize (Zea mays ssp. mays) kernel stands as a preeminent model system in plant
genetic studies and a critical organ of global agricultural significance'*. Comprising a
diploid embryo, a triploid endosperm, and the surrounding maternal seed coat, it has
been the foundation for seminal genetic discoveries. Notably, Barbara McClintock's
identification of transposable elements stemmed from observations of mosaic
pigmentation on maize kernels*. Intriguingly, it was also within the context of non-
Mendel inheritance of endosperm color, governed by the R gene, that genomic
imprinting (an epigenetic phenomenon dictating parent-of-origin-specific gene
expression) was first described”. Imprinted genes are classified as PEGs and MEGs®.
Classical forward and reverse genetic approaches in maize and other plants have
identified some well-known imprinted genes, such as Megl/, which is specifically
expressed in the basal endosperm transfer layer (BETL) and facilitates nutrient
transport from maternal tissue to the developing kernel’®. Furthermore, the Fie
(fertilization independent endosperm), a component of polycomb repressive complex 2
that initially characterized as MEG in Arabidopsis thaliana, exhibits canonical
imprinting in both rice (OsFIEI*!') and maize (Fiel'*'*), underscoring the deep
evolutionary conservation of this epigenetic mechanism. Transcriptome-wide
identification of gene imprinting has been revolutionized by RNA sequencing of
endosperm from reciprocal hybrids, leveraging parental DNA polymorphisms to

ascertain ASE. Such studies across diverse maize genotypes and developmental stages
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typically identify 100-200 imprinted genes, revealing context-dependent variation!>1?,

Critically, these analyses have universally treated the endosperm as a homogeneous
tissue, neglecting its profound spatial organization into distinct functional domains'2%2!,
including the aleurone layer (AL), BETL, endosperm adjacent to scutellum (EAS),
conducting zone (CZ), starchy endosperm (SE), vitreous endosperm (VE), as well as
inner cellular heterogeneity within each compartment. Since genomic imprinting can
be influenced by both primary imprints established prior to fertilization and secondary
imprints established during cellular differentiation post-fertilization®?, it should have
some degree of cellular heterogeneity, whereas the spatial and cell-type specific
patterning of imprinted genes within plant endosperm remain largely unexplored
territory.

Single-cell sequencing (scRNA-seq) or snRNA-seq and spatial transcriptomics
have emerged as transformative tools for deconvoluting cellular complexity within
tissues. While pioneering studies have applied scRNA-seq to investigate maize kernel
and endosperm, their use of genetically uniform inbred lines (e.g., B73, W22)
inherently precludes the discrimination of parental alleles, a prerequisite for imprinting

21,23

analysis”>~. By comparison, mammalian systems benefit from natural genetic

heterozygosity, enabling single-cell resolution studies of ASE or imprinting. These

studies have revealed striking cellular specificity within human tissues?*?’, mouse

29

brain®®, and notably the porcine placenta®”, where ~70% of imprinted genes were

restricted to a single cell type. A recent study in Arabidopsis employed low-input Smart-



81

82

83

84

85

86

87

88

89

920

91

92

93

94

95

96

97

98

99

100

101

Seq2 on ~800 nuclei isolated from endosperm of reciprocal Col X Cvi crosses,
successfully demonstrating cell-type specific imprinting, with the CZ exhibiting a

particularly pronounced effect’

. Applying these cutting-edge snRNA-seq and spatial
transcriptomics technologies to developing kernels from genetically defined reciprocal
crosses presents an unprecedented opportunity to dissect ASE, thereby enabling the
interrogation of genomic imprinting across various endosperm functional domains and
cell types. Deciphering this spatiotemporal regulatory landscape in maize—the very
organism where imprinting was first discovered—promises not only to illuminate
fundamental mechanisms of epigenetic regulation in plant development but also to
reveal novel dimensions of a phenomenon central to seed viability and yield.

Here, we generate a spatial transcriptomic profile of the longitudinal section per
reciprocal hybrid maize kernels along with matched snRNA-seq data to explore the
cell-type specificity of imprinted genes. Among six major endosperm cell types, we
find about two-thirds of ASE genes occurred in one cell type. Both spatial
transcriptomics and snRNA-seq data identify approximately twice as many PEGs as
MEGs, while fewer than half of the imprinted genes exhibited imprinting in multiple
endosperm cell types. We unlocked a maternally expressed IncRNA that clusters with
the canonical MEG MezI, and demonstrate that parental transcriptional programs
sequentially diverged along the developmental trajectory of maize endosperm. Our

study provides proof-of-principle evidence that post-fertilization cellular differentiation

shapes the spatial and cellular complexity of genomic imprinting in maize, and offers a
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promising set of candidate genes for functional dissection of endosperm development.

Results

Spatial and single-nucleus transcriptomes of reciprocal maize kernels

To generate the transcriptome of hybrid maize kernels, we performed reciprocal crosses
between two maize inbred lines B73*' and Mo17°2, and collected their developing
kernels at 14 days after pollination (DAP). At this developmental stage, the maize
kernels have completed the differentiation of major cell types, endosperm cells have
ceased proliferation, and storage metabolites commence synthesis and accumulation?!.
We performed spatial transcriptome sequencing on the maximal longitudinal plane of
reciprocal kernels (BM, B73 x Mol17; MB, Mo17 x B73) using 10x Genomics Visium
technology. Meanwhile, the hand-dissected endosperm of BM and MB at same
developmental stage were sequenced by DNBelab C4 snRNA-seq technology with two
replicates per sample (Fig. 1a). The Visium sections of BM and MB exhibited highly
similar anatomical structure under hematoxylin and eosin staining (Fig. 1b, c), with the
small-sized embryo (EM) region exhibited distinctly higher tissue density and RNA
abundance than the endosperm region (EN, Fig. S1). We used bbknn? to remove batch
effects, then merged all data spots (3,216 from BM and 3,618 from MB) for downstream
analysis after quality control. The mean and median gene counts per spot were 5,192
and 4,965, respectively, and the number of analyzable genes in both BM and MB

approached saturation as the number of spots increased (Fig. S2). For snRNA-seq, a
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total of 38,066 nuclei (BM, n = 18,554; MB, n = 19,512) passed quality control, and
nuclei from reciprocal crosses and replicates exhibited similar space distributions when
integrated in a single UMAP (Fig. S3), indicating the high quality of our data
(Supplementary Table 1).

We then performed dimensionality reduction and unsupervised clustering on
spatial RNA-seq data, identifying 21 distinct clusters each had 142 to 568 spots (Fig.
1d). UMAP projection of all spots revealed that while reciprocal crosses introduced a
degree of variation in expression profiles, the substantial co-localization of BM and MB
spots within the same clusters indicated that the expression profiles defining distinct
cell clusters were largely conserved between reciprocal crosses (Fig. S4, S5). Using a

! we further annotated our data into nine

set of previously reported marker genes?
functional compartments (Fig. le, f). These compartments, ranked by spot numbers,
were VE, pericarp (PE), CZ, EM, placento-chalazal (PC), EAS, BETL, SE and AL (Fig.
S6). All compartments were identified in both BM and MB, whereas MB exhibited
minimal number of spots annotated as SE. This difference may be attributed to
developmental or anatomical variations between reciprocal crosses (Fig. S7) and/or
unavoidable spatial discrepancies during tissue sectioning. We further identified 2,564
differentially expressed genes (DEGs) among nine compartments, among which
approximately 72% came from EM, highlighting the pronounced divergence of EM

relative to other endosperm compartments (Fig. S8 and Supplementary Table 2).

Among these DEGs, 98 encoded transcription factors (TFs). This TF group included
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well-characterized regulators of endosperm development, such as O2, Pbf1, and Nkd1,
which exhibited the expected significantly higher expression in VE. O// encoded a
bHLH family TF**; however, unlike O2 which was primarily expressed in the upper
endosperm regions (VE and SE), O/ expression was more spatially restricted to the
basal endosperm domains, including EAS, BETL, and CZ. We also identified 12 TFs
(including Sbp17, Hb118, and Mybr29) highly expressed in BETL, a highly specialized
cell type that functions in nutrient transport to nourish the developing kernel.
Intriguingly, we found several MADS-box TFs associated with floral organ
development (Zag?2, Bdel and Zmm1) that highly expressed in the PC, as well as Zmmo6,
Zmm7 and Zmm27 that expressed highly in both PC and PE (Fig. 1g). Their active
expression in maternal seed coat tissues might be inherited from their prior transcription
in the inflorescence meristem?. Patterns of spatial expression of above-mentioned TFs
and well-established marker genes could be visualized and validated by the electronic
RNA in situ hybridization in both BM and MB spatial transcriptome maps (Fig. S9,
S10). Finally, we processed the snRNA-seq data and identified 20 clusters via
unsupervised clustering, which were also annotated into six distinct endosperm cell
types (Fig. 1h) that could enable downstream comparison with the cell types defined by

spatial RNA-seq data.

ASE genes exhibit high degree of cellular specificity in maize endosperm

To further dissect the contribution of parental alleles to gene expression in spatial
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transcriptome, we developed a pipeline called spaceASE (Fig. S11) which calculated
the proportion of maternal reads (PMR, representing the B73 allele in BM and Mo17
allele in MB) in each spot (Fig. 2a and Fig. S12). PMR were consistently near 1.0 in
maternal tissues PC and PE, ~0.5 in EM, whereas most EN spots showed PMR between
0.6 and 0.7, confirming the high genotyping accuracy of spaceASE. We then performed
ASE identification across seven offspring cell types (one in EM and six in EN) in both
BM and MB. Except for the SE in MB due to its low spot count for reliable comparison,
we found between 106 (AL in MB) and 590 (VE in MB) ASE genes in remaining 13
cell types (Fig. 2b, c and Supplementary Table 3). Notably, a consistently higher number
of ASE genes favoring B73 expression was found for all cell types, with only one
exception of AL in MB (Fig. 2b, c). Integrating ASE data from BM and MB allowed us
to distinguish between sequence-dependent ASEs (sdASEs, which refer to genes that
consistently favor the same allele in both reciprocal crosses) and imprinted genes (genes
show a parent-of-origin effect on gene expression). A total of 229 B73-sdASEs and 133
Mo17-sdASEs have been identified, with the maximal and minimal numbers of sdASEs
occurred in VE and AL (Fig. 2d, e and Fig. S13), respectively. It was worth noting that
the majority of ASEs could not be classified as either sdASE or imprinted genes (Fig.
2b, ¢), implicating the stochastic effects as a predominant driver for most ASE genes.
To explore the cellular specificity of ASEs, we then focused our analysis on
endosperm cell types (VE, BETL, AL, CZ, EAS and SE), which were all derived from

a single central cell fertilized by the sperm. This analysis revealed that ASE genes
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exhibit a high degree of cell-type specificity, with approximately 59.4%—68.1% of
genes detected in only a single cell type (Fig. 2f and Fig. S14). We also identified ASE
genes in six endosperm cell-types in snRNA-seq data, which displayed highly similar
results that 59.9%—70.1% of ASE genes were identified in a single cell type (Fig. S15).
In both BM and MB, VE exhibited highest number of cell type specific ASE genes,
which might be associated with its largest number of spots and genes that could be
profiled (Fig. 2f and Fig. S14). Notably, a greater proportion (over 70%) of sdASE
genes were found in only one cell type, further supporting the strong cellular specificity
of ASE genes. Intriguingly, we identified three genes exhibiting antagonistic ASE states
across distinct endosperm cell types. As an example in BM, Zm00001eb026680, which
encoded a heat shock protein, displayed B73-ASE in BETL and CZ while Mo17-ASE
in SE (Fig. S16). Even within a single cell type, pronounced heterogeneity in ASE was
evident across individual spots. For instance, among 477 analyzable spots in VE for
PIt43 (a gene involved in phospholipid transfer), 19.07% displayed B73-ASE, 6.30%
exhibited a biallelic expression pattern, and the remaining 74.63% showed Mo17-ASE
(Fig. 2g, h). A similar mosaic-like ASE was also observed for Umcli6la (Fig. 2i), a
gene encoding Gly-Tyr-Phe domain and actively expressed in developing seeds. These
results indicate that ASE genes exhibit a high degree of cellular specificity across

different compartments of maize endosperm.

Cell-type resolved imprinted genes in maize endosperm
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Our spatially resolved transcriptome data from reciprocal crosses enabled the analysis
of imprinted genes across distinct endosperm cell types. We defined MEGs as genes
showing B73-ASE in BM and Mo17-ASE in MB simultaneously; conversely, PEGs
were those that showing Mo17-ASE in BM and B73-ASE in MB (Fig. 3a). We initially
identified MEGs and PEGs in each of the six endosperm cell types, yielding a total of
49 MEGs and 56 PEGs (Fig. S17). Given our observation of maternal RNA influence
on the AL and BETL, we further filtered MEGs in these cell types by excluding those
highly expressed in adjacent maternal cells. This stringent filtering resulted in a final
set of 29 MEGs and 56 PEGs (Fig. 3a and Supplementary Table 4). The overall finding
that PEGs outnumbered MEGs is consistent with previous reports using manually
dissected endosperm coupled with short-read RNA sequencing!®. Functional
enrichment analysis revealed distinct roles for MEGs and PEGs: MEGs were
significantly enriched for processes related to epigenetic regulation and embryonic
development, while PEGs were mainly involved in signaling pathways, metabolic
regulation, and mRNA processing (Fig. S18). We also generated the whole-genome
bisulfite sequencing data of BM and MB endosperm, and observed higher CG and CHG
methylation level on the paternal allele over the maternal allele near the transcription
start site of MEGs (Fig. S19).

Using the same pipeline and criteria described above, we identified a similar
number of imprinted genes (28 MEGs and 47 PEGs) in the snRNA-seq data, and further

used these genes to validate the imprinted genes from spatial RNA-seq data (Fig. 3b, ¢
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and Supplementary Table 5). For MEGs, except for the SE cell type in which only one
MEG was identified, 67% to 80% of analyzable MEGs in other five cell types could be
validated by the snRNA-seq data. PEGs showed higher validation ratio over MEGs,
exceeding 80% in AL, BETL, SE, and CZ (Fig. 3c). Notably, spatial imprinted genes
that could not be validate by snRNA-seq data still often exhibited pronounced parental
bias in the snRNA-seq data. When we weakened the criteria of parental bias for calling
imprinted genes by 10% (from 90% to 80%), the overall recall ratios for MEGs and
PEGs increased to 88% and 92%, respectively (Fig. 3b). These results indicate the
overall high-confidence of cell-type resolved imprinted genes identified by spatial
transcriptomic data.

We next investigated the cell-type specificity of previously reported canonical
imprinted genes in spatial transcriptomic data, including Fiel, Fie2, Nrpl, Mezl, Megl,
Meel, Pegl, and Dedl°%37 Among these, no homologous sequence was identified for
Pegl in B73 V5 reference genome, the locus homologous to Meel in B73 was not
annotated as a gene, and Meg/ showed identical DNA sequence between B73 and Mo17,
precluding their imprinting analysis (Fig. S20). For other reported MEGs, we found that
Fiel, Nrpl and MezI consistently exhibited maternal expression and were conserved
across most endosperm cell types (Fig. 3d, f and Fig. S21a-d). In contrast, Fie2 showed
lower expression level than Fiel, and displayed a mosaic pattern of endosperm spots
favoring maternal and paternal expression (Fig. S2le, f), suggesting divergent

imprinting regulation of these two paralogs after maize tetraploidization. Although our
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data showed a consistent paternal expression bias for the reported PEG Ded! (Fig. S22),
it did not meet our stringent criteria requiring >= 90% paternal reads in any one of the
six endosperm cell types, thus not classified as a PEG.

To further quantify the cell-type specificity of imprinted genes, we first focused on
the more accurately identified PEGs. Among all 56 PEGs, 34 were detected in only one
cell type (27 in VE, 4 in BETL, and 3 in EAS). This proportion (61%) is similar to the
aforementioned ratio of cell-type specific ASE genes. We further examined the
imprinting status of these PEGs in cell types other than the one that imprinting happened.
There were two scenarios that distinguished these cell-type specific PEGs: First, a gene
may be expressed in multiple cell types but imprinted in only one of them (i.e., its
imprinting status can be assessed across several cell types, yet imprinting is observed
in only one). Second, a gene may be expressed exclusively in one cell type and
imprinted specifically in that same expressing cell type. We found 24 PEGs fall into the
first category, suggesting genuine complexity of imprinting, and 10 PEGs belong to the
second (Fig. S23). Most of cell-type specific PEGs have not been previously reported
as imprinted genes, including 7rps§ (trehalose-6-phosphate synthase 8) in BETL, Nrgl
(nitrate regulatory gene 1) in EAS, as well as Thx41 (trihelix transcription factor 41)
and Shp3 in VE. Notably, the Ippil (isopentenyl pyrophosphate isomerase 1) gene
exhibited PEG status across all six endosperm cell types (Fig. 3e, g), highlighting its
potential importance in endosperm development that deserved subsequent investigation.

We also analyzed the cell-type specificity of 29 MEGs, among which 12 (41.38%) were
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identified as cell-type specific MEGs in AL or VE. Notable examples of cell-type
specific MEGs included Zmm?7 in VE, whereas well-known MEGs such as Fiel, Nrpl,
and Mez1, as well as curated genes like Pyl2 and Ubi3, displayed maternal expression

status in multiple cell types (Fig. S23).

Imprinted genes are rare in the maize embryo

Except the well-documented imprinted genes in maize endosperm, its existence in
maize embryo has long been a subject of debate?**3%°. Our data enabled the analysis of
genomic imprinting in endosperm and embryo simultaneously, which resulted in six
potential MEGs, but no PEGs, in the embryo (Fig. S24). In contrast with the canonical
phenomenon of higher PEG number in endosperm, we suspected that MEGs in embryo
might be influenced by maternal tissues or adjacent endosperm cells, thus we analyzed
their expression and imprinting status in embryo-adjacent endosperm cell types: AL,
BETL and SE, clarifying that these genes were also MEGs in at least one of these
adjacent cell types (Fig. S24), suggesting that the embryo lacks specific imprinted genes
distinct from those existed in the endosperm. To offer more clue into these embryo
MEGs, we analyzed their PMR across individual spots. Spots supporting MEG status
(exhibiting high PMR) in embryo frequently displayed a mosaic-like distribution (Fig.
S24), indicating these genes were not consistently imprinted across cells in the embryo.
Collectively, our data suggest that genomic imprinting rarely happened in maize

embryo.
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Spatial profiling of imprinted IncRNAs
While the existence of imprinted IncRNAs had been reported in both maize and
mammals'>#!, their spatial distribution and cell heterogeneity within maize kernels
remain largely unexplored. To build a comprehensive IncRNA dataset in maize kernels,
we annotated 7,831 intergenic IncRNAs, comprising 13,084 isoforms (Fig. 4a and Fig.
S25a), using long-read transcriptome data for the embryo and endosperm of BM and
MB. These IncRNAs exhibited comparable transcript length to protein-coding genes
(Fig. S25b), while they possessed fewer exons, with individual exons being
significantly longer than those of protein-coding genes (Fig. S25c¢). We further
quantified the expression of these IncRNAs across nine cell types in our spatial
transcriptome data. Globally, IncRNAs displayed substantially higher cell-type
specificity than protein-coding genes: 76% of IncRNAs were detected in only one cell
type, markedly exceeding the 50% observed for protein-coding genes (Fig. 4b and Fig.
S25d). Categorizing IncRNAs as cell-type specific, intermediate or ubiquitous based on
their expression patterns revealed a negative correlation between expression level and
cell-type specificity. Protein-coding genes exhibited a similar feature, yet their
differences between categories were much smaller (Fig. 4c).

We further identified 169 IncRNAs exhibiting ASE across seven embryo and
endosperm cell types. In contrast to the pronounced B73-ASE observed for protein-

coding genes, the ASE of IncRNAs showed no significant bias towards B73, especially
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in MB that the ASE of IncRNAs was more frequently found for Mo17 allele (Fig. 4d,
e). Over 80% of IncRNAs exhibited ASE originating from VE, reflecting the
requirement of sufficient read depth to statistically assess parental contributions and
call ASE IncRNAs, since the data depth of IncRNAs was much lower in cell types other
than VE (Fig. S26).

We next explored imprinted IncRNAs and identified three strictly imprinted
candidates (STRG.17426, STRG.27146, and STRG.38589) located on chromosomes 4,
6, and 9, respectively (Fig. S27). Among them, STRG.27146 is a single exon IncRNA
approximately 4,000 bp, situated ~4,700 bp upstream of MezI. To validate its transcript
structure, we visualized the read alignment in its associated genomic region using IGV.
Multiple full-length non-chimeric (FLNC) reads spanned this IncRNA, supporting the
authenticity of the assembled transcript (Fig. 4f). In addition, CPC2* prediction
indicated that this transcript possesses low coding potential. Together, these results
suggest that this transcript is a bona fide IncRNA. Spatial PMR analysis of STRG.27146
suggested a maternally expressed status that consistent with its associated MEG Mez1
(Fig. 4g). The maternal-biased expression of this IncRNA could be independently
validated in most single-nuclei of the snRNA-seq data (Fig. 4h). Using the whole-
genome bisulfite sequencing data, we could identify the hypomethylation (CG and
CHG) of maternal allele spanning this IncRNA-Mez/ cluster compared with the
paternal allele in the endosperm of both BM and MB (Fig. 4i), whereas both the

maternal and paternal alleles maintained substantially high methylation level in embryo
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(Fig. S28). The other two imprinted IncRNAs also displayed strong maternal expression
patterns and could be validated by snRNA-seq data, with STRG.38589 exhibiting
relatively lower expression level (Fig. 4j and Fig. S29, S30). In summary, we
characterized the strong cell-type heterogeneity of IncRNA expression and disclosed a
IncRNA-gene imprinting cluster that showing the hypomethylation of maternal allele

in maize endosperm.

Haplotype-resolved pseudotime analysis of maize endosperm by snRNA-seq

Our reciprocal-hybrid snRNA-seq data provided an opportunity to dissect parental
contributions during maize endosperm development at single-nucleus resolution. We
separately constructed the pseudotime trajectories of BM and MB nuclei using
Monocle2®, which yielded highly similar topologies between reciprocal crosses.
Specifically, nuclei from AL positioned at one branch tip, while SE nuclei situated at
the tips of other two major branches, with VE broadly distributed across the trajectory
tree (Fig. 5a, b and Fig. S31a, b). According to the prior report that AL is less
differentiated than SE?*, we could root the trajectory starting from AL to developmental
progression. We then computed the maternal and paternal pseudotime independently
for each nucleus and projecting the parental difference onto the trajectory (see Methods).
Parental pseudotimes were largely concordant in the trajectory branch defining as AL
and in a subset of CZ and BETL cells, but diverged strongly toward the SE and EAS

branch tips (Fig. Sc and Fig. S31c¢). These findings suggest a parental asymmetry during
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the endosperm differentiation of maize hybrids that the heterogeneity between parents

progressively increasing as development proceeds.

Discussion

The endosperm, a highly complex organ in higher plants, is typically triploid and
originates from the fertilization of the central cell by a sperm cell>?. Post-fertilization
endosperm differentiation is accompanied by highly dynamic gene expression variation,
which occurs not only among cells but also between parental alleles, leading to the
cellular complexity of ASE and genomic imprinting***’. Our study leverages spatial
transcriptomics together with matched single-nucleus transcriptomics in reciprocal
maize hybrids kernel to investigate this complexity, providing proof-of-concept
evidence for dissecting allelic complexity at spatial and single-nucleus resolution. We
unveil a remarkable spatial specificity of ASE, with the majority of ASE genes being
confined to a single endosperm cell type. This cellular specificity, coupled with the
discovery of genes exhibiting antagonistic ASE in different cell types and mosaic
expression within a single type, highlights a dynamic and context-dependent regulatory
landscape. By applying stringent filtering, we refined the catalogue of imprinted genes
and examined them across cell types, confirming a global predominance of PEG over
MEG but also suggesting that PEGs exhibit greater cell-type specificity!®. Crucially,
our data suggests that genuine embryo-specific imprinting is rare in maize, as putative

embryonic MEGs were either shared with adjacent endosperm tissues or displayed
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inconsistent mosaic patterns. Furthermore, we extended this spatial analysis to
IncRNAs, characterizing their intensive cell-type specificity and identifying a novel
imprinted IncRNA-mRNA cluster coordinated by maternal allele hypomethylation.

It is important to note that our spatial transcriptomic data represent a single, thin
section of the maize kernel and thus cannot fully capture the complete repertoire of
imprinted genes and their heterogeneity within the intact 3D organization of maize
seeds. A potential solution is to collect serial sections of the kernel to generate spatial
transcriptome data from multiple layers, as had been done by many spatial
transcriptome studies studying brain development in primates, then integrating them
into a unified 3D model*. In addition, SNP-based approaches and the use of a single
reference genome carry certain limitations, and this choice often involves an important
trade-off in the course of a study. First, a prerequisite for a gene to be analyzable is that
its 3’ end contains high-quality SNPs, which is directly influenced by the size of the
SNP set. A larger SNP set tends to result in a higher false-positive rate, whereas a
smaller SNP set reduces the number of analyzable genes. Therefore, the size of the SNP
set included in the analysis is a critical decision when investigating ASE and imprinting,
and should be determined according to the study objectives. Second, the choice between
using a single reference genome and a merged parental genome also entails a trade-off.
A single genome cannot simultaneously account for presence/absence variation, copy-
number variation, and structural variation between the two parental haplotypes,

meaning that certain loci cannot be reliably aligned and are thus excluded from the
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analysis. The use of merged genomes, in turn, requires that high-quality reference
assemblies already exist for both parents, and inconsistencies in assembly or annotation
quality between the parental genomes can introduce bias. Overall, the research
community has not yet reached a consensus on analytical methods for ASE and
imprinting, and the relative applicability of different approaches remains to be
systematically evaluated.

Our work opens a new avenue for future research and validates the utility of spatial
and single-nucleus transcriptomics for the study of ASE and genomic imprinting.
Looking forward, integrating spatial and single-nucleus transcriptomics with other
complementary technologies will further advance our understanding of ASE and
imprinting. For instance, spatially or single-cell resolved profiling of DNA methylation
and chromatin accessibility will be essential to elucidate how chromatin states dictate
parental expression preferences in a cell-type-specific manner*->2. Coupling long-read
transcriptome sequencing with single-cell or spatial approaches would more effectively
resolve expression differences between parental alleles and reveal distinct imprinted
isoforms®®. The functional significance of the newly identified cell-type-specific
imprinted genes, such as 7rps8 in the BETL and 7hx41 in the VE, warrants in-depth
investigation through genetic and biochemical approaches to define their roles in
nutrient transport, metabolic regulation, and endosperm patterning.

In summary, our study advances the understanding of genomic imprinting at higher

resolution, extending it from the bulk-tissue level to the cell-type level, and uncovers a
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Methods

Plant growth and sample collection

The maize inbred lines were planted in the experimental station of Shandong
Agricultural University (Tai’an, Shandong Province) in 2024. At the appropriate
pollination stage, reciprocal crosses between B73 and Mo17 were performed to obtain
hybrid kernels. Well-developed kernels from the middle portion of the ear were
collected at 14 DAP and used to construct 10x Genomics Visium spatial transcriptome

libraries. Endosperm was manually dissected for snRNA-seq library construction.

10x Genomics Visium library preparation and sequencing

Kernels for spatial transcriptome sequencing were embedded in OCT compound and
snap-frozen on dry ice. Spatial transcriptome libraries were prepared using the 10x
Genomics Visium protocol. Embedded blocks were cryosectioned, and structurally
intact frozen sections were mounted onto 10x Visium Spatial Gene Expression slides.
Sections were then fixed with formaldehyde, stained with HE, and imaged using a slide
scanner. Notably, the effective capture area of the 10x Genomics Visium slide is a 6.5
X 6.5 mm square containing 4,992 spots, each with a diameter of 55 pm, which is
sufficient to cover and capture the spatial transcriptomic landscape of the largest
transverse section of the maize kernel. At 14 DAP, maize endosperm cells have an
average diameter of approximately 60 um, whereas embryo cells range from 10 to 30

um in diameter®!. Consequently, a single spot may capture RNA molecules originating
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from one or a few cells. This multi-cellular mixing effect is expected to be more
pronounced in the embryo, where cells are more densely packed, resulting in expression
profiles that reflect a composite transcriptional signature of multiple neighboring cells.
In addition, cell mixing may also occur along the vertical axis, depending on the
thickness of the tissue section and whether the section intersects multiple vertically
stacked cells. In this study, tissue sections were prepared at a thickness of 10 um, which
is smaller than the diameter of most kernel cells. Therefore, vertical mixing effects are
primarily attributable to cases in which a section simultaneously intersects two
overlapping cells. Overall, we anticipate that each spot contains a certain degree of
cellular mixing and represents the aggregated transcriptional profile of a local group or
cluster of spatially adjacent cells with similar gene expression characteristics. Tissue
permeabilization, reverse transcription, cDNA amplification, and library construction
were performed following the manufacturer’s protocol using the Visium Spatial Gene
Expression Slide Kit (PN-1000185). Spatial transcriptome libraries were sequenced on

[llumina platform by Shanghai OE Biotech.

snRNA-seq library preparation and sequencing

snRNA-seq was performed on the DNBelab C4 droplet microfluidics platform. Nuclei
were first isolated from BM and MB endosperm and prepared as a single-nucleus
suspension, which was subjected to quality control with the requirements that nuclei be

intact and free of visible damage, and that the nuclear concentration and suspension
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background meet the loading criteria, with no obvious debris or clumping. Qualified
samples were loaded according to the target nucleus number. Water-in-oil droplets were
used to co-encapsulate single nuclei with barcoded capture beads using a dual-bead
capture system, in which Cell Beads captured the polyA structure of mRNA and Index
Carrier beads identified and merged the Cell Beads based on the strong correlation
among similar barcode primers within the same droplet. A reverse transcription reaction
system was assembled within the droplets, after which the emulsion was broken to
recover the products, followed by cDNA amplification, purification, and library quality
control. Libraries that passed quality control were sequenced on the DNBSEQ-T7

platform.

Whole genome bisulfite sequencing (WGBS)

Genomic DNA was first spiked with unmethylated lambda DNA (serving as a negative
control) and fragmented using a Bioruptor sonicator (Diagenode). The fragmented
DNA was then subjected to end repair, ligation with methylated adapters, magnetic
bead-based cleanup, and fragment size selection. The selected fragments were
amplified by PCR and purified to generate the final bisulfite sequencing libraries.
Library quality and concentration were assessed using Qubit 2.0 Fluorometer (Life
Technologies, CA, USA) and Agilent Bioanalyzer 2100 system. Qualified libraries

were sequenced on the [llumina NovaSeq platform using the paired-end 150 bp mode.
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Processing and annotation of 10x Genomics Visium data

Raw Visium spatial transcriptome reads were aligned to the B73 RefGen_vS5 reference
genome using the Space Ranger (v2.1.1) to obtain filtered count matrices. Downstream
analysis was performed in Scanpy (v1.11.0) >*. Quality control was applied with the
following criteria: (1) each spot had at least 500 genes and a total count of no less than
1,000 UMIs; (2) each gene had to be expressed in at least 3 spots. Filtered gene
expression matrices were normalized and batch corrected. Gene counts for each spot
were scaled to 1,000,000 and log-transformed using normalize total and loglp
functions in Scanpy. The top 2,000 highly variable genes were selected for principal
component analysis, and batch effects were removed using the bbknn method*’.
Unsupervised clustering was performed using the Leiden algorithm (resolution = 1.2),
and t-SNE and UMAP (min_dist = 0.4) were used for visualization and cluster
exploration. A curated list of spatially resolved marker genes from Fu et al. ?' was
converted to B73_RefGen_v5 coordinates and used to train a CellAssign annotation
model. Training was performed on an NVIDIA A800 GPU with max_epochs = 300336,
Preliminary spot annotations were assigned using the trained CellAssign model, and
final tissue-type annotations were determined by integrating assignment probabilities,

marker gene expression, and anatomical features.

Processing and annotation of snRNA-seq data

snRNA-seq raw reads were aligned to the B73 RefGen_v5 reference genome using
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dnbc4tools (v3.0) to generate a filtered gene-expression count matrix. Downstream
analysis was performed in Scanpy (v1.11.0). First, the number of nuclei to retain was
determined by knee-point evaluation based on the target number of captured nuclei;
doublets were then removed using Scrublet®’; finally, nuclei and genes were filtered
using the same quality-control criteria as the Visium data. The filtered gene-expression
matrix was normalized, and batch effects were removed using bbknn. Unsupervised
clustering was performed with the Leiden algorithm (resolution = 1.2), and two-
dimensional projection was generated with UMAP (min_dist = 0.4). Initial annotation
was carried out using CellAssign, after which final cell-type annotations were

determined manually based on the expression of marker genes.

Identification of DEGs between cell types in Visium spatial transcriptomics data

Following quality control, normalization, and cell-type annotation, DEGs for each cell
type were identified using the scanpy.tl.rank genes_groups function within the Scanpy
framework. A "one-vs-rest" comparison strategy was employed using the normalized
expression matrix (use_raw=False). Statistical significance was evaluated using the #-
test with Benjamini-Hochberg correction. Genes were defined as significant DEGs if
they met the following criteria: a log2foldchange > 2, an adjusted p-value < 0.05, and

a fraction of cells expressing the gene (pts) > 0.8 in the target cell type.

Identification of ASEs and imprinted genes using Visium Spatial and snRNA-seq
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transcriptomic data

The workflow for identifying ASE and imprinted genes primarily consists of three steps:
high-quality SNP calling, parent-of-origin phasing based on N-masked genome, and
calculation of parental expression matrices followed by imprinted gene identification.
1) SNP identification between B73 and Mol7

To obtain high-confidence SNPs between B73 (Zm-B73-REFERENCE-NAM-5.0) and
Mol7 (Zm-Mol7-REFERENCE-CAU-2.0) 32, we performed chromosome-to-
chromosome alignment using nucmer>® and extracted SNPs using the show-snps utility.
In parallel, high-coverage HiFi reads of Mol7 were downloaded, aligned to B73
genome using minimap2>® and SNPs were called following the standard GATK
pipeline®. SNPs identified simultaneously by nucmer and GATK -based variant calling
were considered high-confidence SNPs and used for downstream phasing.

2) Parent-of-origin phasing based on N-masked genome

The B73 v5 genome was first masked at all high-quality SNP positions identified in the
steps above, by replacing the corresponding nucleotides with “N”. The read2 of 10x
Genomics Visium and DNBelab C4 snRNA-seq pair-end data were aligned to this N-
masked genome using STAR®!' with parameters --alignEndsType EndToEnd --
outSAMattributes NH HI NM MD --outSAMtype BAM Unsorted. The bam file was
sorted by sambamba®?, then filtered to retained the unique alignments. Then, the bam
file was split into two separate bam files using SNPsplit®® (--single_end --conflicting)

and high-quality SNPs between B73 and Mol7. The resulting *genomel.bam was
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regarded as the B73-origin bam file, and *genome2.bam was regarded as the Mol7-
origin bam file. Read names were extracted from the BAM files using seqtk and used
to extract the phased subsets from the Visium and snRNA-seq FASTQ data.

3) The calculation of parental expression matrix and identification of imprinted
genes for each cell type

The phased FASTQ files were processed using the standard Space Ranger pipeline for
the Visium data, and the dnbc4tools pipeline for the snRNA-seq data, to generate gene
expression matrices. ASE analysis was subsequently performed at the cell-type level.
Specifically, for each annotated cell type, genes with at least 20 allele-assigned reads
(combining B73- and Mol7-derived reads) across all spots were analyzed. The
B73BiasRatio for each gene was calculated using distinct formulas for the embryo cell
types and endosperm cell types to account for their genomic dosage differences.

Specifically, for the endosperm cell types,

B73 thgof T;Zfs Treounts: M
B73BiasRatio = coun 8373 t ol7counts
counts ’{‘fMB

2 % B73counts + Mol7counts’

whereas for the embryo cell types,

B73counts

B73BiasRatio =
rashiatio B73counts + Mol7counts

genes with B73BiasRatio = 0.9 were defined as B73-biased ASE genes, while those
with B73BiasRatio < 0.1 were defined as Mo17-biased ASE genes. For genes within

the same cell type, those meeting the following criteria were defined as MEG:
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exhibiting B73-ASE in the BM cross and Mo17-ASE in the MB cross, with parental
read counts significantly deviating from the expected 2:1 ratio in a chi-square test.
Conversely, genes showing Mo17-ASE in the BM cross and B73-ASE in the MB cross,
along with a statistically significant departure from the 2:1 ratio in the chi-square test,
were defined as PEG. For the snRNA-seq data, a gene was retained as a MEG or PEG

only if it met the above criteria in both replicates.

WGBS data processing and read phasing

Raw FASTQ files were quality-filtered using fastp®* to generate clean reads, and
SNPsplit® (--paired -bisulfit --conflicting) was used for haplotype phasing. The
haplotype-assigned clean reads were subsequently aligned to the B73 reference genome
(Zm-B73-REFERENCE-NAM-5.0) using Bismark® (0.24.2). PCR duplicates were
removed with deduplicate bismark, and cytosine methylation information was
extracted using bismark methylation extractor with parameters --comprehensive --
cytosine report --CX context --split by chromosome to obtain the number of

methylated and unmethylated reads at each site.

GO enrichment analysis
Gene Ontology (GO) annotations for B73 RefGen v5 were downloaded from

MaizeGDB (B73_GO.out). Only entries with ARGOT PPV = 0.5 were retained. GO

enrichment analysis was performed using the enrichr module of GSEApy®®. GO terms
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with P-value < 0.05 were considered significantly enriched and were ranked in

ascending order of P-values for visualization.

Identification and quantification of IncRNAs

To enable accurate quantification of IncRNAs in spatial transcriptomic data, we
performed genome-guided IncRNA annotation using full-length transcriptome data
from embryos and endosperms of both BM and MB samples. Specifically, the following
pipeline was applied to generate high confidence IncRNA annotations based on FLNC
reads: (1) Cleaned BAM files from the four tissue samples were merged; (2)
StringTie2®” was used with the -L and -G options for reference-guided transcript
assembly to produce a GTF file; (3) Candidate IncRNAs were filtered based on the
following criteria: transcript length > 200 bp; coding sequence < 100 amino acids; no
overlap with known annotations; and correct strand prediction; (4) CPC2* was used to
evaluate coding potential, and only transcripts lacking coding potential were retained
as high-confidence IncRNAs. The newly annotated IncRNAs were merged with the
B73 RefGen v5 GTF annotation. Space Ranger and dnbc4tools were re-run using the
updated annotation to generate transcriptomic count matrices that include IncRNAs.
IncRNAs were subsequently analyzed for ASE and imprinting using the same criteria

applied to coding genes.

Tau calculation and gene classification
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Tau values for both coding genes and IncRNAs were calculated using the tspex package
to evaluate cell-type specificity. Based on these values, genes were classified into three
categories: cell-type specific (Tau between 0 and 0.3), intermediate (Tau between 0.3

and 0.7), and ubiquitous (Tau between 0.7 and 1).

Pseudotime analysis

Pseudotime analysis was performed separately on the snRNA-seq data from the BM
and MB crosses using Monocle2®. Specifically, the expression matrices were
processed using the same normalization and dispersion estimation procedures as
described above. Highly variable genes were identified based on mean expression (>0.1)
and empirical dispersion (>1.0) and were used as ordering genes for trajectory inference.
Dimensionality reduction was performed using the DDRTree algorithm implemented
in Monocle 2, followed by cell ordering along the inferred trajectories with the
orderCells function to assign pseudotime values. For the allele-specific expression
matrices obtained from parental phasing of each sample, the same analysis pipeline was
applied separately to generate maternal and paternal pseudotime trajectories. The
parental pseudotime difference was then defined as the difference between the maternal

and paternal pseudotime values for each nucleus.

Supporting information

Supp.Table.1 Basic statistics of spatial and single-nucleus transcriptome sequencing
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Supp.Table.2 Cell-type specific DEGs identified from spatial transcriptomics

Supp.Table.3 PMR and effective read counts of ASE genes across different cell types

Supp.Table.4 PMR and effective read counts of imprinted genes across different cell

types

Supp.Table.5 Imprinted genes identified by single-nucleus transcriptomics
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hematoxylin and eosin staining of BM (b) and MB (c) kernels at their maximal plane
in 14 DAP. d UMAP projection of all spatial transcriptomic spots integrating the BM
and MB crosses, colored by unsupervised cluster. e, f The annotation of spatial
compartment (labeled in the bottom) for BM (e) and MB (f) samples. g The heatmap of
transcription factor genes (N = 98) that differentially expressed across nine cell types.
h UMAP projection of snRNA-seq data with each unsupervised cluster labeled by

different colors.
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692  Fig. 3 Cellular and spatial specificity of genomic imprinting in maize endosperm.
693 a Schematic representation of MEG and PEG in maize endosperm (left). Bar plot
694  showing the number of MEGs and PEGs identified in each cell type (middle) in Visium

695 transcriptomic data. UpSet plot showing the overlap of MEGs and PEGs across cell
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types (right). b Scatter plot showing the maternal ratio of analyzable Visium PEGs and
MEGs in the snRNA-seq data. The box and proportions shown inside represent the
overall validation rate of PEGs and MEGs under different criteria for calling imprinted
genes. ¢ Bar plot showing the proportion of analyzable Visium PEGs and MEGs in six
endosperm cell types that were validated by the snRNA-seq data. d, e Spatial PMR
plots showing imprinting status of the MEG Fiel (d) and PEG Ippil (e) in BM (left)
and MB (right). f, g UMAP PMR plots showing imprinting status of the MEG Fie! (f)

and PEG Ippil (g) in BM (left) and MB (right).
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Fig. 4 Spatial and cellular characterization of imprinted IncRNAs in maize

endosperm.

a Workflow for IncRNA identification using the long-read transcriptome data. b, ¢ The
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proportion (b) and expression levels (c) of IncRNAs and protein-coding genes across
three categories according to cell-type specificity: tissue-specific, intermediate, and
ubiquitous. d, e Bar plot showing the number of ASE IncRNAs in each cell type of BM
(d) and MB (e). f IGV visualization of long cDNA reads aligned in the genomic region
of STRG.27146. g Spatial PMR plot showing imprinting status of the maternally
expressed STRG.27146 in BM (left) and MB (right). h PMR distribution of snRNA-seq
UMAP showing imprinting status of the maternally expressed STRG.27146 in BM (left)
and MB (right). i IGV plot showing allele-resolved CG and CHG methylation levels of
the Mezl and STRG.27146 loci in reciprocal hybrid endosperms. Red and blue tracks
indicate maternal and paternal alleles, respectively. j PMR distribution of snRNA-seq
UMAP showing imprinting status of the maternally expressed STRG. 17426 in BM (left)

and MB (right).
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Fig. 5 Haplotype-resolved single-nucleus pseudotime analysis and developmental
trajectory of maize endosperm.

a Single-nucleus pseudotime analysis of BM endosperm nuclei using Monocle2. b
Distribution of the six endosperm cell types (AL, BETL, CZ, EAS, VE and SE) along
the snRNA-seq pseudotime trajectory in BM. ¢ Parental pseudotime difference
projected onto the BM snRNA-seq developmental trajectory. For each nucleus, the
parental pseudotime difference was calculated as the maternal-allele-derived

pseudotime minus the paternal-allele-derived pseudotime.
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