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Background
Canadian farmers have increasingly adopted soybean 
(Glycine max (L.) Merr.) in crop rotations and this legume 
is now the third largest field crop in Canadian agriculture 
by farm cash receipts [1]. As global populations increase, 
Canadian soybean exports will continue to grow. His-
torically, Canadian soybean production has been pre-
dominantly concentrated in Eastern Canada, specifically 
Ontario and Quebec [2]. Compared to Western Canada, 
this region is characterized by a longer growing season, 
optimal temperatures, and consistent precipitation, lead-
ing to stable and high-yielding cultivation [2]. Recently, 
however, soybean acreage has rapidly expanded into 
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Abstract
Soybean (Glycine max (L.) Merr.) seed weight is a critical yield component that varies significantly across Canadian 
growing regions due to environmental factors. Dissecting the genetic basis of this trait is challenging, as 
phenotypic plasticity often obscures stable regulatory mechanisms. This study aimed to identify stable gene co-
expression networks associated with seed weight using multi-year transcriptomic data. We performed weighted 
gene co-expression network analysis (WGCNA) on RNA-seq data from leaf tissue collected from ten soybean 
genotypes grown across Eastern and Western Canada over four years (2018–2021). We identified five gene modules 
that were significantly correlated with seed weight and highly preserved across years. Functional analysis linked 
these modules to source-sink relationships, specifically circadian rhythm, photosynthesis, and lipid metabolism. 
Hub gene analysis identified known regulators Reveille 1 and Wrinkled 1, validating the biological relevance of the 
networks. Furthermore, 18 of the top 50 hub genes co-localized with known quantitative trait loci (QTLs) for seed 
weight. Differential expression analysis revealed 11 hub genes with consistent regionally-linked expression patterns, 
suggesting potential targets for region-specific breeding. By focusing on network stability through module 
preservation analysis, we filtered out environmental noise to reveal core regulatory pathways connecting leaf gene 
expression during seed filling to seed weight at harvest. These stable hub genes represent high-confidence targets 
for breeding programs aiming to improve soybean yield stability across different geographies.
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Western Canada, including Manitoba and Saskatchewan 
[3]. This western expansion frontier presents distinct 
agronomic challenges, notably shorter growing seasons, 
cooler average temperatures, and altered photoperiods, 
necessitating the cultivation of early-maturing varieties 
(Maturity Groups 00 to 000). The stark contrast between 
the established eastern environments and the volatile 
western frontier provides an ideal natural framework for 
investigating how genotype x environment interactions 
dictate yield components such as seed weight, and for 
distinguishing between stable genetic networks and envi-
ronmentally driven transcriptomic plasticity. In order to 
meet increasing demands, breeders work to expand this 
crop beyond its traditional growing regions while balanc-
ing yield drawdown due to environmental factors.

The yield of a harvest is determined by different factors 
including seed number and seed weight. Seed size is a 
more general term that refers to both the mass and vol-
ume of a seed and is therefore typically measured as 100-
seed weight. In this text, seed weight is synonymous with 
100-seed weight. It has previously been shown that soy-
bean seed weight varies across Canadian growing regions 
[4, 5]. Understanding the genetic component of these 
differences is key to creating varieties that will thrive in 
Western Canada and similar regions around the world. 
This task is not simple since many confounding environ-
mental variables affect seed weight, including but not 
limited to precipitation, sunlight hours, temperature, and 
soil type. Previous attempts to model the effects of these 
variables on agronomic traits have shown some success, 
such as a model developed in 2006 to determine environ-
mental effects on yield and a more recent model combin-
ing environmental and genetic effects on soybean plant 
height from 2021; but, are limited by available data and 
may prove inaccurate as global weather patterns become 
more unpredictable [6, 7]. It is also important to note that 
expression patterns are impacted by both geographical 
differences and yearly weather differences. Therefore, an 
approach that can identify stable genetic factors despite 
this yearly environmental variability is required.

Weighted Gene Correlation Network Analysis 
(WGCNA) is a bioinformatic tool that can help elucidate 
stable expression patterns and associate them to traits of 
interest using weighted correlation calculations [8]. Using 
multi-year data and module preservation analysis allows 
for noise effects from inconsistent abiotic and biotic fac-
tors to be subdued, such as weather patterns and patho-
gen load. Combining these preserved networks with 
differential expression (DE) analysis allows for detection 
of geographically-dependent expression patterns asso-
ciated with seed weight in soybean. The incorporation 
of traditional DE analysis after network construction 
provides a level of resolution not found in either tool 
individually. Understanding how geography influences 

co-expression networks is key to determining how grow-
ing region affects seed weight. The aim of this study was 
to implement an analysis technique that identifies con-
sistent stable gene co-expression networks to provide a 
transcriptomic workflow for future investigations into 
the regulatory network associated with seed weight. We 
hypothesized that leaf transcriptional states during the 
R5 stage, the critical period for establishing carbon allo-
cation capacity, act as upstream regulators of final seed 
weight.

Methods
Plant materials and experimental design
Ten soybean genotypes were grown across four loca-
tions in Canada from 2018 to 2021 [9]. These lines are 
as follows: X5583-1-041-5-5, AC Harmony, AAC Halli, 
90A01, Maple Amber, OT13-08, OT14-03, AAC Spring-
field, Jari, and AC Proteus. They are publicly-available 
Canadian lines accessed through Germplasm Resources 
Information Network (GRIN). These lines were chosen 
for their varying seed protein content. The four locations 
represented eastern (Ottawa (latitude 45.39°, longitude − 
75.72°)) and western (Morden (49.18°, − 98.08°), Brandon 
(49.86°, − 99.98°), Saskatoon (52.15°, − 106.57°)) growing 
regions. A single well-characterized Eastern site (Ottawa) 
served as the baseline environment, while three West-
ern sites were utilized to capture the breadth of growing 
regions targeted by Canadian soybean breeders for future 
expansion. Leaf tissue was sampled at the R5 (early seed 
filling) growing stage for RNA extraction. Phenotypic 
data, including 100-seed weight, were collected as seen in 
Additional file 1. Climatic and soil data were also gath-
ered and compiled in Additional file 2.

RNA sequencing and data processing
Total RNA was extracted from approximately 200 mg of 
crushed leaf tissue using the SPLIT Total mRNA Extrac-
tion Kit (Lexogen, Vienna, Austria) following the manu-
facturer’s instructions. RNA quality was assessed using 
a NanoDrop™ 2000 Spectrophotometer (Thermo Fisher 
Scientific, Waltham, MA, USA), 1% agarose gel electro-
phoresis, and the TapeStation 4200 and 2100 Bioanalyzer 
systems (Agilent, Santa Clara, CA, USA). These qual-
ity control steps were performed at Génome Québec 
(Montréal, QC, Canada) and the Ottawa Research and 
Development Centre (Ottawa, ON, Canada). Samples 
exhibiting RNA integrity number (RIN) values of at least 
5.0 and Q30 scores of at least 36 were selected for library 
preparation. To monitor sensitivity and quantification, 
the E0 Spike-in RNA Variant (SIRV) mix (Lexogen, 
Vienna, Austria), containing 69 isoform variants, was 
integrated into the RNA samples as an external control.

Paired-end sequencing was conducted using the Illu-
mina HiSeq 4000 platform (Illumina, San Diego, CA, 
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USA) at Génome Québec to generate cDNA librar-
ies. The Canadian Centre for Computational Genomics 
processed the data using the GenPipes framework [10]. 
Quality control of the RNA-seq data was performed 
using dupRadar (v3.16, Biberach an der Riß, Germany; 
Bioconductor, R) to assess duplication rates, and edgeR 
(v3.16, Parkville, Victoria, Australia) was used for read 
normalization [11, 12]. Additional quality control steps 
included QualiMap (v2.2.1, Berlin, Germany) for feature 
alignment assessment and Preseq (v3.1.1, Los Angeles, 
CA, USA; Bioconductor, R) to estimate library complex-
ity [13, 14]. RSeQC (v4.0.0, Nanjing, China; Bioconduc-
tor, R) was utilized for a comprehensive evaluation of 
read distribution, duplication, and junction saturation 
[15]. For data processing, Trimmomatic (v0.36, Jülich, 
Germany) was used to remove adaptor sequences and 
low-quality bases (phred score < 30) [16]. Trimmed reads 
were aligned to the Glycine max v2.1 genome (INSDC 
Assembly GCA_000004515.4) using STAR (v2.7.7a, 
Menlo Park, CA, USA) with the command --runMode 
alignReads [17]. Finally, read counts were generated using 
HTSeq (v0.12.3, Heidelberg, Germany) with the option 
-m intersection-nonempty [18].

Raw count files (available as Additional file 3) were 
processed for WGCNA. Low read counts were removed, 
retaining only genes with at least 5 counts in 2 or more 
samples. Data was separated by year and normalized 
using the Variance Stabilizing Transformation (VST) 
from the DESeq2 package in R [19]. Gene IDs that did 
not follow conventional ‘Glyma.’ format were removed, 
and the top 20% most variable genes (n = 9,461) were 
retained for network construction since genes lacking 
expression variation will create noise in the correlation 
detection algorithm [8].

Phenotypic data analysis
Phenotypic data analysis was performed using the R sta-
tistical computing environment [20]. To evaluate the 
effect of growing region on 100-seed weight and seed 
oil content, parallel linear mixed-effects models (LMM) 
were fitted using the lme4 package [21]. The models 
included ‘Region’ (Eastern vs. Western Canada) as a fixed 
effect, while ‘Year’ and ‘Genotype’ were included as ran-
dom intercept effects to account for temporal and genetic 
variance, respectively. Significance of the fixed effect was 
assessed using Satterthwaite’s method for approximating 
degrees of freedom, implemented in the lmerTest pack-
age [22]. Differences were considered statistically signifi-
cant at p < 0.01.

Co-expression network construction
Network construction was performed using the WGCNA 
R package [8]. To detect potential within-year technical 
batch effects and sample outliers, hierarchical clustering 

was performed on the VST-normalized expression data 
for each year prior to network construction. Because the 
WGCNA networks were constructed independently for 
each of the four years, cross-year sequencing batch biases 
were inherently avoided. A soft-thresholding power of 
16 was chosen to achieve a scale-free topology fit of at 
least 0.75 across all years. The 2018 data’s function call 
was as follows blockwiseModules(t(datExpr_clean$L18), 
power = softPower, maxBlockSize = 30000, networkType = 
“signed”, TOMType = “signed”, deepSplit = 4, minModule-
Size = 30, reassignThreshold = 0, mergeCutHeight = 0.2, 
numericLabels = TRUE, pamRespectsDendro = FALSE, 
saveTOMs = TRUE, saveTOMFileBase = “L18_TOM”, 
corType = “bicor”, maxPOutliers = 0.05, verbose = 5). The 
other three years had similar function calls only changing 
label parameters.

Network analysis and module preservation
Module-trait associations were identified by calculating 
Gene Significance (GS) and correlating Module Eigen-
genes (MEs) with phenotypic traits using biweight mid-
correlation (bicor). Modules were considered associated 
with seed weight if they exhibited an absolute correla-
tion |r| ≥ 0.3 and an FDR-adjusted p-value < 0.01 in the 
2018 reference dataset. Module preservation across the 
subsequent years (2019–2021) was calculated using the 
modulePreservation function with 200 permutations 
[23]. Modules were classified as highly preserved (Zsum-
mary > 10), moderately preserved (2 < Zsummary < 10), 
or not preserved (Zsummary < 2). Only modules that 
were strongly associated with seed weight and highly pre-
served were retained for functional analysis. 

Functional Annotation and Hub Gene Identification
Gene Ontology (GO) enrichment analysis was performed 
using SoyBase and significantly enriched (adj. p-value 
< 0.01) annotations were retained [24]. Hub genes were 
identified based on high module connectivity (kME ≥ 
0.8) and strong trait correlation (|r| ≥ 0.5). The top ten 
hub genes per module were annotated using UniProtKB, 
TAIR10, Pfam, Panther, and KOG databases to deter-
mine biological function [25–29]. A QTL analysis was 
performed by cross-referencing hub gene genomic loca-
tions with known seed trait QTLs gathered from Soy-
base. Finally, regional differential expression of hub genes 
was assessed using a Wilcoxon rank-sum test with Ben-
jamini–Hochberg FDR correction.

Results
Geographic variation significantly impacts soybean 100-
seed weight
The 100-seed weight values collected for each sample can 
be found in Additional file 1. A linear mixed model was 
used to assess the effect of growing region on seed weight 
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in R, accounting for random effects of year and genotype. 
100-seed weight was significantly lower in Western Can-
ada compared to Eastern Canada (regression coefficient 
= -2.45, t-statistic with 126 degrees of freedom = -6.83, 
p = 3.16e-10). The model estimates the mean 100-seed 
weight to be 17.7 g in the East and 15.3 g in the West and 
found them to be significantly different. This difference is 
visualized in Fig.  1 below. A parallel LMM was utilized 
to evaluate seed oil content across the regions. Mirroring 
the seed weight phenotype, total seed oil content was sig-
nificantly lower in the Western environments compared 
to the Eastern samples (regression coefficient = -0.77, 
t-statistic with 126 degrees of freedom = -4.54, p = 1.29e-
05). The model estimates a mean oil content of 20.73% in 
the East versus 19.96% in the West.

Identification of highly preserved co-expression networks 
associated with seed size
Prior to network construction, hierarchical clustering 
of the VST-normalized samples within each individual 
year revealed no batch-driven clustering or significant 
outlier samples, confirming the technical reliability of 
the datasets. To improve interpretation across networks, 
consistent values were used in each call of the block-
wiseModules() function from the WGCNA R package. 
A soft-thresholding power of 16 was found to provide a 
scale-free topology fit of at least 0.75 in all four years of 
expression data. The mean connectivity was 57 in 2018, 
121 in 2019, 101 in 2020, and 27 in 2021. The other func-
tion variables were chosen to provide well-rounded mod-
ules that were not too large or too small as defined by 
(authors of package). The four networks were visualized 
using dendrograms as seen in Fig. 2.

Network modules were correlated to traits using MEs. 
MEs are the first principal component of the expression 
data and are used to summarize the expression of the 

genes in a module for a specific sample. Bicor was used 
to calculate the correlation between the MEs and the trait 
data to determine modules associated with agronomi-
cally important traits. Trait correlations can be seen in a 
heatmap in Fig. 3. Modules with an absolute correlation 
of at least 0.3 and an adjusted p-value of less than 0.01 for 
the 100-seed weight trait were chosen for further analy-
sis. These modules were “black” (r = -0.89, FDR-adjusted 
p-value = 2.8E-28), “cyan” (0.52, 1.3E-6), “darkred” (-0.39, 
6.8E-4), “green” (0.92, 0.9E-33), “greenyellow” (0.6, 7.4E-
9), “midnightblue” (0.6, 7.4E-9), “pink” (-0.53, 1.2E-6), 
“red” (-0.37, 0.1E-2), “royalblue” (-0.51, 2.1E-6), and “yel-
low” (0.39, 6.8E-4).

Preservation of the modules from the 2018 network 
in the other three years of data was calculated using the 
modulePreservation() function from the WGCNA R 
package. The 2018 dataset was selected as the reference 
network for preservation analysis because its network 
topology, specifically the scale-free topology fit index 
(R2) and mean connectivity, most closely adhered to 
the expected curves for a robust biological network [8]. 
This provided the most mathematically stable baseline 
against which to test the preservation of modules across 
the more variable subsequent years. Median rank of the 
Zsummary was also used to order modules by their pres-
ervation summary statistic. These two metrics were plot-
ted as a function of module size as seen in Fig. 4.

The modules significantly correlated to 100-seed 
weight were tabulated along with their preservation sta-
tistics as seen in Table 1. Modules that were highly pre-
served in at least two of the three other networks (2019 
to 2021) when compared to the 2018 network were 
retained for functional analysis; these modules were 
“black” (2018 versus 2019 Zsummary score = 12.98, 
2018 versus 2020 Zsummary score = 6.20, and 2018 ver-
sus 2021 Zsummary score = 12.01), “greenyellow” (2018 

Fig. 1  Regional differences in soybean 100-seed weight. Boxplots depicting the variance in 100-seed weight between Eastern and Western Canadian 
grown soybeans across four sampling years (2018–2021)
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Fig. 2  Module detection across four environments. Network dendrograms depicting module detection generated by the WGCNA R package for (a) 2018, 
b 2019, c 2020, and d 2021 expression data. Height is a measure of dissimilarity between gene expression patterns
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versus 2019 Zsummary score = 8.88, 2018 versus 2020 
Zsummary score = 12.71, and 2018 versus 2021 Zsum-
mary score = 13.77), “pink” (2018 versus 2019 Zsummary 
score = 24.60, 2018 versus 2020 Zsummary score = 21.66, 
and 2018 versus 2021 Zsummary score = 8.36), “red” 
(2018 versus 2019 Zsummary score = 11.55, 2018 ver-
sus 2020 Zsummary score = 9.38, and 2018 versus 2021 

Zsummary score = 10.73), and “yellow” (2018 versus 
2019 Zsummary score = 20.27, 2018 versus 2020 Zsum-
mary score = 14.96, and 2018 versus 2021 Zsummary 
score = 19.71).

Gene lists of these five modules were extracted and can 
be found under Additional file 4. Module “black” con-
tained 377 genes, module “greenyellow” contained 194 
genes, module “pink” contained 369 genes, module “red” 
contained 465 genes, and module “yellow” contained 
1072 genes. GO term enrichment analysis was performed 
per module to determine functions and processes asso-
ciated with the co-expressing genes using SoyBase’s GO 
enrichment tool. Overrepresented biological processes 
with a Bonferroni adjusted p-value of less than 0.01 
were used for module associations. Module “black” was 
enriched for circadian rhythm. Module “greenyellow” 
was enriched for multiple terms related to photosynthe-
sis (“photosynthesis, light”, “protein-chromophore”, “pho-
tosynthesis”, “response to light stimulus”, etc.). Module 
“pink” was not significantly enriched for broad GO terms, 
a common phenomenon in highly specific co-expression 
networks where statistical power is diluted by the high 
proportion of uncharacterized genes in the soybean 
genome. However, subsequent hub gene extraction effec-
tively identified its core functional components. Module 
“red” was enriched for “phosphorelay signal transduction 
system” and “ergosterol biosynthetic process”. Module 
“yellow” was enriched for “cell redox homeostasis”.

Core circadian and lipid metabolism genes drive the 
preserved networks
Hub genes were extracted from the highly preserved 
modules using GS and kME measures. Genes with strong 
expression–trait correlations (|r| ≥ 0.5) and high within-
module connectivity (kME ≥ 0.8) were identified as pri-
mary nodes in the co-expression networks. The top ten 
hub genes for each module are summarized in Additional 
file 5.

Using the annotations in Additional file 5, the hub genes 
from each module were analyzed for their relevancy to 
seed weight related pathways. In the “black” module, 
two MYB transcription factors (Glyma.18G044200 with 
a kME of 0.98 and Glyma.14G210600 0.97) were identi-
fied as homologs of Arabidopsis Reveille 1. Both of these 
genes were annotated with circadian rhythm, photope-
riodism, and auxin biosynthetic processes. Additional 
hub genes included several kinases and phosphatases 
(Glyma.13G336300 0.96, Glyma.13G211800 0.95, and 
Glyma.05G245300 0.95), and a lipase (Glyma.09G041200 
0.95) annotated for lipid catabolic processes.

The “greenyellow” module contained multiple light-
harvesting chlorophyll a/b-binding (LHCB and LHCA) 
proteins (Glyma.08G180000 with a kME of 0.93, 
Glyma.08G074000 0.92, and Glyma.15G052400 0.94), as 

Fig. 3  Module-trait associations for the 2018 reference network. Heatmap 
displaying the biweight midcorrelation (bicor) between module eigen-
genes (MEs) and 100-seed weight. Adjusted p-values are included in pa-
rentheses beneath the corresponding correlation value
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Fig. 4  Module preservation across subsequent growing years. Preservation statistics calculated as a function of module size using 2018 as the reference 
network. Modules are represented by their color. a Zsummary statistic, with the red line indicating high preservation (Zsummary > 10) and the blue line 
indicating no preservation (Zsummary < 2). b Median rank statistic
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well as enzymes involved in chlorophyll and heme bio-
synthesis (Glyma.14G185700 0.91). These annotations 
were consistent with the module’s enrichment for photo-
synthesis-related terms.

In the “pink” module, hub genes included enzymes 
related to lipid metabolism (Glyma.05G163400 with a 
kME of 0.90 and Glyma.15G221600 0.89), cell wall modi-
fication (Glyma.20G141800 0.94), and signal transduc-
tion (Glyma.11G179600 0.91 and Glyma.11G182600 
0.90). Among these, Glyma.15G221600 encodes Wrin-
kled1, a transcription factor regulating fatty acid biosyn-
thetic processes [30].

The “red” and “yellow” modules contained fewer well-
characterized hub genes but were enriched for enzymes 
involved in primary metabolic pathways. The “red” mod-
ule included an L-aspartate oxidase (Glyma.05G007600 
with a kME of 0.88), an enzyme in nicotinamide adenine 
dinucleotide (NAD) and amino acid metabolism [31]. 
The “yellow” module contained a glucose-1-phosphate 
adenylyltransferase (Glyma.06G011700 0.91), which is a 
key enzyme in starch biosynthesis [32]. These modules 
represent metabolic networks associated with energy, 
carbohydrate, and oil-related processes.

Network hub genes tightly co-localize with known seed 
weight QTLs
The top ten hub genes from the five preserved modules 
associated with 100-seed weight were co-localized with 
known QTLs for seed traits. 40 of the 50 hub genes were 
within known seed trait QTLs. The QTLs and the genes 
associated with them are detailed in Additional file 6. The 
localization of these genes and their QTLs can be seen in 
Fig. 5. Of these genes, 18 were found within seed weight 
QTLs. Chromosomes 6 and 13 had the most genes fall 
within analyzed QTL regions with five each. The genes on 
chromosome 6 were primarily in QTLs for seed weight 
and those on chromosome 13 were in seed protein QTLs. 
No overlapping regions were found on chromosomes 1, 
2, 4, 7, and 12.

Regional differential expression highlights geographically 
driven regulatory targets
To investigate the relationship between hub gene expres-
sion and geographic region, the VST expression values 
of the top 10 hub genes from the five preserved modules 
were compared between eastern (Ottawa) and western 
(Brandon, Morden, Saskatoon) locations using the Wil-
coxon rank-sum test. P-values were adjusted for mul-
tiple testing using the Benjamini–Hochberg procedure. 
Eleven genes showed consistent differential expression 
over all years (adjusted p-value < 0.01) as seen in Table 2. 
Given the year-to-year variability, we prioritized genes 
with the strongest statistical evidence. The three hub 
genes with the most significant FDR-adjusted p-values 
across the regional comparison (Glyma.05G007600, 
Glyma.14G031200, and Glyma.17G174500) were iden-
tified as the most robust candidates for regional differ-
entiation. Glyma.05G007600 is an L-aspartate oxidase 
co-localized with many seed oil content QTLs as deter-
mined by the QTL analysis. Glyma.14G031200 has an 
Arabidopsis closesthomologue annotated as a phytoene 
synthase. Glyma.17G174500 is a zeaxanthin epoxidase 
and is found within a seed weight QTL. An expression 
plot comparing the two locations demonstrates the yearly 
variability present in even the statistically significant 
eleven genes as seen in Fig. 6.

Discussion
Understanding the genetic basis of soybean seed weight 
is difficult due to confounding environmental factors that 
vary by year and location [33]. To overcome this limita-
tion, our study leverages a uniquely robust experimental 
design, integrating a massive volume of transcriptomic 
data spanning four distinct growing seasons and two 
starkly contrasting Canadian mega-environments. Using 
preservation analyses in combination with co-expression 
networks across this unprecedented breadth of pheno-
typic variance helps to effectively eliminate transient 
environmental noise. The resulting stability of these 

Table 1  Module preservation statistics. Zsummary statistics for modules from the 2018 reference network significantly correlated 
to 100-seed weight. Bold module assignments indicate strongly preserved modules (Zsummary > 10 in at least two of the three 
comparative years)
Module Assignment Zsummary (2018 v 2019) Zsummary (2018 v 2020) Zsummary (2018 v 2021)
royalblue 6.70 2.80 4.13

pink 24.60 21.66 8.36

cyan 2.09 9.27 3.24

greenyellow 8.88 12.71 13.77

green 9.95 6.56 12.30

midnightblue 2.53 2.67 1.75

yellow 20.27 14.96 19.71

black 12.98 6.20 12.01

red 11.55 9.38 10.73

darkred 4.23 3.92 5.92
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networks is key to discovering core regulatory mecha-
nisms associated with seed weight that have potential 
to serve as breeding targets for geographically-tailored 
soybean lines for Canada’s diverse growing regions. The 
five identified modules represent distinct biological path-
ways that underpin seed weight through the source-sink 
framework [34]. We hypothesized that leaf transcrip-
tional states during the R5 stage, the critical onset of seed 
filling, act as primary upstream regulators of carbon allo-
cation capacity, ultimately influencing final seed weight. 
In this context, leaves act as the “source,” synthesizing 
photoassimilates, while developing seeds act as the “sink,” 
importing these metabolites for storage.

Modules “black” and “greenyellow” represent the 
source side of resource acquisition, enriched for circa-
dian rhythm and photosynthesis, respectively. Together, 

these modules describe the upstream molecular mecha-
nisms that influence carbon assimilation capacity. For 
example, the “greenyellow” module is driven by light-har-
vesting chlorophyll a/b-binding (LHCB) hub genes. These 
proteins are fundamental for capturing photon energy to 
drive the photosynthetic electron transport chain, gener-
ating the adenosine triphosphate (ATP) and nicotinamide 
adenine dinucleotide phosphate (NADPH) required to fix 
carbon dioxide (CO2) into transient starch and transport-
able sucrose [35]. To optimize this energy capture, genes 
within the “black” module have critical roles in coordi-
nating the temporal regulation of these processes. The 
identification of two Reveille 1 homologs as primary hub 
genes in this module provides a direct mechanistic link. 
As master regulators of the circadian clock, the Reveille 
gene family anticipates dawn to prime photosynthetic 

Fig. 5  Genomic co-localization of network hub genes with known seed traits. Genomic map of the 40 hub genes associated with seed-related quantita-
tive trait loci (QTLs). Gene locations are indicated by black points, and QTLs are depicted as colored bars extending across their genomic range based on 
trait association
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machinery, regulates daily stomatal conductance to 
maximize gas exchange, and paces nocturnal starch deg-
radation to ensure a continuous supply of carbon to sink 
tissues [36]. By optimizing the daily timing and efficiency 

of carbon fixation, these synchronized pathways directly 
govern the total pool of photoassimilates available for 
phloem loading and translocation to the developing 
seeds, thereby acting as the primary limiting factor for 
final seed weight.

Modules “pink”, “red”, and “yellow” represent the sink 
side of resource acquisition with GO terms related to 
energy storage and primary metabolism pathways, ulti-
mately leading to the development of seeds. Module 
“pink” contains well-characterized lipid regulators, such 
as Glyma.15G221600 a Wrinkled 1 homologue, govern-
ing the conversion of carbon into oil and cuticle compo-
nents. This gene family is well-characterized as a master 
controller of seed oil content [30, 37, 38] and is a main 
contributor to seed filling [39]. The accumulation of oil 
in the seed is an important determinant of seed weight, 
and, along with seed protein content, these traits are typ-
ically highly correlated [40]. Module “red” contains key 
machinery for nutrient loading. The identification of a 
plasma membrane H+-ATPase (Glyma.06G189900) sug-
gests this module generates the proton gradient required 
for active nutrient transport, while starch-degrading 
enzymes like beta-amylase (Glyma.15G098100) imply 
a role in remobilizing transient carbon reserves for seed 
filling. Module “yellow” appears to coordinate stor-
age with stress responses, evidenced by the presence of 
AGPase (Glyma.06G011700), the rate-limiting enzyme 
for starch biosynthesis, alongside stress-signaling genes 
like zeaxanthin epoxidase (Glyma.17G174500). Together, 
these source and sink modules collaboratively regulate 
the entire pod-filling pipeline, from Reveille 1 controlled 
photosynthetic capture in the leaf, to Wrinkled 1 directed 
lipid storage in the developing seeds. This dynamic high-
lights the species-specific characteristics of soybean seed 
development. Unlike monocots such as rice, where final 
seed size is largely physically restricted by the volume of 
the spikelet hull and less so by the source-sink framework 
[41, 42], or the model dicot Arabidopsis, which lacks the 
massive agronomic sink demands of a legume crop, soy-
bean seed weight is uniquely constrained by the immense 
biochemical energy required for concurrent lipid and 
protein biosynthesis. Consequently, the collaborative effi-
ciency of this specific source-to-sink transport network 
acts as the ultimate rate-limiting bottleneck for soybean 
seed weight.

The identification of major transcription factors in 
both the source and sink side of energy acquisition and 
use is indicative of the effectiveness of WGCNA at cre-
ating co-expression networks associated with traits. In 
this case, the presence of both Reveille 1 and Wrinkled 
1 genes in preserved modules highlights the association 
of these networks with seed weight through the source 
sink framework. Interestingly, the master regulators 
of circadian rhythm (Reveille 1) wasnot differentially 

Table 2  Differential expression analysis of geographically-
driven hub genes. Log fold change values comparing Western 
to Eastern expression. A positive value indicates upregulated 
expression in the West, while a negative value indicates 
downregulated expression in the West
Gene Year Log Fold Change Adjusted P-Value
Glyma.05G007600 2018 1.17 6.24E-10

Glyma.05G007600 2019 3.72 1.33E-15

Glyma.05G007600 2020 0.68 2.55E-06

Glyma.05G007600 2021 1.81 5.58E-13

Glyma.08G193100 2018 1.40 3.95E-09

Glyma.08G193100 2019 1.65 1.33E-15

Glyma.08G193100 2020 1.57 1.47E-12

Glyma.08G193100 2021 0.63 2.51E-03

Glyma.11G014700 2018 -2.16 2.02E-09

Glyma.11G014700 2019 -3.81 3.07E-15

Glyma.11G014700 2020 -1.37 1.39E-12

Glyma.11G014700 2021 -0.41 7.69E-03

Glyma.11G075100 2018 1.66 5.01E-13

Glyma.11G075100 2019 1.93 1.33E-15

Glyma.11G075100 2020 1.52 5.09E-12

Glyma.11G075100 2021 0.91 3.60E-06

Glyma.13G336300 2018 2.12 5.33E-13

Glyma.13G336300 2019 0.14 1.20E-02

Glyma.13G336300 2020 0.66 1.79E-04

Glyma.13G336300 2021 0.84 1.35E-09

Glyma.14G031200 2018 1.31 2.95E-09

Glyma.14G031200 2019 2.79 1.33E-15

Glyma.14G031200 2020 0.61 9.85E-06

Glyma.14G031200 2021 1.35 4.38E-13

Glyma.15G221600 2018 2.14 6.46E-10

Glyma.15G221600 2019 1.25 1.46E-15

Glyma.15G221600 2020 0.44 2.90E-05

Glyma.15G221600 2021 0.29 1.64E-03

Glyma.16G020700 2018 -1.38 1.46E-09

Glyma.16G020700 2019 -1.70 2.48E-15

Glyma.16G020700 2020 -1.13 2.26E-10

Glyma.16G020700 2021 -1.12 4.38E-13

Glyma.17G174500 2018 -1.42 4.07E-12

Glyma.17G174500 2019 -0.86 3.38E-08

Glyma.17G174500 2020 -0.94 6.91E-11

Glyma.17G174500 2021 -0.50 1.02E-05

Glyma.19G022500 2018 1.70 1.02E-07

Glyma.19G022500 2019 2.53 9.94E-15

Glyma.19G022500 2020 3.92 1.33E-10

Glyma.19G022500 2021 0.83 9.06E-04

Glyma.19G166500 2018 -1.93 6.75E-10

Glyma.19G166500 2019 -1.40 6.98E-12

Glyma.19G166500 2020 -0.98 4.99E-04

Glyma.19G166500 2021 -2.17 7.37E-12
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expressed between Eastern and Western Canada, thus 
suggesting that the core circadian clock gene acts as 
a stable, conserved metronome across all environ-
ments, maintaining a baseline rhythm for photosynthe-
sis regardless of geography. In contrast, the Wrinkled 1 
gene Glyma.15G221600 was found to be consistently 
differentially expressed over the four years with higher 
expression in the West. While this finding may appear 
counterintuitive given the significantly lower seed 
weights observed in the Western samples, it highlights a 

known phenomenon of transcript level alterations under 
environmental stress [43, 44]. WRI1 initiates the cas-
cade for carbon-to-oil conversion, but high transcript 
abundance does not guarantee high terminal metabo-
lite accumulation. To physiologically validate this, we 
analyzed the corresponding seed oil content from these 
harvests using a linear mixed model. Despite the upreg-
ulation of Wrinkled 1, seed oil content was significantly 
lower in the Western samples (p = 1.29e-05). We propose 
that the consistent upregulation of Wrinkled 1 in the 

Fig. 6  Regional expression differences of candidate hub genes. Expression comparison between samples from Eastern Canada (Ottawa) and Western 
Canada (Brandon, Morden, Saskatoon) across four years (18 = 2018; 19 = 2019; 20 = 2020; 21 = 2021) for the 11 hub genes exhibiting significant differential 
expression (FDR-adjusted p-value < 0.01).
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West is a compensatory transcriptional response. Fac-
ing a shorter growing season and geographically-induced 
photosystem stress, the Western plants upregulate these 
lipid-regulating transcription factors in an attempt to 
accelerate seed filling and meet the metabolic demands 
of the sink tissue. Ultimately, however, the harsh environ-
mental bottlenecks prevent this enhanced transcriptional 
demand from being physiologically realized, resulting in 
smaller terminal seed weights and lower oil content. This 
highlights Wrinkled 1 not just as a lipid regulator, but as 
a highly sensitive, data-validated environmental stress 
indicator in Canadian soybeans.

The importance of these modules as key regulators for 
seed weight is further reinforced by the co-localization 
of 18 of the top 50 hub genes with known QTLs for seed 
weight [24]. As seen in Fig. 5, these QTLs often overlap 
with those for seed protein content and seed oil content. 
Combining these findings with differential expression 
analysis identifies key regulators of geographical adapta-
tion. This convergence of network stability, differential 
expression, and genetic mapping makes them ideal can-
didates for breeding strategies aimed at optimizing seed 
weight for specific latitudes. While the 10 genotypes uti-
lized in this study provide highly robust, agriculturally 
relevant targets for Canadian breeding programs, they 
represent a relatively narrow subset of global soybean 
diversity. Future studies incorporating broader global 
diversity panels will be crucial to determine if additional, 
novel regulatory modules govern seed weight in broader 
germplasm.

It is necessary to acknowledge that R5 leaf tissue was 
used for this analysis, thus leading to a potential limita-
tion - studying seed traits using leaf expression. While 
a valid concern, leaves are the source of the carbon 
required to grow quality seeds. Previous physiological 
studies have demonstrated a strong causal link between 
leaf source activity during early seed filling (R5) and final 
yield components, as the photosynthetic rate and photo-
assimilate export capacity of the leaf directly limit seed 
weight [45, 46]. It has also been shown that leaf gene 
expression influences seed traits through the source-sink 
framework [9, 47]. Future research could solidify these 
findings by establishing similar regulatory networks in 
sink tissue during the same developmental stage. Under-
standing the biochemical pathways involved in the seed 
storage of this carbon is imperative to discovering regu-
latory networks associated with this process. These five 
modules emphasize the connection between leaf gene 
expression and seed weight through pathways involving 
photosynthesis, circadian rhythm, and metabolism.

To translate these findings into practical agronomic 
applications, the identified hub genes serve as high-con-
fidence targets for future allele mining. While the differ-
ential expression of genes like Wrinkled 1 demonstrated 

environmental plasticity in this adapted Canadian germ-
plasm, screening diverse global soybean accessions may 
reveal novel structural or promoter alleles that confer 
more robust lipid accumulation under short-season 
stress. Once favorable allelic variants of these core net-
work genes are identified in unadapted germplasm, high-
throughput molecular markers (such as Kompetitive 
Allele Specific PCR (KASP) assays) can be designed to 
introgress these targeted stress-tolerance and phenologi-
cal alleles into elite Canadian breeding lines.

Conclusions
This study demonstrated that WGCNA is an effective 
tool for discerning stable genetic regulators of soybean 
seed weight while controlling for yearly environmental 
variability. By using module preservation analysis across 
four growing years of data, five robust modules signifi-
cantly associated with seed weight were identified. These 
modules were supported by the finding of Reveille 1 and 
Wrinkled 1 transcription factors in the hub genes along 
with others that demonstrated the importance of the 
source-sink framework for this trait. Co-localization of 
these hub genes with QTLs for seed weight further solidi-
fied the network analysis and provided strong support for 
these genes as candidates for marker-assisted selection. 
Combining this analysis with the differential expression 
analysis allowed for the identification of key seed weight 
regulators that are geographically-driven, thus providing 
a more targeted set of genes for soybean breeders. Finally, 
distinguishing between stable regulators (Reveille 1) and 
plastic regulators (Wrinkled 1) provides a targeted set of 
genes for breeders to fine-tune soybean varieties for spe-
cific geographic regions.

Abbreviations
BP	� Biological Process
DE	� Differential Expression
FDR	� False Discovery Rate
GO	� Gene Ontology
GS	� Gene Significance
kME	� Module Membership
ME	� Module Eigengene
MF	� Molecular Function
QTL	� Quantitative Trait Locus
VST	� Variance Stabilizing Transformation
WGCNA	� Weighted Gene Co-expression Network Analysis

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​
g​/​​1​0​.​​1​1​8​6​​/​s​​1​2​8​7​0​-​0​2​6​-​0​8​6​0​3​-​w.

Supplementary Material 1. Phenotypic data. Data gathered for each har-
vest from 2018 to 2021 including sample names and agronomic traits.

Supplementary Material 2. Weather data. Data gathered for each station 
over the course of the experiment (2018 to 2021) for weather and climate.

Supplementary Material 3. Raw count matrix. Raw counts of RNA se-
quences from all samples (2018 to 2021).

Supplementary Material 4. Gene assignments. Module assignments of the 

https://doi.org/10.1186/s12870-026-08603-w
https://doi.org/10.1186/s12870-026-08603-w


Page 13 of 14Bruggink et al. BMC Plant Biology          (2026) 26:815 

genes found in the five modules mentioned in the text.

Supplementary Material 5. Hub genes. Top ten genes with annotations for 
each of the five modules of interest by highest intramodular connectivity.

Supplementary Material 6. QTL associations. The 40 seed trait related QTLs 
and the genes that fall within their regions.

Acknowledgements
We would like to thank the field workers at the research farms in Ottawa, 
Morden, Brandon, and Saskatoon, as well as the Molecular Technology Lab at 
the Ottawa Research and Development Centre for their help with this project. 
We would like to thank Agriculture and Agri-Food Canada (AAFC) and the 
Canadian Field Crop Research Alliance for their financial support. We would 
also like to thank Génome Québec (Montréal, Canada) for their contributions 
to RNA-sequencing.

Authors’ contributions
JB: Formal analysis, Methodology, Validation, Visualization, Software, Writing 
– original draft, Writing – review & editing. JW: Data curation, Methodology, 
Investigation, Writing – review & editing. AG: Supervision, Writing – review 
& editing. EC: Conceptualization, Funding acquisition, Methodology, Project 
administration, Resources, Writing – review & editing. BS: Conceptualization, 
Data curation, Funding acquisition, Investigation, Methodology, Project 
administration, Resources, Supervision, Validation, Writing – review & editing.

Funding
This research was funded by Agriculture and Agri-Food Canada, NSERC, and 
the Canadian Field Crop Research Alliance (CFCRA).

Data availability
All data generated or analysed during this study are included in this published 
article (and its additional files).

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Received: 21 January 2026 / Accepted: 16 March 2026

References
1.	 Soy Canada. Industry, Overview. ​h​t​t​p​s​:​​​/​​/​s​o​y​c​a​​n​a​d​​​a​.​c​​​a​/​i​​n​d​​u​s​t​​​r​y​/​​i​n​d​​u​s​​t​​r​y​-​o​v​e​r​

v​i​e​w​/.
2.	 Cloutier J. Soy Story: A Short History of Glycine max in Canada. Statistics 

Canada; 2017.
3.	 Thai TT, Larney FJ, Thomas JE, Bandara MS, Pauly DG. Westward expansion 

of soybean: adaptability of maturity group 00 genotypes to row spacing 
and seeding density under irrigation in southern Alberta. Can J Plant Sci. 
2019;99:715–33.

4.	 Cober ER, Daba KA, Warkentin TD, Tomasiewicz DJ, Mooleki PS, Karppinen EM, 
Frey J, Mohr RM, Glenn AJ, Shaw L. Soybean seed protein content is lower but 
protein quality is higher in Western Canada compared with Eastern Canada. 
Can J Plant Sci. 2023;103:411–21.

5.	 Ort NWW, Morrison MJ, Cober ER, McAndrew D, Lawley Y. A comparison of 
soybean maturity groups for phenology, seed yield, and seed quality com-
ponents between eastern Ontario and southern Manitoba. Can J Plant Sci. 
2022;102:812–22.

6.	 Messina C, Jones J, Boote K, Vallejos C. A gene-based model to simulate 
soybean development and yield responses to environment. Crop Sci. 
2006;46:456–66.

7.	 Yang Q, Lin G, Lv H, Wang C, Yang Y, Liao H. Environmental and genetic 
regulation of plant height in soybean. BMC Plant Biol. 2021;21:63.

8.	 Langfelder P, Horvath S. WGCNA: an R package for weighted correlation 
network analysis. BMC Bioinformatics. 2008;9:559.

9.	 Hooker JC, Nissan N, Luckert D, Charette M, Zapata G, Lefebvre F, Mohr RM, 
Daba KA, Warkentin TD, Hadinezhad M. A multi-year, multi-cultivar approach 
to differential expression analysis of high-and low-protein soybean (Glycine 
max). Int J Mol Sci. 2022;24:222.

10.	 Bourgey M, Dali R, Eveleigh R, Chen KC, Letourneau L, Fillon J, Michaud M, 
Caron M, Sandoval J, Lefebvre F. GenPipes: an open-source framework for 
distributed and scalable genomic analyses. Gigascience. 2019;8:giz037.

11.	 Robinson MD, McCarthy DJ, Smyth GK. edgeR: a Bioconductor package for 
differential expression analysis of digital gene expression data. Bioinformatics. 
2010;26:139–40.

12.	 Sayols S, Scherzinger D, Klein H. dupRadar: a Bioconductor package for 
the assessment of PCR artifacts in RNA-Seq data. BMC Bioinformatics. 
2016;17:428.

13.	 Daley T, Deng C, Li T, Smith A. The preseq manual. The Smith Lab: Los Angeles, 
CA, USA 2014.

14.	 García-Alcalde F, Okonechnikov K, Carbonell J, Cruz LM, Götz S, Tarazona 
S, Dopazo J, Meyer TF, Conesa A. Qualimap: evaluating next-generation 
sequencing alignment data. Bioinformatics. 2012;28:2678–9.

15.	 Wang L, Wang S, Li W. RSeQC: quality control of RNA-seq experiments. Bioin-
formatics. 2012;28:2184–5.

16.	 Bolger AM, Lohse M, Usadel B. Trimmomatic: a flexible trimmer for Illumina 
sequence data. Bioinformatics. 2014;30:2114–20.

17.	 Dobin A, Davis CA, Schlesinger F, Drenkow J, Zaleski C, Jha S, Batut P, Chaisson 
M, Gingeras TR. STAR: ultrafast universal RNA-seq aligner. Bioinformatics. 
2013;29:15–21.

18.	 Anders S, Pyl PT, Huber W. HTSeq—a Python framework to work with high-
throughput sequencing data. Bioinformatics. 2015;31:166–9.

19.	 Love MI, Huber W, Anders S. Moderated estimation of fold change and 
dispersion for RNA-seq data with DESeq2. Genome Biol. 2014;15:550.

20.	 Team RC. R Foundation for Statistical Computing. Vienna, Austria; 2023.
21.	 Bates D, Mächler M, Bolker B, Walker S. Fitting linear mixed-effects models 

using lme4. J Stat Softw. 2015;67:1–48.
22.	 Kuznetsova A, Brockhoff PB, Christensen RH. lmerTest package: tests in linear 

mixed effects models. J Stat Softw. 2017;82:1–26.
23.	 Langfelder P, Luo R, Oldham MC, Horvath S. Is my network module preserved 

and reproducible? PLoS Comput Biol. 2011;7:e1001057.
24.	 Brown AV, Conners SI, Huang W, Wilkey AP, Grant D, Weeks NT, Cannon 

SB, Graham MA, Nelson RT. A new decade and new data at SoyBase, the 
USDA-ARS soybean genetics and genomics database. Nucleic Acids Res. 
2021;49:D1496–501.

25.	 Lamesch P, Berardini TZ, Li D, Swarbreck D, Wilks C, Sasidharan R, Muller R, 
Dreher K, Alexander DL, Garcia-Hernandez M. The Arabidopsis Information 
Resource (TAIR): improved gene annotation and new tools. Nucleic Acids Res. 
2012;40:D1202–10.

26.	 Mi H, Ebert D, Muruganujan A, Mills C, Albou L-P, Mushayamaha T, Thomas 
PD. PANTHER version 16: a revised family classification, tree-based clas-
sification tool, enhancer regions and extensive API. Nucleic Acids Res. 
2021;49:D394–403.

27.	 Paysan-Lafosse T, Andreeva A, Blum M, Chuguransky SR, Grego T, Pinto BL, 
Salazar GA, Bileschi ML, Llinares-López F, Meng-Papaxanthos L. The Pfam pro-
tein families database: embracing AI/ML. Nucleic Acids Res. 2025;53:D523–34.

28.	 Tatusov RL, Fedorova ND, Jackson JD, Jacobs AR, Kiryutin B, Koonin EV, Krylov 
DM, Mazumder R, Mekhedov SL, Nikolskaya AN. The COG database: an 
updated version includes eukaryotes. BMC Bioinformatics. 2003;4:41.

29.	 Zaru R, Magrane M, Orchard S, Consortium U. Challenges in the annota-
tion of pseudoenzymes in databases: the UniProtKB approach. FEBS J. 
2020;287:4114–27.

30.	 Jo L, Pelletier JM, Goldberg RB, Harada JJ. Genome-wide profiling of soybean 
WRINKLED1 transcription factor binding sites provides insight into seed stor-
age lipid biosynthesis. Proceedings of the National Academy of Sciences 2024, 
121:e2415224121.

31.	 Han M, Zhang C, Suglo P, Sun S, Wang M, Su T. L-aspartate: An essential 
metabolite for plant growth and stress acclimation. Molecules. 2021;26:1887.

32.	 Chao M, Zhang Q, Huang L, Wang L, Dong J, Kou S, Song W, Wang T. ADP-
glucose pyrophosphorylase gene family in soybean and implications in 
drought stress tolerance. Genes Genomics. 2024;46:1183–99.

https://soycanada.ca/industry/industry-overview/
https://soycanada.ca/industry/industry-overview/


Page 14 of 14Bruggink et al. BMC Plant Biology          (2026) 26:815 

33.	 Bakker MM, Govers G, Ewert F, Rounsevell M, Jones R. Variability in regional 
wheat yields as a function of climate, soil and economic variables: assessing 
the risk of confounding. Agric Ecosyst Environ. 2005;110:195–209.

34.	 Smith MR, Rao IM, Merchant A. Source-sink relationships in crop plants and 
their influence on yield development and nutritional quality. Front Plant Sci. 
2018;9:1889.

35.	 Walling L, Chang Y, Demmin D, Holzer F. Isolation, characterization and 
evolutionary retatedness of three members from the soybean multigene 
family encoding chlorophyll a/b binding proteins. Nucleic Acids Res. 
1988;16:10477–92.

36.	 Gray JA, Shalit-Kaneh A, Chu DN, Hsu PY, Harmer SL. The REVEILLE clock 
genes inhibit growth of juvenile and adult plants by control of cell size. Plant 
Physiol. 2017;173:2308–22.

37.	 Arias CL, Quach T, Huynh T, Nguyen H, Moretti A, Shi Y, Guo M, Rasoul A, Van 
K, McHale L. Expression of AtWRI1 and AtDGAT1 during soybean embryo 
development influences oil and carbohydrate metabolism. Plant Biotechnol 
J. 2022;20:1327–45.

38.	 Cheng K, Pan Y-F, Liu L-M, Zhang H-Q, Zhang Y-M. Integrated transcriptomic 
and bioinformatics analyses reveal the molecular mechanisms for the 
differences in seed oil and starch content between Glycine max and Cicer 
arietinum. Front Plant Sci. 2021;12:743680.

39.	 Chen B, Zhang G, Li P, Yang J, Guo L, Benning C, Wang X, Zhao J. Multiple 
GmWRI1s are redundantly involved in seed filling and nodulation by regulat-
ing plastidic glycolysis, lipid biosynthesis and hormone signalling in soybean 
(Glycine max). Plant Biotechnol J. 2020;18:155–71.

40.	 Duan Z, Li Q, Wang H, He X, Zhang M. Genetic regulatory networks of soy-
bean seed size, oil and protein contents. Front Plant Sci. 2023;14:1160418.

41.	 Gasparis S, Miłoszewski MM. Genetic basis of grain size and weight in rice, 
wheat, and barley. Int J Mol Sci. 2023;24:16921.

42.	 Hao J, Wang D, Wu Y, Huang K, Duan P, Li N, Xu R, Zeng D, Dong G, Zhang B. 
The GW2-WG1-OsbZIP47 pathway controls grain size and weight in rice. Mol 
Plant. 2021;14:1266–80.

43.	 Saibo NJ, Lourenço T, Oliveira MM. Transcription factors and regulation of 
photosynthetic and related metabolism under environmental stresses. Ann 
Botany. 2009;103:609–23.

44.	 Smith AB, Ganguly DR, Moore M, Bowerman AF, Janapala Y, Shirokikh NE, 
Pogson BJ, Crisp PA. Dynamics of mRNA fate during light stress and recovery: 
from transcription to stability and translation. Plant J. 2024;117:818–39.

45.	 Monzon JP, La Menza NC, Cerrudo A, Canepa M, Edreira JIR, Specht J, Andrade 
FH, Grassini P. Critical period for seed number determination in soybean as 
determined by crop growth rate, duration, and dry matter accumulation. 
Field Crops Res. 2021;261:108016.

46.	 Poudel S, Magar LP, Khatri D, Pandit M, Chiluwal A. Identifying the most sensi-
tive growth stages of soybean to defoliation. Sci Rep. 2025;15:28268.

47.	 Yue Y, Sun S, Li J, Yu H, Wu H, Sun B, Li T, Han T, Jiang B. GmFULa improves 
soybean yield by enhancing carbon assimilation without altering flowering 
time or maturity. Plant Cell Rep. 2021;40:1875–88.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.


	﻿Conserved regulatory modules and hub genes linking leaf transcriptomes to soybean seed weight
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Plant materials and experimental design
	﻿RNA sequencing and data processing
	﻿Phenotypic data analysis
	﻿Co-expression network construction
	﻿Network analysis and module preservation
	﻿Functional Annotation and Hub Gene Identification

	﻿Results
	﻿Geographic variation significantly impacts soybean 100-seed weight
	﻿Identification of highly preserved co-expression networks associated with seed size
	﻿Core circadian and lipid metabolism genes drive the preserved networks
	﻿Network hub genes tightly co-localize with known seed weight QTLs
	﻿Regional differential expression highlights geographically driven regulatory targets

	﻿Discussion
	﻿Conclusions
	﻿References


