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ABSTRACT

Seed development is a pivotal stage of the soybean life cycle, directly determining yield and nutritional 

quality related to oil and protein contents. However, the spatiotemporal mechanisms underlying cell differ-

entiation and nutrient accumulation during seed growth remain to be resolved, especially in wild soybean 

(Glycine soja), which harbors rich genetic diversity for quality traits. Here, spatial transcriptomics and 

metabolomics were combined to dissect the dynamics of cell differentiation and nutrient accumulation 

in G. soja seeds at the mid-maturity stage. Differential expression analysis revealed distinct patterns of 

accumulation in adaxial versus abaxial parenchyma cells of the embryo: abaxial cells are enriched in protein 

metabolism pathways, whereas adaxial cells are focused on lipid metabolism pathways, consistent with 

previous reports on spatial nutrient accumulation in G. soja seeds. Pseudotemporal trajectory analyses 

supported a sequential pattern of transcriptional regulation underlying these differences. Analysis of 

cell–cell communication provided insight into the interactions that may mediate cell-type-specific differ-

ences among seed cells. Key genetic regulators and differentially abundant metabolites were identified 

through the integration of spatial transcriptomics and metabolomics, and GsMAPK23-4 was identified as 

a core candidate gene linked to nutrient metabolism in the cotyledon. Functional validation confirmed 

that GsMAPK23-4 modulates seed quality: knockout mutants had significantly higher levels of amino acids 

and proteins. These findings reveal cellular characteristics and differentiation processes in G. soja seeds at 

the mid-maturity stage, providing a molecular basis for understanding this phase and generating targets to 

improve soybean yield and quality.
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INTRODUCTION

Cultivated soybean (Glycine max) was domesticated from its 

annual wild relative (Glycine soja) in China approximately 5000 

years ago (Hymowitz, 1970; Li et al., 2008). Soybean is an 

extremely economically valuable legume crop that is cultivated 

throughout the globe, and in 2023 alone, its worldwide harvest 

was 398.2 million tons (Volkova and Smolyaninova, 2024). As 

soybean seeds are a rich source of edible oil (20% on average)

and protein (40% on average), they are a leading source of 

nutrients and energy for both humans and animals, and they 

are frequently used in the preparation of various industrial 

products. However, cultivated soybean has undergone multiple 

genetic bottlenecks during domestication and improvement, 

resulting in decreased genetic diversity (Kim et al., 2021). By 

contrast, wild soybean has retained higher genetic diversity, 

together with enhanced genetic quality, broad ecological 

adaptability (Zhang et al., 2014), and multi-layered resistance to
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both biotic and abiotic stressors (Kim et al., 2023). The collection 

and conservation of wild soybean relatives, together with the 

dissection of their genomic features, have the potential to 

improve soybean breeding and promote sustainable agriculture 

and food production. Studies on soybean seed development 

can aid in the development of synthetic or breeding-based 

approaches to enhancing seed yield and quality through incorpo-

ration of additional nutrients (Egamberdieva et al., 2021), 

reduction in allergen content (Wiederstein et al., 2023), or 

increases in yield in terms of seed size or number (Duan 

et al., 2022).

Seed development in flowering plants is complex, consisting of 

temporally distinct morphogenesis and maturation phases that 

are initiated by a double-fertilization event (Jo et al., 2019; 

Wang et al., 2022). In soybean seeds, this event results in 

the differentiation of three functionally, anatomically, and 

genetically distinct tissues: the embryo, endosperm, and seed 

coat (Lin et al., 2017). During seed morphogenesis, the 

anatomical specification of the embryo and endosperm into 

functional domains takes place first. Proliferation of the 

endosperm causes it to occupy the majority of the embryo sac 

after fertilization, and it is thought to provide nourishment for 

embryo development (Le et al., 2007). The cellular components 

of the endosperm are gradually absorbed by the embryo, 

such that mature seeds contain only a vestigial layer of 

endosperm cells, termed the aleurone. The embryo undergoes 

differentiation into two predominant regions: the cotyledon, a 

storage organ that provides nutrients to the seedling during 

germination, and the axis containing the shoot and meristems, 

which ultimately give rise to the next seedling (Lin et al., 2017). 

After the initiation of embryonic and endosperm development, 

the division and differentiation of ovule-integument cells give 

rise to a seed-coat layer that protects the underlying embryo 

and endosperm.

During the maturation phase, which largely occurs after morpho-

genesis with only limited overlap, cellular proliferation and differen-

tiation are interrupted (Pelletier et al., 2017). The major active 

processes at this stage include extensive biosynthesis and 

accumulation of storage compounds, pronounced increases in 

embryo cell size associated with cell expansion, acquisition of 

desiccation tolerance, and establishment of dormancy (Jo et al., 

2019). These processes have major agronomic implications 

for seed crops such as soybean. During seed maturation, 

cotyledon cells undergo endoreduplication that is thought to 

support the production of highly abundant seed-storage 

compounds (Lin et al., 2017). When seed development is 

complete, the embryo and other structures enter a state of 

developmental arrest, desiccation, and metabolic quiescence, in 

which they generally remain until germination (Jo et al., 2019). 

The appropriate spatiotemporal coordination of these processes 

is essential for proper seed growth and development. However, 

the mechanisms necessary for the functional differentiation of 

individual seed regions and the coordination of these processes 

during seed development are not well understood.

Insight into the genetic networks active within seeds has been ob-

tained through approaches including RNA sequencing (Machado 

et al., 2020), microarray analyses (Almeida-Silva et al., 2021), 

and laser-capture microdissection (Schnabel et al., 2023).

Patterns of gene expression can reflect both spatial differences 

among various cell regions and temporal differences across 

various stages of development. Pronounced gene expression 

reprogramming takes place during the early-maturity stage, 

which entails a rapid increase in the nutrient content within the 

cotyledon. During this stage, genes involved in the accumulation 

of seed-storage reserves, including those that encode storage 

proteins and fatty acid biosynthesis enzymes, are activated. 

Combinations of laser-capture microdissection and GeneChips 

or microarrays have been used to explore gene expression in 

different subregions of soybean seeds and across different 

phases of development. Recent advances in high-throughput 

single-cell RNA sequencing (scRNA-seq) and spatial transcrip-

tomics now enable the direct probing of cellular heterogeneity 

and intercellular communication by identifying markers that 

can associate cellular localization with cell type for detailed tran-

scriptomic investigation of tissues (Wong et al., 2018; Yu et al., 

2023; Sang and Kong, 2024). In addition to spatial 

transcriptomics, spatial metabolomics has been used to identify 

metabolites in specific tissue subregions and to investigate 

their spatiotemporal dynamics during development (Nakabayashi 

et al., 2021). Notably, recent studies have integrated spatial 

transcriptomics with spatial metabolomics to address biological 

questions, demonstrating the synergistic potential of these two 

omics approaches (Rao et al., 2021; Ge et al., 2025).

We used an integrated multi-omics approach to investigate wild 

soybean seeds, asking how cellular heterogeneity underpins 

the spatiotemporal regulation of oil and protein accumulation. 

We integrated high-throughput spatial transcriptomics, spatial 

metabolomics, and scRNA-seq data to establish a high-

resolution, spatially resolved overview of gene expression at the 

mid-maturity stage of seeds from wild soybean G. soja at a crucial 

point in nutrient accumulation. Cell types were classified, and 

predicted cell-type annotations were used to support spatially 

resolved transcriptomic analyses, followed by the reconstruction 

of differentiation lineages and the identification of putative regu-

latory factors involved in shaping the accumulation of storage 

compounds. This combined spatially resolved transcriptomic 

and metabolomic approach provides a robust foundation for 

hypothesis generation and subsequent testing in studies aimed 

at characterizing patterns of spatiotemporal gene expression 

and accumulation of key metabolites involved in wild soybean 

seed development and nutrient accumulation at the cellular and 

tissue levels.

RESULTS

High-quality spatial transcriptomics data from wild 
soybean seeds

Soybean seed development is broadly separated into the cotyle-

donary, early-maturity, mid-maturity, late-maturity, and dry-seed 

stages. Here, spatial transcriptomics data were generated 

using wild-type G. soja seeds collected at the mid-maturity stage, 

the critical period for accumulation of compounds associated 

with seed quality, including the major products protein and 

oil (Figure 1A). Seed oils and storage proteins accumulate 

progressively during seed development (Santos-Mendoza 

et al., 2008). Transmission electron microscopy (TEM) of oil 

bodies during seed development confirmed the accumulation
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of stored lipids. During the cotyledonary stage, a single large 

vacuole occupied the majority of each cell (Figure 1B). At the 

early-maturity stage, cells began showing obvious protein-

storage vacuoles, with a limited number of these electron-

dense vacuoles evident on the periphery of individual cells. 

During the mid-maturity stage, active synthesis of oil bodies 

and protein-storage vacuoles was evident. By the late-maturity 

stage, oil-body synthesis was nearly complete. At the dry-seed 

stage, the seeds were mature, and their cells contained high 

levels of protein-storage vacuoles and oil bodies.

Isolated seeds at the mid-maturity stage were frozen, sectioned 

in two planes, and used for analyses. Spatial transcriptomics an-

alyses were performed for spots 55 μm in diameter on two sec-

tions, one each in the horizontal and vertical planes. Seed 

cross-sections were prepared to 10-μm thickness, correspond-

ing to one cell layer with the thickness of a single cell. The 

permeabilization of these tissue sections was optimized using 

G. soja–specific conditions (Supplemental Figures 1 and 2). 

Multiple selected sections were then stained with hematoxylin

and eosin before analysis with the 10× Genomics Visium 

platform (Figure 1C). Spatial transcriptomics sequencing 

yielded 1961 and 1219 valid spots for the horizontal and vertical 

sections, respectively, with 36 890 and 38 225 corresponding 

valid genes (Supplemental Table 1). Distinct quality-control re-

sults were observed for these sections (Supplemental Figure 3). 

For scRNA-seq analysis of wild soybean, high-purity, viable pro-

toplasts were isolated from seeds, and the 10× Genomics 

scRNA-seq platform was used for droplet-based scRNA-seq an-

alyses (Figure 1C). Data were successfully generated for 29 515 

cells, with a mean of 55 364 sequencing reads per cell and a 

median of 2924 expressed genes (Supplemental Table 2). 

Genes induced during the process of protoplast preparation 

were eliminated during quality control (Supplemental Table 3). 

After quality control, data from 20 672 cells were retained for 

subsequent analysis (Supplemental Figure 4C–4G).

In brief, we generated high-quality transcriptomic data from 

two wild soybean seed sections using spatial transcriptomics 

and from 20 672 soybean seed cells by scRNA-seq at the

Figure 1. G. soja seed development and overview of analyses performed in this study.

(A) Morphological changes in G. soja seeds at different stages of seed development: the cotyledon primordium formation stage (Cot), early-maturity stage 

(EM), mid-maturity stage (MM), late-maturity stage (LM), and dry-seed stage (DS). Scale bars: 2 mm.

(B) Transmission electron microscopy images of G. soja seed development. Scale bars: 5 μm.

(C) Summary of data-acquisition workflows for spatial transcriptomics, scRNA-seq, and spatial metabolomics analyses. After paraffin embedding and 

sectioning, section-staining cell wall analyses were performed. In situ RNA capture was performed using sections loaded on spatial transcriptomics 

chips, followed by cDNA amplification, library construction, and sequencing. Seeds were also used for spatial metabolomics.
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mid-maturity stage, enabling the generation of a spatiotemporal 

transcriptomic map and characterization of dynamic gene-

expression patterns in developing wild soybean seeds.

Spatial clustering and cell-type classification of G. soja 
seeds

The spatial and histological characteristics of the seed samples 

were used to separate them into anatomically distinct regions: 

embryo parenchyma (Emb parenchyma), embryo axis (Emb 

axis), embryo epidermis (Emb epidermis), seed-coat epidermis 

(SC epidermis), seed-coat hilum (SC hilum), seed-coat vascula-

ture and parenchyma (SC vasculature & parenchyma), and endo-

sperm (Figure 2A). The cell-type composition of these samples 

was analyzed using Seurat to perform unsupervised clustering 

analyses based only on gene-expression data. Optimized resolu-

tion parameters were used to ensure correct clustering of the cell 

types, and the results were visualized using t-distributed sto-

chastic neighbor embedding (t-SNE) plots (Becht et al., 2019). 

The analysis revealed 9 cell clusters in the horizontal section 

and 10 cell clusters in the vertical section (Figure 2B). After 

mapping these clusters onto the seed sections using 

the corresponding spatial data, the sections were used as a 

reference for cell-clustering analyses. Next, the spatial transcrip-

tomic data were annotated as different cell types associated 

with different anatomical regions and sample planes on the basis 

of their spatial and histological features.

In the horizontal tissue section, the identified cells included H–Emb 

parenchyma-adaxial cells (cluster H_1), H–Emb parenchyma-

abaxial1 cells (cluster H_2), H–Emb parenchyma-abaxial2 cells 

(cluster H_3), H–endosperm cells (cluster H_5), H–SC epidermis 

cells (cluster H_6), H–SC hilum cells (cluster H_7), H–SC vascula-

ture & parenchyma1 cells (cluster H_4), H–SC vasculature & paren-

chyma2 cells (cluster H_8), and H–Emb epidermis cells (cluster 

H_9). The vertical tissue sections included V–Emb parenchyma1 

cells (cluster V_1), V–Emb parenchyma2 cells (cluster V_2), 

V–Emb parenchyma3 cells (cluster V_3), V–Emb axis-hypocotyl 

cells (cluster V_4), V–Emb axis-plumule cells (cluster V_7), V–Emb 

epidermis cells (cluster V_5), V–SC hilum cells (cluster V_6), V–SC 

epidermis cells (cluster V_8), V–SC vasculature & parenchyma cells 

(cluster V_9), and V–endosperm cells (cluster V_10) (Figure 2C and 

Supplemental Table 4). The spatial transcriptomics data were then 

analyzed to identify potential marker genes that showed cell-type-

specific expression patterns (Supplemental Table 5). The 

expression of tissue-specific marker genes was scored in accor-

dance with previously published spatial transcriptomics identifica-

tion of cultivated soybean in different cell clusters using the ‘‘Add-

ModuleScore’’ function in the Seurat package to confirm the 

presence of the correct cell types in the different clusters; reason-

able consistency was observed between the identified cell types 

and their spatial arrangements in the prepared sections (Zhang 

et al., 2025) (Figure 2D). RNA in situ hybridization analyses 

of representative marker genes confirmed the reliability of the G. 

soja cell populations and the identification of marker genes 

(Supplemental Figure 5).

Cell-specific functions of Emb parenchyma cell types

Soybean embryos originate from apical cells produced by the 

division of fertilized eggs, with the cotyledons serving as stor-

age organs for reserves that will nourish the germinated seed-

ling (Danzer et al., 2015). To explore the similarities and 

differences between abaxial and adaxial Emb parenchyma 

cells, we analyzed differential gene expression using the 

spatial transcriptomics datasets (Figure 3A). This resulted in 

the identification of a total of 5979 differentially expressed 

genes (DEGs) (Supplemental Table 6). We performed Kyoto 

Encyclopedia of Genes and Genomes (KEGG) enrichment 

analyses of the abaxial and adaxial Emb parenchyma cell 

populations to assess associations of the DEGs with biological 

pathways in different cell types, confirming that the enriched 

pathways and terms were related to the cell types of interest 

(Figure 3B). For instance, most abaxial and adaxial Emb 

parenchyma cells showed enrichment in the same biological 

processes, although abaxial Emb parenchyma cells were 

also enriched in pathways involved in glutathione metabolism, 

lysine degradation, cysteine and methionine metabolism, lysine 

biosynthesis, and cyanoamino acid metabolism, all of which 

are associated with storage proteins (Supplemental Table 7). 

By contrast, the adaxial Emb parenchyma cells were 

also enriched in pathways associated with α-linolenic acid 

metabolism, glycerolipid metabolism, glycerophospholipid 

metabolism, linoleic acid metabolism, and biosynthesis of 

unsaturated fatty acids, all of which are related to lipid storage 

(Supplemental Table 8). Previous studies have shown that, 

during the mid-maturity stage, starch levels are two-fold lower 

and storage-protein deposits are larger in abaxial than adaxial tis-

sues, whereas lipid deposition occurs predominantly in adaxial 

regions (Borisjuk et al., 2005).

To explore the dynamics of gene expression underlying cellular 

specialization in G. soja Emb parenchyma, we performed a 

subclustering analysis of Emb parenchyma cells from both 

the horizontal and vertical sections (Figure 3C and 3E). This 

subclustering yielded five subpopulations in horizontal Emb 

parenchyma cells (H-Emb parenchyma_1 to H-Emb paren-

chyma_5) and six subpopulations in vertical Emb parenchyma 

cells (V-Emb parenchyma_1 to V-Emb parenchyma_6). To further 

dissect the functional heterogeneity within these subpopulations, 

we performed gene set variation analysis (GSVA) to evaluate pat-

terns of pathway activity across the subclusters (Figure 3D 

and 3F).

For the horizontal Emb parenchyma subclusters (Figure 3C), 

H-Emb parenchyma_3, which spatially corresponded to the 

adaxial region, showed prominent enrichment in pathways 

related to lipid metabolism and biosynthesis, including 

Carotenoid biosynthesis (ko00906), Sesquiterpenoid and triter-

penoid biosynthesis (ko00909), and Glycerophospholipid meta-

bolism (ko00564) (Supplemental Table 9). These are all core 

pathways that support lipid synthesis and accumulation, 

consistent with our earlier finding that adaxial regions have 

a tendency for lipid storage. By contrast, the remaining 

subpopulations (H-Emb parenchyma_1, H-Emb parenchyma_2, 

H-Emb parenchyma_4, and H-Emb parenchyma_5), which 

mapped to abaxial-like domains, exhibited heightened activity 

in pathways linked to protein metabolism, including Protein 

export (ko03060) and Protein processing in endoplasmic reticu-

lum (ko04141). These pathways are critical for protein matura-

tion and transport and align with the larger storage-protein 

deposits observed in abaxial tissues. For the vertical Emb pa-

renchyma subclusters (Figure 3E), we analyzed pathway
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activities by spatial location: V-Emb parenchyma_1 (upper 

region) showed heightened activity in protein metabolism-

related pathways, including Ribosome (ko03010), RNA trans-

port (ko03013), and Biosynthesis of amino acids (ko01230). 

These pathway enrichments confirm its bias toward protein-

related functions. The middle-region subclusters (V-Emb paren-

chyma_2, V-Emb parenchyma_5, and V-Emb parenchyma_6) 

exhibited a transitional profile: V-Emb parenchyma_2 and 

V-Emb parenchyma_6 were enriched in lipid pathways, 

including Glycerolipid metabolism (ko00561) and Biosynthesis 

of unsaturated fatty acids (ko01040), whereas V-Emb paren-

chyma_5 was enriched in aspects of protein processing,

Figure 2. Spatial transcriptomic analysis of cellular organization in G. soja seeds.

(A) Toluidine blue–stained paraffin-embedded G. soja seeds were sectioned horizontally (top) and vertically (bottom).

(B) Cell clusters colored as in (C) mapped onto stained tissue sections.

(C) t-SNE plots showing spatial transcriptomics–based cell clusters represented in different colors.

(D) Scoring of different types of cell marker genes in each cluster.
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including Protein processing in endoplasmic reticulum 

(ko04141) and Aminoacyl-tRNA biosynthesis (ko00970). The 

lower-region subclusters (V-Emb parenchyma_3 and V-Emb 

parenchyma_4) displayed prominent enrichment in 

lipid biosynthesis pathways, including Linoleic acid metabolism 

(ko00591), Glycerophospholipid metabolism (ko00564), and 

Sphingolipid metabolism (ko00600) (Supplemental Table 10), 

confirming their tendency toward lipid storage.

Collectively, the Emb parenchyma cells in G. soja exhibit sophis-

ticated spatial differentiation in function: in the horizontal Emb 

parenchyma cells, adaxial Emb parenchyma cells mainly under-

take functions related to lipid synthesis and accumulation, 

whereas abaxial Emb parenchyma cells focus primarily on 

functions associated with protein synthesis and storage; the 

functional distribution of vertical Emb parenchyma cells forms a 

clear gradient, in which cells in the upper regions are dominated

Figure 3. Reconstruction of the cellular organization of seeds on the basis of spatial transcriptomics.

(A) Heatmap showing the expression levels of differentially expressed genes (DEGs) in the Emb parenchyma-abaxial and Emb parenchyma-adaxial cell 

types. The color gradient indicates the level of gene expression.

(B) KEGG enrichment analysis of DEGs between cotyledon cell populations. Left: upregulated DEGs enriched in the Emb parenchyma-abaxial cells. 

Right: downregulated DEGs enriched in the Emb parenchyma-adaxial cells.

(C) Top: t-SNE plots showing Emb parenchyma-adaxial cell subclusters. Bottom: subclusters mapped to their spatial locations.

(D) Heatmap of GSVA scores for Emb parenchyma-adaxial cell subclusters. Asterisks (*) indicate gene sets with P < 0.05 as determined by limma analysis.

(E) Top: t-SNE plots showing Emb parenchyma-abaxial cell subclusters. Bottom: subclusters mapped to their spatial locations.

(F) Heatmap of GSVA scores for Emb parenchyma-adaxial cell subclusters. *P < 0.05.
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by protein-related metabolic functions, cells in the lower regions 

are dominated by lipid-related metabolic functions, and cells 

in the middle regions integrate both of these metabolic pro-

cesses. This spatial partitioning ensures the efficient allocation 

of metabolic resources, supporting the accumulation of nutrients 

in developing wild soybean seeds.

Pseudotime analysis reconstructs a continuum of 
functional states in Emb parenchyma cells

To clarify the transcriptional dynamics that accompany the func-

tional specialization of Emb parenchyma cells, we performed 

RNA velocity and pseudotime trajectory analyses. We used 

scVelo, a likelihood-based dynamic model, to estimate the latent 

time of individual cells (La Manno et al., 2018); RNA velocity 

analysis predicted a predominant direction of transcriptional 

change originating from clusters H-Emb parenchyma_2 and 

V-Emb parenchyma_2 (Figure 4A and 4B). This prediction was 

corroborated by CytoTRACE analysis, which indicated that 

cells within the H-Emb parenchyma_2 and V-Emb parenchyma_2 

clusters exhibited transcriptional signatures of a less differenti-

ated state, suggesting that they represent a putative early state 

in the continuum of Emb parenchyma cell differentiation.

We next constructed pseudotime trajectories to model the 

progression of functional states. For horizontal Emb paren-

chyma cells, the pseudotemporal trajectory exhibited a direc-

tional trend in gene expression, starting from a state enriched 

in abaxial Emb parenchyma genes and progressing toward a 

state enriched in adaxial Emb parenchyma genes (Figure 4C). 

This pseudotemporal ordering of transcriptional states directly 

reflects the known functional difference between abaxial and 

adaxial Emb parenchyma cells, which have been shown 

to undergo endoreduplication asynchronously (Lin et al., 

2017). This pseudotemporal progression aligns with the spatial 

gradient of function we observed and was associated with 

dynamic changes in gene expression patterns (Supplemental 

Figure 6B). The pseudotime trajectory contained one 

branchpoint, dividing the cells into three distinct states 

(Supplemental Figure 6C). We identified four gene expression 

modules along this trajectory (Figure 4D and Supplemental 

Table 11). Genes in module 3, enriched at the trajectory 

origin, were significantly associated with the Gene Ontology 

(GO) terms cytoplasmic translation (GO:0002181), translational 

elongation (GO:0006414), and ribosomal small subunit 

assembly (GO:0042274) (Figure 4E), consistent with the 

pronounced protein synthesis and storage activities of 

abaxial cells. By contrast, genes in module 1, enriched at 

the trajectory endpoint, were associated with terms like 

modification-dependent protein catabolic process (GO:00 

19941), cellular protein modification process (GO:0036211), 

and lignin biosynthetic process (GO:0009809), suggesting a 

shift toward lipid metabolism and tissue maturation in adaxial 

cells.

The visualized transcriptional profiles of the vertical Emb paren-

chyma cells were then mapped along pseudotime trajectories 

(Figure 4F). A comparative analysis revealed that the density 

distribution of the cell states differed among the various 

groups, which may reflect dynamic changes during the 

acquisition of distinct functional states by vertical Emb

parenchyma cells (Supplemental Figure 6E and 6F). To evaluate 

the processes involved in the functional diversification of 

vertical Emb parenchyma cells, we constructed a heatmap 

to illustrate the expression patterns of the DEGs, which 

were divided into four modules (Figure 4G and Supplemental 

Table 12). As expected, the genes in module 1 were 

significantly enriched in GO terms associated with seed 

maturation (GO:0010431) and lipid transport (GO:0006869), 

both of which are closely related to nutrient storage. The 

genes in module 4 were significantly enriched in the GO terms 

protein maturation (GO:0051604) and chitin catabolic process 

(GO:0006032), which are closely related to protein synthesis in 

soybean Emb parenchyma cells (Figure 4H).

Together, the pseudotime trajectories, discrete gene modules, 

and GO enrichment analyses demonstrate that Emb paren-

chyma cells exist in a continuum of transcriptional states that 

correspond to spatiotemporally distinct functional programs. 

This transcriptional gradient aligns with their spatial functional 

gradients and provides a foundation for deciphering the 

mechanisms underlying their functional specialization. Notably, 

many transcription factors also displayed branch-dependent 

expression patterns across the pseudotemporal continuum. 

These transcription factors are important regulatory factors 

that may be involved in regulating the establishment of distinct 

Emb parenchyma cell states (Supplemental Figure 6G and 6H 

and Supplemental Tables 13 and 14).

Characterization of the regulation of wild soybean seed 
development by analysis of cell–cell communication

We next used the integrated spatial data from the horizontal and 

vertical sections to investigate the cellular and molecular dy-

namics involved in seed development. Unsupervised clustering 

analysis identified similar cell compositions in both sections 

(Figure 5B). The identified cell types were used to construct 

horizontal and vertical structural diagrams of soybean seed 

sections (Figure 5A). Integration and clustering of the same cell 

types were seen in both the horizontal and vertical sections of 

soybean seeds. To explore the cell-specific functions of different 

seed cell types, we performed GO enrichment analysis 

(Figure 5C). Cotyledon cells were enriched in processes related 

to nutrient accumulation during seed development, including 

seed maturation and protein folding (Tulpan et al., 2015; 

Yamasaki et al., 2017). Axis cells were enriched in processes 

and cellular compartments associated with growth, 

development, and energy conversion, including the cytosol, 

translation initiation factor activity, and helicase activity (Zhang 

and Fernie, 2018; Fatahi et al., 2024). Seed-coat cells were 

enriched in activities linked to energy production and nutrient 

transport, including GTPase activity, the tricarboxylic acid 

cycle, and structural molecule activity (Zeng et al., 2017). GO 

terms related to ‘‘GTP binding,’’ ‘‘cytosol,’’ and ‘‘protein 

folding’’ were enriched in most of the cell types. This may 

indicate that they provide global support for key processes 

such as cell differentiation during seed development by 

facilitating various activities, including signal coordination and 

substance synthesis.

We next investigated potential cell–cell communications between 

the various cell populations during the mid-maturity stage.

Plant Communications 7, 101580, January 12 2026 7

Regulation of nutrient accumulation in soybean seeds Plant Communications



Figure 4. Simulation of the pseudotemporal trajectory of Emb parenchyma cells and analysis of gene expression patterns.

(A) RNA velocity (left) and CytoTRACE (right) visualization for horizontal cotyledon cells as streams in the t-SNE space.

(B) RNA velocity (left) and CytoTRACE (right) visualization for vertical cotyledon cells as streams in the t-SNE space.

(C) Pseudotime analysis of horizontal cotyledon cellular differentiation, with dots representing individual cells.

(D) Heatmaps of gene expression and representative gene clustering in the pseudotime analyses.

(E) Gene expression trends with cell branching based on differentiation fate outcomes. Significantly enriched GO terms associated with specific clusters 

are shown on the right.

(F) Pseudotime analysis of vertical cotyledon cellular differentiation, with dots representing individual cells.

(G) Heatmaps of gene expression and representative gene clustering in the pseudotime analyses.

(H) Gene expression trends with cell branching based on differentiation fate outcomes. Significantly enriched GO terms associated with specific clusters 

are shown on the right.
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Figure 5. Seed regulation based on ligand–receptor analysis.

(A) G. soja seed anatomy, with different colors representing different cell types.

(B) t-SNE plots highlighting the cell types detected in G. soja seeds. Dots correspond to individual cells, colored and labeled as in (A).

(C) GO enrichment analysis of genes specifically expressed in individual cell types. Dot size represents the number of genes, and dot color denotes the 

adjusted P value in the related pathway.

(D) Network plots showing ligand–receptor interaction events in seed cells. Cell–cell communication is indicated by connecting lines. Line thickness and 

node size indicate the number of ligand–receptor interactions.

(E) Chord diagram of cell–cell communication between pairs of cell types. Line width indicates the number of significant ligand–receptor pairs.

(F) Top ligand–receptor pairs with p < 0.05 show different ligand-receptor interaction strengths. Columns are scaled by maximum ligand–receptor expression.

(G) Yeast two-hybrid assay confirming the protein–protein interaction between GsCDC48-12 and GsCDC48-1. Serial dilutions and growth on selective 

medium demonstrate the strength of the interaction.

(H) GST pull-down assay showing the physical interaction between GsCDC48-12 and GsCDC48-1.

(I) Co-IP assay showing the interaction between GsCDC48-12 and GsCDC48-1.
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Ligand–receptor enumeration was performed to analyze the 

interactions between each pair of cell types (Figure 5D). The 

high number of interactions in seed coats suggested active 

communication with other cell types. Notably, in terms of 

both ligands and receptors, the seed coats ranked highest in 

number of interactions, implying an auto- or intercellular 

manner of regulation. These results imply that seed-coat cells 

act as regulatory hubs in cell–cell communication networks. 

Unexpectedly, the number of interactions shown by 

endosperm cells was relatively high, despite the lower number 

of these cells. We next constructed a cell–cell interaction map 

by correlating ligands to their corresponding receptors in 

seed cells (Figure 5E). Analyses of the networks suggested that 

the seed-coat cells may act as potential central hubs in cell– 

cell communication networks, given their high frequency of 

predicted ligand–receptor interactions, potentially regulating 

key processes during mid-maturity seed development. We then 

focused our analysis on the top 10 ligand–receptor pairs, ranked 

according to the average scoring method, as these interactions 

are likely to play important roles in cell–cell communication 

(Figure 5F). Notably, a number of ligand–receptor pairs were 

detected in most cell–cell pairs, including Glysoja.19G051890 

(GsCDC48-12)–Glysoja.03G007535 (GsCDC48-1), Glysoja.04G 

009295 (14-3-3-LIKE PROTEIN GF14 OMEGA)–Glysoja.03G0 

07535 (GsCDC48-1), and Glysoja.19G051890 (GsCDC48-12)– 

Glysoja.08G020965 (ribosome biogenesis ATPase). Among the 

ligand–receptor pairs, the GsCDC48 protein–GsCDC48 protein 

interaction was the most frequently observed.

We next focused on confirming the interaction between 

GsCDC48-12 and GsCDC48-1, two CDC48 family members 

that exhibited the highest expression levels and ligand–receptor 

interaction scores in our dataset. Yeast cells co-expressing 

GsCDC48-12 with GsCDC48-1 exhibited robust growth and 

distinct blue coloration on SD/− Leu/− Trp/− His/− Ade/X-α-Gal 

medium, indicating effective interaction, unlike the negative 

controls (Figure 5G). Consistent with this finding, co-

immunoprecipitation (co-IP) and GST pull-down assays also 

provided evidence for the physical association between 

GsCDC48-12 and GsCDC48-1, reinforcing the specificity of this 

interaction (Figures 5H and 5I). These comprehensive in vitro and 

in vivo biochemical assays systematically demonstrate that 

GsCDC48-12 interacts with and modulates GsCDC48-1. Given 

that CDC48 complexes are known to participate in cell division, 

plant growth, and various cellular processes (Bae et al., 2009; 

Inè s et al., 2024; Nicolas-Francè s et al., 2024), our data suggest 

a model in which CDC48-mediated intercellular communication 

may play a role in coordinating seed development. Notably, the 

physical interaction between GsCDC48-12 and GsCDC48-1 and 

the high ligand–receptor interaction frequency of seed-coat cells 

provide a foundation for investigating intercellular communication 

mechanisms during mid-maturity seed development, with their 

specific regulatory roles in tissue differentiation and nutrient accu-

mulation requiring further functional verification.

Correlations between spatial transcriptomics and 
spatial metabolomics data

An airflow-assisted desorption electrospray ionization–mass 

spectrometry imaging (AFADESI–MSI) approach was used to 

map the spatial distribution of metabolites detected in G. soja

seeds (Figure 6A). Representative overall average mass spectra 

in negative-ionization mode are presented in Supplemental 

Figure 7. We identified 503 metabolites, the largest proportions 

of which were lipids (13.3%), amino acids and derivatives (11. 

5%), and carbohydrates and derivatives (11.5%) (Supplemental 

Table 15). The six most enriched metabolic pathways were 

associated with 67 lipids and 58 amino acids and their 

derivative metabolites (Figure 6B and Supplemental Table 16), 

suggesting that they are critical to soybean quality traits. 

We identified numerous abundant metabolites during the 

mid-maturity stage of seed development, such as L-glutamine, 

L-proline, and (R)-2-methylmalate, all of which were highly 

accumulated in cotyledon tissues. We next performed 

integrated analyses based on the joint point-to-point spatial 

transcriptomics and spatial metabolomics datasets. The 

workflow included three major steps: (1) alignment of the metab-

olite and transcriptome data, (2) image transformation, and (3) 

dimensionality reduction by weighted nearest-

neighbor integration and uniform manifold approximation and 

projection (Supplemental Figure 8) (Becht et al., 2019; Ravi 

et al., 2022). Genes related to these metabolites were also 

identified (Supplemental Table 17). To dissect regulatory links 

between transcripts and metabolites, we prioritized the 36 

metabolites associated with the top six enriched pathways 

mentioned above, analyzed pairwise correlations between 

these metabolites and highly variable genes (Figure 6C), and 

visualized the spatial distribution of these metabolites (Figure 6D).

The 20 most highly variable genes were subjected to detailed cor-

relation analysis with the 36 metabolites, and a correlation heat-

map was generated (Figure 7A). On the basis of the functions of 

strongly correlated metabolites in this heatmap, we selected 

Glysoja.16G043314 and its associated metabolite L-proline. 

L-proline has a number of functions, including the maintenance 

of redox homeostasis under stressful conditions, control of 

permeability, and promotion of protein synthesis and structural 

stability (Szabados and Savouré , 2010; Bach and Takagi, 2013; 

Lee et al., 2013; Meena et al., 2019). Glysoja.16G043314 

encodes the MAPK23-4 mitogen-activated protein kinase 

(MAPK), which plays important roles in many aspects of plant 

growth, development, and environmental stress responses (Wu 

and Wang, 2024). However, it has not previously been 

associated with protein accumulation in soybean seeds.

Functional verification of GsMAPK23-4

To characterize the potential role of GsMAPK23-4, its coding 

sequence was fused in-frame with green fluorescent protein 

(GFP) (hereafter GsMAPK23-4–GFP). The resulting construct 

and a free-GFP positive-control construct were transiently ex-

pressed in Arabidopsis mesophyll protoplasts, and GsMAPK23-

4–GFP localized to the cytosol (Figure 7B).

To confirm the identification and function of GsMAPK23-4, we 

generated stable transgenic lines in which GsMAPK23-4–GFP 

was overexpressed from the ubiquitous and strong CaMV 35S 

promoter, and the GsMAPK23-4 ortholog was knocked out 

by CRISPR–Cas9 gene editing in the DN50 G. max cultivar 

(Figure 7C–7F and Supplemental Figures 9, 10A, and 10B). The 

mutant alleles (designated gsmapk23-4-1 to gsmapk23-4-6) 

encoded truncated proteins that varied in length from 97 to 213
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Figure 6. Integration of spatial transcriptomics and spatial metabolomics analyses.

(A) Hematoxylin and eosin staining of G. soja seeds.

(B) KEGG enrichment of metabolites identified in G. soja seeds.

(C) Metabolite identification and associated genes in the enriched metabolic pathways. Transformations or metabolic processes are marked with ar-

rows. +, positive correlation; − , negative correlation.

(D) Spatial distributions of representative metabolites as mapped by AFADESI–MSI. Relative abundance is shown from blue (low) to red (high).
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Figure 7. Phenotypic analyses of seed oil and protein levels in mutant and overexpression lines.

(A) Heatmap of the expression of genes and metabolites.

(B) Confocal microscopy images showing the subcellular localization of GsMAPK23-4–GFP upon transient expression in Arabidopsis protoplasts. ‘‘GFP’’ 

denotes the free-GFP control. Scale bars: 10 μm.

(C) Top: schematic of the pSOY1-GsMAPK23-4 vector. Bottom: GsMAPK23-4 gene structure and single-guide RNA (sgRNA) target sites used for 

CRISPR-Cas9 gene editing.

(D) PCR detection of GsMAPK23-4-overexpressing transgenic lines. M, Trans2K Plus DNA marker; +, positive control of the plasmid used for 

transformation; − , negative control.

(E) GsMAPK23-4 expression in the transgenic overexpression lines as determined by RT–qPCR.

(F) PCR analysis of the CRISPR-edited lines (gsmapk23-4-1 to gsmapk23-4-6). Left: sgRNA 1. Right: sgRNA 2. M, DNA marker; WT, wild-type DN50.

(G) Sanger sequencing confirmation of gene-editing outcomes in the mutant lines after targeting GsMAPK23-4 with sgRNA 1 and sgRNA 2. Insertions and 

deletions are indicated with red letters and blue dashes, respectively. Sequence alterations relative to the wild-type sequence for individual genes are 

annotated at right.

(H and I) Protein (H) and oil (I) contents of seeds from the wild type (WT), transgenic GsMAPK23-4-overexpressing lines 1 and 2 (35S::GsMAPK23-4#1 

and 35S::GsMAPK23-4#2), and three mutant alleles (gsmapk23-4-1 through gsmapk23-4-3).

(J) Amino acid composition of seeds from wild-type DN50 (WT), transgenic GsMAPK23-4-overexpressing lines 1 and 2 (35S::GsMAPK23-4#1, 

35S::GsMAPK23-4#2) and three mutant alleles (gsmapk23-4-1 through gsmapk23-4-3).

Values in (E) and (H)–(J) are presented as the mean ± SD (n = 3). ns, not significant, P > 0.05; *P < 0.05 and **P < 0.01; one-way ANOVA followed by 

Dunnett’s test.
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amino acids, compared with 451 residues for the wild-type pro-

tein (Figure 7G). Two independent transgenic overexpression 

lines and three knockout lines were selected for functional 

investigation. Protein levels were significantly higher in mature 

seeds of the knockout lines and significantly lower in those of 

the GsMAPK23-4-overexpressing lines compared with the wild 

type (Figure 7H and Supplemental Figure 10C). Conversely, oil 

levels were lower in the three knockout lines and higher in the 

overexpression lines compared with the wild type (Figure 7I 

and Supplemental Figure 10D). Overexpression and knockout 

had no obvious effects on key agronomic traits or overall 

developmental phenotype (Supplemental Figure 11).

We next analyzed levels of 16 hydrolyzed amino acids in seeds 

from these lines. Relative to wild-type DN50, the gsmapk23-4-1 

to gsmapk23-4-3 mutants showed a statistically significant in-

crease in amino acid content, whereas the contents of most pro-

tein-associated amino acids were significantly reduced in the 

GsMAPK23-4-overexpressing seeds (Figure 7J). Together, 

these data highlight a major role for GsMAPK23-4 in protein 

and oil accumulation within soybean seeds.

Spatial annotation of single-cell clusters in developing 
G. soja seeds

Principal-component analysis (PCA) and graph-based unsuper-

vised clustering without known markers led to the identification 

of 14 distinct cell clusters. The clusters were visualized with 2D 

t-SNE plots, with all clusters seen in two biological replicates 

(Supplemental Figures 4A, 4B, 12A, and 12B). In general, 

compartments with the greatest degree of overlap in terms of 

gene expression are expected to be more closely associated with 

one another and may share functional characteristics (Qin et al., 

2016). Hierarchical clustering of Pearson correlation coefficients 

revealed clear correlations between compartments from closely 

adjacent anatomical tissues (Supplemental Figure 12C).

Using the spatial transcriptomics sequencing data from seed 

sections and the scRNA-seq data from 20 672 G. soja cells at 

the mid-maturity stage, we developed a spatiotemporal tran-

scriptomic map illustrating gene expression patterns in devel-

oping soybean seeds. The overall correlation coefficient between 

the scRNA-seq and the spatial transcriptomics datasets was 

close to 0.65, likely owing to effects of the enzymatic digestion 

process necessary for protoplast preparation (Supplemental 

Figure 4H). As there are relatively few marker genes in G. soja 

seeds, the successful assignment of several cell clusters was 

not possible. To overcome this issue, robust cell-type 

decomposition (RCTD) was used to monitor spatial patterns 

of gene expression. Cell-type annotations were performed for 

all cell clusters in the spatial sections, with a darker red 

color denoting a higher proportion of the corresponding cell 

type (Supplemental Figure 12D). Expression levels of known 

marker genes were also analyzed in the scRNA-seq dataset to 

facilitate the association of specific clusters with corresponding 

cell types (Supplemental Figure 12E). For instance, KTi3 and 

KTi1 (Glysoja.08G022501 and Glysoja.01G000984), which were 

uniquely expressed in embryos, were expressed at high levels 

in the cotyledon region (Perez-Grau and Goldberg, 1989), while 

β-conglycinin Gy4 (Glysoja.10G025927) is also reportedly ex-

pressed at the mid-maturity stage and was highly expressed in

the cotyledon region (Harada et al., 1989). Moreover, flavonoid 

3 ′ -hydroxylase, which corresponds to the T locus and is 

responsible for controlling pubescence and seed coat color, 

was highly expressed in SC_AL2 (Toda et al., 2012). Specific 

expression of the GPI-anchored lipid transport protein LTPG1 

(Glysoja.13G037184) was also observed in SC_AL. Consistent 

expression of these marker genes was also noted in different 

spatial sections. This integrated spatial transcriptomics and 

scRNA-seq analysis facilitated the successful identification of 

cell types in G. soja seeds and the preparation of a comprehen-

sive seed-cell molecular map.

DISCUSSION

Our study provides a cell-level perspective on seed develop-

ment in wild soybean, revealing how spatial organization and 

transcriptional trajectories contribute to oil and protein accumu-

lation. Wild soybean, the ancestor of cultivated soybean, has 

been proposed as a useful genetic source for increasing 

these components in soybean crops (Du et al., 2023). Despite 

thorough descriptions of the organization and structures 

of seed cells in cultivated soybean, there has been no 

comprehensive analysis of how cells differentiate in wild 

soybean seeds. Here, we constructed and compared the 

developmental trajectories of cells during development of G. 

soja seeds to generate a cellular molecular map. The findings 

provide new insight into the processes involved in cellular 

differentiation during soybean seed development.

Fully characterizing the development of soybean seeds requires 

a thorough understanding of the changes in gene expression 

that take place in specific cell populations during this process. 

Here, we used spatial transcriptomics to generate cellular maps 

and molecular networks associated with the differentiation trajec-

tories of cells in G. soja seeds. Horizontal and vertical sections 

were used for spatial transcriptomic sequencing with the 10× 

Visium platform, facilitating analysis of the spatial patterns 

of gene expression in seeds while also clarifying the cellular 

composition of seed tissues.

Previous soybean spatial transcriptomics data, together with 

the spatial transcriptomics data obtained in this study, were 

used to annotate the different cell types. The spatial location of 

each cell type was successfully determined, enabling us to char-

acterize the cell composition of wild soybean seeds. RNA in situ 

hybridization was used to verify marker genes specific to the 

different clusters, and the results were consistent with those of 

the comprehensive bioinformatics analysis (Supplemental 

Figure 5). In summary, this study successfully classified the 

various cell types found in soybean seeds, providing a data 

resource that will contribute to understanding the regulatory 

network of seed development at the cellular level.

Horizontal Emb parenchyma cells display distinct functional 

specializations: abaxial cells are enriched in pathways for pro-

tein storage, whereas adaxial cells prioritize lipid biosynthesis. 

This spatial divergence in gene expression aligns with the meta-

bolic gradients observed in mid-maturity seeds in previous 

studies, in which abaxial tissues accumulated more storage 

proteins and adaxial regions more lipids. The functional special-

ization of Emb parenchyma cells follows distinct spatiotemporal
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trajectories governed by modular gene expression, providing a 

molecular basis for their functional diversification in nutrient 

accumulation. Together, our pseudotime analyses define a 

continuum of transcriptional states in Emb parenchyma cells 

that underlies their spatial gradient in function. Although our study 

and prior work (Lin et al., 2017) have established clear molecular 

and physiological distinctions between adaxial and abaxial 

parenchyma cells, the precise developmental lineage 

relationships between these cell types, as highlighted in legume 

seed biology (Le et al., 2007), remain an open question. Our 

data do not directly address cellular origins; rather, they 

provide a high-resolution map of the transcriptional programs 

associated with functional specialization. The transcription 

factors we identified as varying across this pseudotemporal 

continuum represent candidate regulators for the establishment 

and maintenance of these distinct cell states. Future studies us-

ing lineage-tracing techniques will be essential to determine how 

these transcriptional states are linked to the embryonic develop-

ment of parenchyma cell lineages. In particular, a pseudotime 

analysis of cells in the Emb parenchyma led to further refinement 

of Emb parenchyma cell types and investigation of their func-

tional roles. The results provide insight into the gene expression 

patterns of individual cell types involved in various cellular and 

molecular processes, including seed growth and development, 

energy storage, and nutrient accumulation. These spatial 

transcriptomic profiles lay a foundation for more detailed explora-

tion of metabolite–transcript regulatory networks and 

hypothesis-led investigations of the functions of metabolites, 

tissues, and cell types in seed development.

Spatial transcriptomic analyses and predictions of ligand–re-

ceptor interactions suggested that seed-coat cells may act as 

central regulatory hubs in intercellular communication (with the 

highest inferred interaction frequency) and revealed that endo-

sperm cells show unexpectedly high signaling activity despite 

their low abundance. These observations provide testable hy-

potheses for tissue regulatory roles and lay the groundwork for 

validating communication mechanisms during the mid-maturity 

stage of seed development. The CDC48 protein complex 

emerged as a key mediator, and the physical interaction be-

tween GsCDC48-12 and GsCDC48-1 was experimentally vali-

dated by yeast two-hybrid, GST pull-down, and co-IP assays. 

Notably, although CDC48 is known for intracellular roles in pro-

tein degradation and cell-cycle regulation (Bae et al., 2009; 

Nicolas-Francè s et al., 2024), our identification of its 

intercellular interaction suggests that it may act as a 

communication module linking the seed coat to other tissues. 

This hypothesis, supported by the role of the seed coat as 

a communication hub, provides a foundation for investigating 

how intercellular communication coordinates tissue 

differentiation and nutrient accumulation in seeds. Overall, 

existing evidence supports the idea that CDC48 may be 

involved in coordinating these seed developmental processes, 

but its regulatory role in planta, including whether it directly 

mediates seed coat–embryo signaling, requires further 

functional verification.

Seed development proceeds through three main stages: (1) 

embryo growth, cellular division, and morphogenesis; (2) 

seed maturation and the accumulation of reserve compounds; 

and (3) desiccation and the onset of dormancy (Weber et al.,

2005). Soybean seeds contain large amounts of lipids, starch, 

and amino acids, which serve as a source of nutrition for the 

seeds. Amino acids and lipids play roles in the regulation of 

soybean seed development and the accumulation of nutrients 

(Gupta et al., 2017). The seed yields and oil contents of cultivated 

soybean varieties tend to be higher than those of ancestral wild 

varieties, but their protein contents tend to be lower (Sedivy et al., 

2017). Here, we performed transcriptomics and metabolomics 

analyses of wild soybean seeds at the mid-maturity stage using 

an AFADESI–MSI approach to gain comprehensive insights into 

the key metabolites that are most abundant during seed develop-

ment. Metabolic pathway enrichment analyses indicated that 

lipids, amino acids, and their derivatives were present at high levels 

in soybean seeds at mid-maturity. Further identification of these 

metabolites at a higher spatial resolution and identification of genes 

that may govern the course of seed development will help to 

generate a new understanding of metabolism at the tissue and 

even the single-cell level, enabling improvements in the nutritional 

quality of soybean seeds.

Soybean is a nutrient-rich crop that contains all the amino acids 

essential for the human diet (Kudełka et al., 2021). Further 

improvement of cultivated soybean varieties in terms of protein 

and amino acid contents is an important goal in soybean 

breeding, and the abundant genetic diversity of wild soybean 

offers significant possibilities for such improvement. Analyses 

of correlations between spatial transcriptomic and spatial 

metabolomic data identified GsMAPK23-4 (Glysoja.16G043314), 

which was associated with L-proline content in G. soja seeds. As 

conserved protein kinases expressed across eukaryotic species, 

MAPKs are key regulators of plant development and environ-

mental stress responses (Cristina et al., 2010; Manna et al., 

2023). NaMAPK4 has a positive effect on vegetative growth but 

negatively affects reproductive growth (Hettenhausen et al., 

2011). MAPKs have been shown to regulate gene expression 

in Arabidopsis following exposure to abiotic or biotic stressors 

(Bigeard and Hirt, 2018). To characterize the function of 

GsMAPK23-4, we generated overexpression and knockout lines. 

Compared with wild-type DN50, gsmapk23-4 mutant plants 

had a higher protein content, as well as increased contents of 

proline, threonine, and other amino acids, but their oil content 

was lower. GsMAPK23-4-overexpressing plants showed the 

opposite characteristics. The phenotypes of the mutants and 

overexpression plants thus suggest that GsMAPK23-4 is a nega-

tive regulator of soybean protein content, providing a reference 

for future efforts to enhance the nutritional content of soybean 

seeds. The gene and associated metabolites identified here may 

be linked to the regulation of the developmental processes active 

in these seeds and may influence the quality of different soybean 

cultivars. The data provided establish a strong phenotypic and 

spatial association between GsMAPK23-4 and proline-mediated 

protein accumulation, but whether this reflects a causal mecha-

nism remains to be determined.

Because relatively little is known about marker genes for soybean 

cell types, the spatial transcriptomics data were deconvoluted for 

the scRNA-seq clusters. This may have led to bias in cell-type 

identification, as excessively high resolution can introduce artifi-

cially divided subpopulations, whereas insufficient resolution 

may obscure true cellular heterogeneity. We therefore used 

the RCTD method. Numerous previous studies have also
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explored single-cell sequencing identification using spatial tran-

scriptomics results, and this has become a pivotal approach for 

single-cell annotation (Xu et al., 2023; Yao et al., 2024). Here, 

although the resolution was fuzzy for the definition of cell types 

in some boundary areas, we were able to effectively integrate 

single-cell data and spatial expression patterns overall. However, 

theoretically, the number of single-cell cell types should be 

greater than the number of spatial transcriptomics cell types, 

but it is unrealistic to expect complete annotation of all cell 

populations of single cells using spatial localization. Owing to 

the lack of specific marker genes for these seed cell types, we 

will undertake in-depth analysis using single-cell sequencing 

data in our next study.

In summary, we created a cellular multi-omics map by combining 

spatial transcriptomics data with spatial metabolomics data and 

identified highly enriched metabolites that were differentially 

abundant during the mid-maturity stage of seed development 

in wild soybeans. These findings provide a foundation for 

future analyses of soybean seed development with single-cell 

transcriptomic and metabolomic resolution. By mapping cell-

type-specific gene expression and metabolic networks, we re-

vealed the spatial organization of nutrient accumulation, identi-

fied key ligand–receptor communication hubs in the seed coat, 

and delineated the developmental trajectories of cotyledon cells. 

Importantly, we functionally validated GsMAPK23-4 as a novel 

negative regulator of protein and oil content. This work provides 

a comprehensive multi-omics resource and critical genetic in-

sights for future efforts aimed at improving seed composition in 

soybean.

METHODS

Plant growth conditions

Wild-type G. soja ZYD00006 and transgenic and wild-type G. max Dong-

nong no. 50 (DN50) were cultivated at 23 ◦ C ± 2 ◦ C under a 16-h light/8-h 

dark photoperiod with 1000 μmol‧m − 2 s − 1 irradiance and 60%–80% rela-

tive humidity. G. soja seed coats were scored with a knife (without 

damaging the hilum) before germination. Wild soybean seeds were 

collected during the mid-maturity stage (Soybean Ontology: SOY: 

0001293).

Protoplast isolation

After collection, seeds were soaked in 20 mM MES (pH 5.7) with 3% (w/v) 

Cellulase R10, 1% (w/v) Macerozyme R10, 1% (w/v) Snailase, 1% (w/v) 

cutinase, 0.4 M mannitol, and 20 mM KCl to isolate protoplasts. The sam-

ples (two wild soybean seeds at the mid-maturity stage) were then soaked 

in the enzymolytic solution and vacuum infiltrated for 10 min to promote 

entry of the solution into the tissue samples. After dissociation, the cells 

were passed through a cell sieve to remove large cellular aggregates 

and obtain a single-cell suspension.

scRNA-seq

The freshly prepared single-cell suspension was adjusted to 700–1200 

cells/μl according to the operation manual of the 10× Genomics Chro-

mium Next GEM Single Cell 3 ′ Reagent Kit v3.1 (no. 1000268) for library 

construction. The constructed library was sequenced using the Illumina 

NovaSeq 6000 platform to obtain 150-bp paired-end reads.

scRNA-seq data analyses

Cell barcodes were demultiplexed and reads were mapped to the G. soja 

W05 genome using the Cell Ranger pipeline (v5.0.0, 10× Genomics). The 

algorithms in this package generated expression matrices for all cells and

all genes. Seurat (version 3.1.1) (Hao et al., 2021) was used for subsequent 

quality control, retaining high-quality cells with > 200 genes, > 1000 

unique molecular identifiers (UMIs), and a log 10 GenesPerUMI value > 

0.7, and doublets were removed from further analyses with 

DoubletFinder. To obtain normalized gene expression data, library size 

normalization was performed using the NormalizeData function. The 

global-scaling normalization method LogNormalize was used to normalize 

the gene expression measurements for each cell in terms of total expres-

sion, with multiplication by a scaling factor (10 000 by default) and log 

transformation of the results.

The top 2000 most variable genes were determined using the Seurat 

function FindVariableGenes (mean.function = FastExpMean, dispersion. 

function = FastLog VMR). PCA was performed to reduce dimensionality 

with the RunPCA function. Graph-based clustering was performed with 

the FindClusters function to cluster cells according to their gene expres-

sion profiles. We visualized the clusters on a 2D map produced with 

t-SNE (Van der Maaten and Hinton, 2008). The FindAllMarkers function 

(test.use = presto) was used to identify the marker genes for each cluster.

Protoplast preparation has been shown to trigger protoplasting-responsive 

genes that are not expressed during normal plant growth (Xu et al., 2021). To 

avoid interference of these genes in subsequent analyses, protoplasting-

responsive genes from the model species Arabidopsis (Denyer et al., 

2019) were used to identify wild soybean homologs from the soybean 

genome using Blastn, retaining genes with an E value ≤1 × 10 − 5 and 

percentage identity > 70%. Thus, we obtained a list of relevant genes in 

wild soybean (Supplemental Table 3) that were excluded from further 

analyses.

Spatial transcriptomics sequencing

Seeds collected during the mid-maturity stage were embedded directly in 

OCT (Sakura, 4583) before cryosectioning. Tissue sections were mounted 

on spatially barcoded microarray slides using a Visium Spatial Gene 

Expression Slide & Reagents Kit (10× Genomics, 1000184). RNA was 

extracted, and qualified samples with RIN > 7.0 were selected for hema-

toxylin and eosin staining. Tissues were cleared for 12 min using an opti-

mized protocol to enable release of the maximum amount of RNA, which 

was then bound to spatially barcoded spots. The captured mRNA was 

used for cDNA synthesis and library preparation for the 10× Visium plat-

form according to the Visium Spatial Gene Expression User Guide 

(CG000239 rev. A, 10× Genomics).

Analysis of spatial transcriptomic data

The FASTQ files were processed and aligned to the G. soja W05 reference 

genome using Space Ranger software (version 2.0.1) from 10× Geno-

mics, with UMI counts summarized for each barcode. To distinguish tis-

sue-overlaying spots from the background, tissue-overlaying spots 

were identified from the images. The filtered UMI count matrix was then 

analyzed using the Seurat (version 4.3.0) (Stuart et al., 2019) R package.

Sctransform (Hafemeister and Satija, 2019) was used to normalize data 

and identify the top 3000 most variable genes. PCA was performed to 

reduce dimensionality on the log-transformed gene–barcode matrices 

of top variable genes. Graph-based clustering was performed to cluster 

cells according to their gene expression profiles with the FindClusters 

function. Cells were visualized using a 2D t-SNE (nonlinear dimensionality 

reduction) algorithm. The FindAllMarkers function (test.use = presto) was 

used to identify the marker genes for each cluster. FindAllMarkers was 

implemented in Seurat (v4.1.3) with the settings ‘‘min.pct = 0.25’’ and 

‘‘logfc.threshold = 0.58’’ to identify genes enriched in the clusters.

The AddModuleScore function in the Seurat R package was used to 

define the scores of the marker-genes gene set. All analyzed features 

were binned on the basis of averaged expression, and the control features 

were randomly selected from each bin.
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DEGs were identified using the function FindMarkers (test.use = presto) 

with P < 0.05 and |avg_log2FoldChange| > 1.0 as the thresholds for 

significant differential expression. GO enrichment and KEGG pathway 

enrichment analyses of DEGs were performed using R (v4.0.3) on the ba-

sis of the hypergeometric distribution. The criteria for screening GO and 

KEGG terms were as follows: the number of genes enriched in terms 

was greater than 2, and the enrichment significance was less than 0.05. 

GSVA was performed using the GSVA package (v1.34.0, Barcelona, 

Spain) (Hä nzelmann et al., 2013) and the KEGG database (Kyoto, 

Japan) (Kanehisa et al., 2017).

Deconvolution

The RCTD (v1.1.0) (Cable et al., 2022) method for cell-type deconvolution 

was used with default parameters, with a minimum of 1 cell per cell type 

and 1 UMI per spot, setting the run.RCTD function doublet_mode to 

FALSE, thereby enabling the inference of cell-type composition for each 

locus.

Cell–cell communication analysis

The PlantPhoneDB package (version 1.0.0) (Xu et al., 2022) was used to 

predict ligand–receptor interactions. First, the normalized expression ma-

trix was provided as input, then the corresponding plant ligand–receptor 

database was selected, and finally the LRscore function was used to 

calculate the scores of the ligand–receptor interactions.

CytoTRACE analysis

CytoTRACE (Gulati et al., 2020) (version 0.3.3) was used to predict 

differentiation states from the spatial transcriptomics data. The raw 

counts were loaded, and the CytoTRACE function was then used to deter-

mine the recommended time order of cells with the enableFast = TRUE 

parameter. Visualization was performed using the plotCytoTRACE function.

RNA velocity analyses

Recounting of spliced and unspliced mRNA with the Python script veloc-

yto.py (La Manno et al., 2018) (https://github.com/velocyto-team/ 

velocyto.py) was performed on the Cell Ranger output folder to facilitate 

RNA velocity analyses. Values for each gene in each cell were 

established and translated to RNA velocity vectors in low-dimensional 

space using the velocyto.R package (v0.6), projecting the velocity vectors 

onto t-SNE plots generated with Seurat.

Pseudotime analyses

The developmental pseudotime was determined using the Monocle2 

package (version 2.9.0) (Trapnell et al., 2014). Raw counts were first 

converted from a Seurat object into a CellDataSet object with the im-

portCDS function in Monocle. The differentialGeneTest function of the 

Monocle2 package was used to select ordering genes (q < 0.01) that 

were likely to be informative in the ordering of cells along the pseudotime 

trajectory. Dimensional reduction clustering analysis was performed with 

the reduceDimension function, followed by trajectory inference with 

default parameters of the orderCells function. Gene expression was 

plotted with the plot_genes_in_pseudotime function to track changes 

over pseudotime.

RNA in situ hybridization

Mid-maturity-stage seeds were fixed for 24 h in Formalin-Acetic Acid-

Alcohol (FAA) solution at 4 ◦ C, then dehydrated in an ethanol gradient 

and embedded in paraffin. The tissues were then sliced with a micro-

tome to obtain 3- to 5-μm-thick sections. Digoxigenin (DIG)-labeled spe-

cific primers were designed for marker genes (Supplemental Table 17). 

After pretreatment, probes were hybridized to the sections at 60 ◦ C for 

48 h, and anti-DIG–horseradish peroxidase (HRP) was then applied to 

detect the associated signal.

Preparation of spatial metabolomics sections

OCT was applied to the bottom of an embedding block, samples were 

placed in the center of the block, more OCT was added, and any air bub-

bles were removed from the tissue sections with tweezers. Samples were 

then sectioned at − 20 ◦ C with a cryomicrotome. After preliminary sample 

trimming, sections were cut at a 30-μm thickness, exchanging the cutting 

blade for one of 10-μm thickness when approaching the target area. Sec-

tions were placed on a Superfrost Plus positive-charge anti-slip slide and 

flattened with a paintbrush, and hematoxylin and eosin staining was per-

formed for one section, followed by storage at − 80 ◦ C for subsequent 

imaging.

AFADESI–MSI analyses

MSI analyses of G. soja were performed with an AFADESI–MSI platform 

coupled with a Q-Orbitrap mass spectrometer (Q Exactive, Thermo Scien-

tific, Germany) using a spray voltage of 7.0 kV and an extraction gas flow 

rate of 45 l‧min − 1 . The spray solvent consisted of an 8:2 mixture of aceto-

nitrile and water at a flow rate of 5 μl‧min − 1 , with 0.7 MPa nitrogen as the 

spray gas. Tissue sections were mounted on glass slides, fixed with a 3D 

electrical moving stage (Beijing Optical Instrument Factory, China), and 

scanned using a sprayer at a constant 0.2 mm‧s − 1 rate in the x direction, 

with a 0.2-mm vertical step separation in the y direction.

AFADESI–MSI analyses were performed through a full MS scan in 

negative-ion mode with the following MS parameters: capillary tempera-

ture 350 ◦ C, S-lens voltage 55 V, maximum injection time 200 ms, auto-

matic gain control target 3 × 10 6 , resolution 70 000, and m/z range 

70–1000 Da. Xcalibur 3.0 Qual Browser (Thermo Fisher Scientific) was 

used to convert raw MS data files to .cdf format. Images were analyzed 

with the custom MassImager 1.0 program.

Integration of spatial transcriptomics and metabolomics data

Spatially resolved transcriptomic and MSI data were aligned through 

feature-based alignment and dynamic transformation (Ravi et al., 2022). 

Manual alignment was achieved with the ManualAlignImages function in 

Semla Shiny (Larsson et al., 2023), using this same approach for 

processing RNA data and MSI data points with hematoxylin and eosin-

stained images. Sections that did not align, particularly at the edges or in 

areas that contained artifacts, were excluded from further analyses. MSI 

data were subjected to PCA to exclude any data outside of the tissue 

sections. The nearest pairs in the spatial transcriptomics and MSI datasets 

were identified using the R package dbscan with k-NN (k = 6), filtering out 

any pairs with a distance greater than 45 pixels. For individual MSI points, 

only the closest RNA neighbor was retained to ensure one-to-one mapping. 

The aligned data were stored using newly generated Seurat objects (Hao 

et al., 2024).

Correlations between spatial transcriptomics and 
metabolomics data

Pearson correlation coefficients were calculated for metabolites and 

associated mRNA levels among samples in the same group to quantify 

spatial transcriptional–metabolic regulatory relationships, with values 

closer to 1 denoting greater concordance between mRNA and metabo-

lite levels. The results were assembled in a heatmap to evaluate correla-

tions between DEGs and differentially abundant metabolites in a given 

spatial area. Given the point-to-point correspondence between spatial 

transcriptomics and spatial metabolomics datasets and their weighted 

matrices, integrated data-based correlation analyses should confer 

greater accuracy.

Correlation heatmap

Genes with high spatial variability were identified using the FindVariable-

Features function of the Seurat R package (https://satijalab.org/seurat/ 

reference/findvariablefeatures). The top 2000 variable genes were 

selected on the basis of the screen performed above, and we selected 

the 36 metabolites that were significantly enriched in pathways.
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Associations between mRNA levels and metabolites among samples 

were analyzed using Pearson correlation coefficients, with values closer 

to 1 indicating greater concordance between mRNAs and metabolites in 

these samples.

Transmission electron microscopy (TEM) analysis of cotyledon 

cells in G. soja

Seeds were sampled at the mid-maturity stage to examine the ultrastruc-

ture of the cotyledon cells. The cotyledons were cut into 1-mm 3 blocks 

and then prepared for TEM sectioning as described previously (Mori 

et al., 2004). The ultra-thin sections were evaluated and imaged using a 

transmission electron microscope (HITACHI HT7800, Hitachi Co., Ltd., 

Japan) at 120 kV.

Subcellular-localization analysis

A GsMAPK23-4–GFP fusion protein was constructed by inserting the 

GsMAPK23-4 coding region into the GFP-tagged pBI121 vector using 

gene-specific primers (Supplemental Table 18). After Polyethylene 

Glycol (PEG)–calcium-mediated transformation for 15 h, GsMAPK23-4– 

GFP plasmids were transiently expressed in Arabidopsis mesophyll proto-

plasts (Yoo et al., 2007). An empty GFP vector was used as a positive 

control (Chen et al., 2022a, 2022b).

Subcellular localization was determined by confocal laser-scanning mi-

croscopy (Carl Zeiss LSM 710, Germany). GFP imaging was performed 

at an excitation wavelength of 488 nm and an emission wavelength of 

507 nm.

Construction of expression vectors and plant transformation

The pSOY1-GsMAPK23-4 overexpression vector was generated by 

cloning the GsMAPK23-4 coding sequence from G. max DN50 cDNA 

(which is identical to that of GsMAPK23-4) into the pSOY1 vector 

containing the CaMV 35S promoter. Colony PCR was used to verify 

successful construction of the overexpression vector (Supplemental 

Figure 10A).

For CRISPR-Cas9 gene editing, the CRISPR-P 2.0 tool was used to 

design two sgRNAs targeting GsMAPK23-4 (Liu et al., 2017), which 

were then subcloned into the pGES401 plasmid; the resulting 

construct was introduced into Agrobacterium tumefaciens EHA105. 

G. max DN50 served as the cloning target and background for genetic 

transformation.

Yeast two-hybrid (Y2H) assay

The coding sequence of GsCDC48-12 was inserted into the pGBKT7 

vector using the EcoRI and BamHI restriction sites to create pGBKT7-

GsCDC48-12. Concurrently, the coding sequence of GsCDC48-1 was 

inserted into the pGADT7 vector. Different combinations of recombi-

nant and empty vectors were co-transformed into the Y2H Gold yeast 

strain. Transformed yeast cells were plated on X-α-Gal-supplemented 

SD/− Leu/− Trp for selection and interaction verification. Interaction 

assays were refined on quadruple-dropout medium lacking leucine, 

tryptophan, histidine, and adenine (SD/− Leu/− Trp/− His/− Ade) supple-

mented with X-α-Gal.

GST pull-down assay

The coding sequences of GsCDC48-1 and GsCDC48-12 were inserted 

into the pGEX-6P-1 and pET-28a plasmids fused with GST and His 

tags, respectively. The recombinant plasmids were introduced into Es-

cherichia coli Rosetta (DE3) strains. Protein expression was induced by 

addition of 0.5 mM Isopropyl β-D-1-Thiogalactopyranoside (IPTG), fol-

lowed by incubation at 16 ◦ C for 16 h. Cells were lysed in lysis buffer (1× 

PBS, 1 mM PMSF) and sonicated, and supernatants were collected by 

centrifugation at 12 000 rpm for 10 min. GST-tagged GsCDC48-1 was iso-

lated using GST magnetic beads (Solarbio) and eluted with GST elution 

buffer (150 mM NaCl, 50 mM Tris–HCl [pH 8.0], and 25 mM reduced gluta-

thione). After three washes, the GST-tagged protein-bound beads were 

mixed with supernatants containing His-tagged GsCDC48-12. After 4 h 

of incubation, the beads were washed with GST washing buffer 

(150 mM NaCl, 50 mM Tris–HCl [pH 7.5], and 2 mM EDTA) to remove 

nonspecifically bound proteins. Bound proteins were eluted with GST 

elution buffer. Interactions were analyzed by immunoblotting using anti-

His (1:5000, M20001, Abmart) and anti-GST (1:5000, 30901ES50, Yeasen) 

antibodies.

Co-IP assay

The coding sequences of GsCDC48-12 and GsCDC48-1 were cloned 

into the pCAMBIA1302-4×Myc-CMV-3×FLAG vector (Myc-tagged) 

and the pCAMBIA1302 plant expression vector (GFP-tagged), respec-

tively. The recombinant constructs were introduced into A. tumefaciens 

strain GV3101 and subsequently infiltrated into 1-month-old tobacco 

leaves. After a 48-h incubation, proteins were isolated from the infiltrated 

leaves using IP Lysis Buffer (Thermo) supplemented with 1× Protease 

Inhibitor Cocktail (Roche, 04693132001). The extracts were then incu-

bated with protein A/G agarose beads (Yeasen) in conjunction with an 

anti-GFP antibody (Roche) and incubated at 4 ◦ C for approximately 

16 h to pull down the protein complexes. The immunoprecipitated 

proteins were visualized by immunoblotting with anti-GFP (Roche) and 

anti-Myc (Abclonal) antibodies (1:5000 each). HRP goat anti-mouse 

IgG (Abclonal) and HRP goat anti-rabbit IgG (Proteintech) secondary 

antibodies were used.

RT–qPCR

Total RNA was extracted with the TRIzol reagent, DNA was removed by 

RNase-free DNase treatment, and first-strand cDNA was synthesized 

from the RNA templates. ACTIN11 served as a reference gene for normal-

ization, and the 2 − ΔΔCt method was used to calculate relative gene 

expression. All analyses were performed in triplicate.

Phenotypic analysis of seeds

Protein, oil, and amino acid contents of seeds were measured using the 

PerkinElmer DA7250 NIR (near-infrared) grain analyzer (Perten Instru-

ments, Sweden).

Statistical analysis

Statistical analysis was performed using one-way analysis of variance 

(ANOVA) followed by Dunnett’s test in GraphPad Prism version 8.0 

(GraphPad, USA). P < 0.05 was considered statistically significant. 

Values for individual samples represent the mean of three replicates.

Data availability

The scRNA-seq and spatial transcriptomics data have been deposited 

at the NCBI Gene Expression Omnibus under accession numbers 

GEO: GSE281215 and GSE281070. The spatial metabolomics data can 

be accessed at https://metaspace2020.eu/project/liu-2024-1. The com-

plete cellular multi-omics map generated in this study is available at a 

dedicated online repository (URL: http://www.soycellmarker.com/).
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