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Abstract

Background: Husk number is a key agronomic trait in maize that affects grain dehydration rate and

yield, yet its regulatory mechanisms remain largely unknown. This study aimed to systematically

identify the gene modules and hub genes controlling husk number using an integrated transcriptome

approach.

Results: RNA-seq was performed on ear tissues from two maize inbred lines with extreme husk

numbers (LJ311, ~20 husks; PHG35, ~5 husks) at four developmental stages (V7—V10). A total of

12,605 husk-specific genes were identified. Hierarchical clustering combined with differential

expression analysis revealed a late-stage-specific gene cluster (Cluster 3, 44 genes) that was strongly

upregulated at V8-V 10 in the high-husk line. WGCNA identified three co-expression modules

significantly correlated with husk number: MEblue and MEbrown (positively) and MEturquoise

(negatively). Cluster 3 shared only seven genes with MEblue and was enriched in the TCA cycle,

DNA replication, and glycerophospholipid metabolism. By intersecting hub genes (kME| > 0.9)

with high-confidence differentially expressed genes (|log2FC| > 2), two final candidate gene sets
1
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were obtained. The upregulated candidates were enriched in cell cycle, brassinosteroid signaling,
and phospholipid metabolism, whereas the downregulated candidates were enriched in MAPK
signaling, glycolysis, and cell wall polysaccharide degradation.

Conclusion: The results suggest that increased husk number is driven by a BR-MAPK-—cell cycle
regulatory program, with an opposing mechanism in the low-husk line. This study provides an
integrated regulatory network and valuable candidate genes for future functional validation and
molecular breeding.

Keywords: Maize (Zea mays L.), Husk number, WGCNA, Hierarchical clustering, Transcriptome,

Candidate genes

Background

Maize (Zea mays L.) is one of the most important food crops in the world. Its global production
reached 1.287 billion tons in 2025 (https:/www.fao.org/). Over recent decades, mechanical
harvesting of maize has greatly reduced labor intensity and saved labor costs. As a result, achieving
full mechanization of maize production has become an urgent task[1, 2]. Among the many technical
challenges, mechanized grain harvesting remains the final bottleneck. Currently, the grain moisture
content of most maize varieties in China reaches 30%—40% at harvest. This value is far higher than
the standard suitable for mechanized harvesting, which is 15%-25% [3, 4]. As a result, the
mechanized grain harvesting area for maize in China is less than 5%. High grain moisture not only
seriously limits harvesting efficiency but also increases drying and storage costs. In addition, it leads
to a higher rate of kernel breakage during mechanical harvesting. Under warm and humid conditions,

it can also cause problems such as kernel mold, fungal infection, and ear sprouting [5-7]. Therefore,
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increasing the kernel dehydration rate (KDR) during late developmental stages and reducing grain

moisture content at harvest have become two of the most important objectives in modern maize

breeding programs [8].

Grain dehydration rate is affected by many factors. Among them, husk morphology plays a key

role. A husk is a modified leaf that encloses the maize ear. From the perspective of plant

developmental biology, it is a protective structure produced by axillary meristems before floret

formation [9, 10]. The developmental pattern of husk leaves is very different from that of normal

leaves. In terms of morphogenesis, the husk sheath originates from lateral meristems and is

homologous to the leaf sheath that surrounds the stem. The husk blade, Meanwhile, develops from

the further extension of the top of the husk sheath [11]. Studies have shown that husk area is

significantly and positively correlated with grain moisture content at harvest. Maize varieties with

a smaller husk area tend to have a faster grain dehydration rate [5]. Too many husk leaves create a

sealed micro-environment around the ear and restrict air movement. As a result, grain water loss is

greatly slowed down. In contrast, several husk traits can help speed up grain dehydration. These

traits include fewer husk layers, thinner husk leaves, loose husk coverage, and early husk senescence

[12, 13]. Many studies have confirmed that husk number, husk length, and husk coverage are all

significantly and positively correlated with grain moisture content at harvest [14, 15]. Therefore,

improving husk traits through genetic approaches has become a key goal in maize breeding. The

aim is to maintain sufficient protection while also promoting efficient grain dehydration, so that the

new varieties will be more suitable for mechanized harvesting.

In recent years, quantitative trait locus (QTL) mapping and genome-wide association studies

(GWAS) in different maize populations have identified several QTLs and candidate genes related
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to husk number [16-19]. However, because husk traits have complex quantitative genetic

characteristics and single-gene approaches have limitations, the global gene regulatory network and

core functional modules controlling husk number determination are still not fully understood.

Transcriptome sequencing (RNA-seq) combined with computational biology methods has become

an important strategy for dissecting the molecular basis of complex agronomic traits [20].

Differential expression analysis can identify genes that are significantly differentially expressed

between different genotypes or developmental stages. This step provides an initial pool of candidate

genes for downstream analyses [21]. Unsupervised hierarchical clustering, in turn, groups genes

based on the similarity of their expression patterns. It can reveal naturally occurring gene sets with

potential functional coherence [22]. Weighted gene co-expression network analysis (WGCNA)

further organizes genes into co-expression modules. It then correlates these modules with external

phenotypic traits. This allows the identification of key regulatory modules and highly connected

hub genes [23, 24]. The above methods and their integration strategies have been successfully

applied to the study of various complex traits in maize. For example, the combined analysis of

dynamic transcriptomes and GWAS has revealed the regulatory mechanism of

Agrobacterium-mediated transformation in maize [25]. In another case, the integration of QTL

mapping and WGCNA uncovered the molecular mechanism by which Zmccr3 regulates seed

germination in maize [26]. In addition, the combined use of transcriptomics and WGCNA has

provided strong support for the discovery and identification of elite genes. For example, this

approach has been applied to the identification of genes responding to low temperature in maize

seedlings [27]. It has also been used to study the plastic genetic regulation of root architecture in

response to salt stress in maize [28]. Although these methods have been widely used in maize
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research, their combined application to the regulation of husk number has not been reported yet.

Our integrated approach, two maize inbred lines with extreme differences in husk number were

used. They were LJ311, with about 20 husks, and PHG35, with about 5 husks. A comprehensive

transcriptome analysis was performed at four key developmental stages: V7, V8, V9, and V10. We

adopted an integrated strategy that combined differential expression analysis, unsupervised

hierarchical clustering, and WGCNA. Using this approach, we systematically identified

co-expression modules and hub genes associated with husk number variation. By cross-validating

unsupervised clustering with co-expression network analysis and applying a strict candidate gene

filtering process, we constructed a bi-directional regulatory model. This model covers both

promotive and inhibitory mechanisms and illustrates the molecular regulatory network controlling

husk development. This study provides new insights into the molecular basis of husk number

determination. It also offers valuable gene resources for breeding maize varieties suitable for

mechanized harvesting.

Materials and methods

Plant Materials and Phenotypic Evaluation

Two maize inbred lines, LJ311 and PHG35, were used in this study. LJ311 has about 20 husk

leaves, while PHG35 has about 5 husk leaves. They were grown in Tai'an, Shandong Province,

China. Ear tissues including husks were collected at four developmental stages: V7, V8, V9, and

V10. Three biological replicates were taken for each genotype at each stage. A total of 24 samples

were obtained. All samples were immediately frozen in liquid nitrogen and stored at —80 °C.

RNA Extraction, Library Construction, and Sequencing
5
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Total RNA extraction, quality control, and strand-specific cDNA library construction were

performed by Novogene Co., Ltd. (Beijing, China). The qualified libraries were sequenced on the

[llumina platform to generate 150 bp paired-end reads. All samples were processed in a single batch

for library construction and sequencing. The raw sequencing data have been deposited in the NCBI

Sequence Read Archive (SRA) under BioProject accession number PRINA1491550.

Data Preprocessing and Identification of Husk-Specific Genes

Raw sequencing reads were first processed with fastp (v0.23.4) to remove low-quality reads

and adapter sequences [29]. The cleaned reads were then aligned to the maize B73 reference genome

(RefGen_v5) using HISAT2 (v2.2.1) [30]. Gene expression levels, including FPKM and count

values, were quantified with StringTie (v2.1.7) [31].

Because the sampled tissues contained the entire ear, the initial expression matrix included

transcripts from both husk and non-husk tissues. To enrich for genes specifically expressed in the

husk, we compared all detected genes with a published spatiotemporal expression dataset of the

maize ear [32]. Genes that overlapped with the ear-core dataset were removed. The remaining genes

were considered as a candidate set of husk-expressed genes (Table S1). Further data cleaning was

performed using the following criteria. First, the difference between the maximum and minimum

FPKM values of a gene across all 24 samples had to be greater than 5 (min_max > 5). Second,

within each biological group (genotype X stage combination, eight groups in total), the maximum

coefficient of variation (CV = standard deviation / mean X 100%) was required to be less than 200%

(max_cv < 200%). Third, each gene had to be reliably expressed in at least one biological group

(reliable _groups > 0). After these filtering steps, a total of 12605 husk-specific genes were retained.

This final gene set was used for all subsequent analyses, including differential expression analysis
6
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and co-expression network construction.

Global Transcriptome Characterization and Differential Expression Analysis

To evaluate the overall relationships among the samples, we first defined a gene set that met a

basic expression threshold. Genes with counts > 10 in at least three samples were retained. These

genes were used for principal component analysis (PCA) and Pearson correlation analysis. A PCA

score plot and a clustered correlation heatmap were generated to visualize the sample groupings. In

addition, library sizes and the numbers of detected genes were calculated for each sample. Bar plots

for quality control and expression density curves were also drawn. The PCA, correlation analysis,

and quality control plots described above were all based on the full gene set after basic filtering.

In contrast, the differential expression analysis and all subsequent functional analyses were

performed using the filtered set of 12605 husk-specific genes. The raw counts of these 12605 genes

were used as input for DESeq2 (v1.46.0). The design formula was set to ~ Stage + Genotype.

Significantly differentially expressed genes (DEGs) were identified using the following criteria:

[log2FoldChange| > 1 and padj < 0.05. The DEGs were then divided into up-regulated and

down-regulated groups based on the direction of their expression change. To verify the need for a

stage-adjusted model, we also performed pairwise comparisons between LJ311 and PHG35 at each

of the four developmental stages. The unique and shared DEGs across stages were visualized using

an UpSet plot. Furthermore, a volcano plot, a pie chart showing DEG counts, and a heatmap of the

top 100 DEGs were generated.

Unsupervised Hierarchical Clustering

To explore the natural grouping of highly variable genes, we selected the top 200 genes with
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the largest variance across all 24 samples from the 12605 husk-specific genes. Each gene was then

Z-score normalized. The distance between genes was calculated as 1 minus the Pearson correlation

coefficient. Hierarchical clustering was performed using the complete-linkage method. Finally, the

gene tree was cut into three clusters (Cluster 1-3). A clustered heatmap was generated using the

pheatmap package (v1.0.12). The number of genes in each cluster was counted and displayed in a

pie chart. To validate the late-stage upregulation pattern of Cluster 3, we selected the three genes

with the largest |log2FoldChange| values from this cluster. Their expression levels across different

genotypes and developmental stages were shown in a line plot. Error bars were used to represent

the variation among the three biological replicates.

Weighted Gene Co-expression Network Analysis (WGCNA) and Cross-Validation

From the 12,605 husk-specific genes, we selected the top 8,000 genes with the largest variance

for WGCNA analysis. The analysis was performed using the WGCNA package (v1.72-1). Network

topology was evaluated with the pickSoftThreshold function. Based on the scale-free topology fit

index (R? > 0.85) and the mean connectivity, we chose a soft-thresholding power of 10. A signed

network was then constructed using the blockwiseModules function with the following parameters:

minModuleSize = 30 and mergeCutHeight = 0.25. Module eigengenes were calculated for each

module. Pearson correlation analysis was then performed between the module eigengenes and two

traits: husk number and genotype.

Based on the correlation results, we identified three modules that were most significantly

associated with husk number. The blue and brown modules were positively correlated, whereas the

turquoise module was negatively correlated with this trait. A module—trait correlation heatmap and

line plots showing the expression trends of these module eigengenes across developmental stages
8
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were generated. GO and KEGG enrichment analyses were performed for all genes in the three key

modules using the Omicshare online tool (www.omicshare.com/tools). All analyses were run with

the default parameters. In addition, the module membership (kME) and gene significance (GS) were

calculated for each gene. Strict hub genes were defined as those satisfying both [KME| > 0.9 and

|GS| > 0.7. Scatter plots of kKME versus GS were then generated for each module, with the hub genes

highlighted.

To cross-validate the results of unsupervised clustering and WGCNA, we took the 44 genes

from Cluster 3 and intersected them with the gene lists of the blue and brown modules, separately.

The overlaps were visualized using an UpSet plot. In addition, all 44 genes of Cluster 3 were

independently subjected to GO and KEGG enrichment analysis.

Screening, Expression Visualization, and Validation of High-Confidence Candidate Genes

The hub genes from the positively correlated modules (blue and brown) were first combined

into one set. This combined set was then intersected with the up-regulated DEGs that had

[log2FoldChange| > 2. This intersection gave us the up-regulated high-confidence candidate gene

set. Similarly, the hub genes from the turquoise module were intersected with the down-regulated

DEGs having [log2FoldChange| > 2. This produced the down-regulated candidate gene set. A stricter

fold-change cutoff was used here to focus on the genes with the largest expression differences. The

entire screening process was illustrated using a Venn diagram. GO and KEGG enrichment analyses

were performed separately for the up-regulated and down-regulated candidate gene sets. The results

were visualized using bubble plots to show the functional differences between the two groups.

From the final candidate gene sets, we selected the top 30 genes with the largest

[log2FoldChange| values from each direction. A heatmap was generated to display their expression
9



194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

patterns. In addition, three of the most significant hub genes were chosen from each of the

up-regulated and down-regulated sets. Their expression levels across stages and genotypes were

shown in line plots. Error bars in these plots represent the variation among the biological replicates.

Using the igraph (v1.4.3) and ggraph (v2.1.0) packages, we extracted the top 10 hub genes with the

highest [KME| values from the blue, brown, and turquoise modules. Their first-order neighbors

(Pearson correlation coefficient > 0.5) were also included. Co-expression subnetworks were then

constructed for each of the three modules.

To validate the reliability of the RNA-seq data, five key genes were selected from the final

candidate gene list. Primers for these genes were designed using the qPrimerdb database

(https://gprimerdb.biodb.org/) and are listed in Table S5. The maize Cullin gene was used as the

internal reference. Quantitative real-time PCR was performed using the SYBR Green method.

Relative expression levels were calculated using the 2”—AACt method.

Results

Phenotypic Difference in Husk Number and Global Transcriptome Characteristics

The two inbred lines showed a significant difference in mature husk number. LJ311 had an

average of about 20 husks, while PHG35 had about 5 husks (Figure 1A, B). After data filtering, a

total of 12605 husk-specific genes were retained for subsequent differential expression and

co-expression network analyses. To evaluate the overall relationships among the 24 samples, we

performed principal component analysis (PCA) and Pearson correlation analysis. For these analyses,

we used all genes that met the basic expression threshold. A gene was considered expressed if it had

counts > 10 in at least three samples.

10



215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

The PCA results showed a clear separation by genotype along the first principal component

(PC1). PC1 explained 48.3% of the total variance. The second principal component (PC2) explained

12.3% of the variance and further reflected the effect of developmental stage (Figure 1C). The three

biological replicates of the same genotype-stage combination clustered tightly together on the PCA

plot. Pearson correlation analysis further supported this pattern. Within each biological group, the

correlation coefficients among replicates were all above 0.95. Meanwhile, the correlations between

samples of different genotypes were obviously lower (Figure 1D). The library size of each sample

ranged from 27 to 40 million reads. The number of detected genes was close to 30000 in all samples.

In addition, the expression density curves of the 24 samples were highly overlapping (Figure S1).

Detailed information on RNA-seq data quality is provided in Table S2. Together, these results

indicate that the transcriptome data were of high quality and suitable for the following quantitative

analyses.

Identification of Differentially Expressed Genes Between LJ311 and PHG35

A stage-adjusted DESeq2 model was used to identify differentially expressed genes (DEGs)

between LJ311 and PHG35. The design formula was set to ~ Stage + Genotype. Genes with

[log2FoldChange| > 1 and padj < 0.05 were considered significantly differentially expressed. Using

these criteria, a total of 3764 DEGs were identified. Among them, 1900 genes were up-regulated in

LJ311, while 1864 genes were down-regulated (Figure 2A, B). The numbers of up- and

down-regulated DEGs were nearly equal. For most DEGs, the [log2FC]| values fell within the range

of 1 to 10. The proportions of up- and down-regulated genes were roughly balanced. Stage-specific

comparisons further showed that there were both shared and unique DEGs across the four

developmental stages (Figure S4). This observation supported the use of the stage-adjusted model
11
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to capture the robust genotype-driven differences. A heatmap of the top 100 most significant DEGs

clearly separated the LJ311 and PHG35 samples. The up-regulated and down-regulated genes each

formed their own clusters (Figure 2C). These results indicate that extensive transcriptional

reprogramming occurred between the two lines. The complete list of DEGs is provided in Table S3.

Unsupervised Hierarchical Clustering Identified a Late-Stage-Specific Gene Cluster

To explore the natural grouping of highly variable genes, we performed hierarchical clustering

on the top 200 genes with the largest variance across all 24 samples. These genes were divided into

three clusters (Cluster 1-3) (Figure 3A). Cluster 1 contained 80 genes and was mainly up-regulated

in PHG35. Cluster 2 contained 76 genes and showed relatively high expression across all stages in

LJ311. By comparison, Cluster 3 (44 genes) showed a unique expression pattern. It was strongly

and specifically up-regulated at the late developmental stages (V8—V10) in LIJ311. Meanwhile, its

expression remained very low in PHG35 and also at the V7 stage in LJ311 (Figure 3A, B). The

three genes with the largest |log2FC| values in Cluster 3 all showed a clear increase in expression

starting from V8 in LJ311. However, no such increase was found in PHG35 (Figure 3C). This

late-stage-specific activation suggests that Cluster 3 may represent a functionally coordinated gene

set. It is likely related to the determination of husk number.

WGCNA Identified Co-expression Modules Significantly Correlated with Husk Number

WGCNA was performed using the top 8000 highly variable genes. A soft-thresholding power

of 10 was chosen. At this power, the scale-free topology fit index (R?) exceeded 0.85, and the mean

connectivity reached a plateau (Figure 4A, B). In total, ten co-expression modules were obtained.

Pearson correlation analysis between module eigengenes (MEs) and traits identified three modules

12
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that were significantly correlated with husk number. The blue module (1371 genes, r = 0.88, p <

0.001) and the brown module (1183 genes, r=0.85, p <0.001) were positively correlated with both

husk number and the LJ311 genotype. In contrast, the turquoise module (1963 genes, r =—0.97, p <

0.001) was strongly negatively correlated with this trait (Figure 4C). The ME expression trends of

these three modules confirmed the correlation results. The blue and brown modules were

consistently expressed at higher levels in LJ311, and the blue module showed a further increase at

the V8-V 10 stages. By comparison, the turquoise module was predominantly expressed in PHG35

(Figure 4D). The ME heatmap of all modules together with the gene dendrogram and module color

assignment further illustrated the overall modular structure of the co-expression network (Figure

S2).

Cross-Validation Between Hierarchical Clustering and WGCNA

To evaluate the consistency between the unsupervised clustering and the co-expression

network, we intersected the 44 genes of Cluster 3 with the gene lists of the blue and brown modules.

Cluster 3 shared only seven genes with the blue module and had no overlap with the brown module

(Figure 5A). In comparison, out of the 80 genes in Cluster 1, 79 belonged to the turquoise module.

The genes in Cluster 2 were mainly found in the blue and brown modules (Figure S3). Taken

together, these overlaps indicate that the two methods showed an overall consistency. Although the

overlap was limited, GO and KEGG enrichment analyses of all 44 genes in Cluster 3 showed that

they were significantly enriched in several pathways. These pathways included the TCA cycle,

oxidative phosphorylation, DNA replication and repair, glycerophospholipid metabolism, and

carotenoid/ABA metabolism (Figure 5B). Together, these functional categories point to energy

production, cell proliferation, and membrane biosynthesis. This suggests that Cluster 3 acts as a
13
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late-stage functional module that promotes husk growth.

Hub Gene Identification and Refinement of High-Confidence Candidate Genes

Genes satisfying both [KME| > 0.9 and |GS| > 0.7 were defined as strict hub genes. In the blue,

brown, and turquoise modules, 123, 231, and 282 strict hub genes were identified, respectively

(Figure 6A). These hub genes are the most highly connected core nodes within each module. They

also have the strongest correlations with husk number. To further verify the central roles of these

hub genes within their modules, we constructed co-expression subnetworks. Each subnetwork was

built using the top 10 hub genes of a module and their first-order neighbors. The results further

confirmed that these hub genes occupy core positions in their respective modules (Figure S5).

The hub genes from the positively correlated modules (blue and brown) were first merged into

one set. This set was then intersected with the up-regulated DEGs having |log2FC| > 2. This gave

324 up-regulated high-confidence candidate genes (Figure 6B). Similarly, the hub genes from the

turquoise module were intersected with the down-regulated DEGs having [log2FC| > 2. This

produced 266 down-regulated high-confidence candidate genes (Figure 6E). The complete list of

final candidate genes is provided in Table S4.

GO and KEGG enrichment analyses revealed clear functional differences between the two

groups of candidate genes. The up-regulated candidates were significantly enriched in several

pathways. These pathways included DNA replication, mismatch repair, homologous recombination,

brassinosteroid (BR) Dbiosynthesis, MAPK signaling pathway-plant, ribosome, and

glycerophospholipid metabolism. These pathways are mainly related to cell cycle progression,

hormone signaling, and membrane biosynthesis (Figure 6C, D). In contrast, the down-regulated

candidates were enriched in pathways such as glycolysis, fructose and mannose metabolism, xylan
14
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degradation, MAPK signaling, and phosphatidylinositol signaling system (Figure 6F, G). These

results indicate that the increase in husk number in LJ311 was driven by cell proliferation and the

activation of growth-promoting pathways. In PHG35, however, energy metabolism was shifted, and

growth-inhibitory signals were strengthened.

Expression Patterns and Preliminary Validation of Final Candidate Genes

To visualize the overall expression landscape of the high-confidence candidate genes, a

heatmap was created. We selected the top 30 genes with the largest [log2FC| values from each of the

up- and down-regulated directions. The heatmap clearly divided the candidate genes into two major

clusters. This separation perfectly matched their regulatory directions (Figure 7A). Within each

cluster, the expression patterns were highly consistent with the sample groupings. The up-regulated

candidate genes showed relatively high expression across all developmental stages in LJ311. In

contrast, the down-regulated candidates displayed the opposite trend and were mainly expressed at

higher levels in PHG35. This sharp contrast further confirmed the reliability of the final candidate

gene set and its strong association with the husk number phenotype.

To further verify the reliability of the RNA-seq results, we analyzed the fold changes of five

representative high-confidence candidate genes using both RNA-seq and qRT-PCR. The results

showed that the expression trends obtained by qRT-PCR were highly consistent with those from

RNA-seq. The fold change values from the two methods matched well across all four developmental

stages (Figure 7B). This independent validation increased the confidence in the candidate genes

identified in this study. It also suggests that these genes may be the true regulators of husk number.

Discussion

15
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The Advantage of Multi-Method Integration in Mining Genes for Complex Traits

Husk number in maize is a complex quantitative trait controlled by many genes and multiple

pathways. A single method often fails to capture the complete regulatory network. In this study, we

integrated three approaches—differential expression analysis, unsupervised hierarchical clustering,

and WGCNA—to improve the efficiency of candidate gene discovery.

The order of integration has a significant impact on the results. Studies have shown that first

building the co-expression network and then adding the differential expression information

preserves the global topological structure of the network better. This helps reduce false positives

and captures more biologically relevant modules and hub genes [33, 34]. The results of this study

also support this idea. Cluster 3, found by hierarchical clustering, shared only seven genes with the

blue module. However, their functional enrichment was highly consistent. This indicates that the

unsupervised method successfully detected a functionally consistent subset within a large

co-expression module. Such multi-strategy integration has been verified in several plant systems.

For example, it was used to screen key genes for salt stress response in rice [33], to identify modules

for cold tolerance in maize seedlings [27], and to recognize functional modules under abiotic stress

in poplar leaves [35]. These examples demonstrate the robustness of this approach across different

research backgrounds.

Functional Significance of the Late-Stage-Specific Gene Cluster, Cluster 3

Cluster 3 contained 44 genes and was specifically up-regulated at the V8-V 10 stages in LJ311.

This is one of the core findings of this study. This period coincides exactly with the key stage of

rapid differentiation and elongation of husk primordia. Functional enrichment analysis showed that
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Cluster 3 was significantly enriched in the TCA cycle, oxidative phosphorylation, DNA replication,

glycerophospholipid metabolism, and carotenoid/ABA metabolism. In maize, TCA cycle genes

show tissue-specific expression patterns. Their enzyme activities are essential for supplying energy

and carbon skeletons during late development [36, 37]. The TCA cycle is coupled with oxidative

phosphorylation. Together, they provide ATP and reducing power for biosynthesis. Additionally, the

TCA cycle is more than just an energy provider. Its disruption can trigger extensive metabolic

reprogramming and activate stress responses. This has been shown in mammalian systems [38]. In

plants, the TCA cycle also plays non-canonical roles in developmental transitions [39]. The

enrichment of DNA replication genes suggests that active cell proliferation or endoreduplication

still occurs in late-stage husk tissues. This is very important for organ morphogenesis [40].

Glycerophospholipid metabolism provides basic components for membrane structures. Its

intermediate products, such as phosphatidic acid, can also act as signaling molecules. They take part

in membrane biogenesis and signal transduction [41-43]. Together, these pathways form a

coordinated molecular network. They support the late development of the husk in several ways,

from energy supply and cell proliferation to membrane biosynthesis.

Functional Divergence of Positively and Negatively Regulated Modules

The three WGCNA modules that were significantly correlated with husk number showed

distinct regulatory functions. The blue module was enriched in cell cycle, DNA replication, and

protein homeostasis. The brown module was enriched in actin filament organization, Golgi

organization, and brassinosteroid (BR) biosynthesis. Although both modules were positively

correlated with husk number, their functional divergence suggests that they are involved in different

biological processes. Positive regulation may require the coordination of the cell proliferation
17
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machinery and the cytoskeleton—hormone signaling system.

BR is an important hormone that regulates plant growth and development. There is cross-talk

between BR and the MAPK pathway. For example, in stomatal development, BR signaling inhibits

the MAPK pathway through GSK3 kinase [44]. In maize, the transcription factor ZmRAVLI can

directly activate the expression of BR biosynthesis genes. These genes include lacl, ZmDI11, and

brdl. At the same time, phytochrome phyA senses the ratio of red to far-red light. This light signal

then regulates the protein stability of ZmRAVLI. In this way, environmental light signals are coupled

with internal BR levels. This allows a dynamic regulation of canopy architecture [45, 46]. In contrast,

the turquoise module was mainly expressed in the low-husk line PHG35. This module was enriched

in endoplasmic reticulum (ER) stress and protein phosphorylation. The ER can activate BR

signaling through the unfolded protein response (UPR). In this way, stress signals and

developmental signals are integrated [47]. The enrichment of ER stress in the negative module

suggests something important. Rapid husk growth may create a high demand for protein synthesis.

This pressure could activate the ER quality control system. As a result, organ development may be

limited to some degree. This antagonistic module architecture indicates that husk number is

controlled by a bi-directional regulatory network. This network involves BR/MAPK cross-talk, the

integration of ER stress, and epigenetic regulation.

High-Confidence Candidate Genes Define the Molecular Boundary Between Promotion and

Inhibition of Husk Number

By integrating module hub genes with high-magnitude differentially expressed genes, we

obtained a compact set of high-confidence candidate genes. The up-regulated candidates were

mainly enriched in DNA replication, BR biosynthesis, and glycerophospholipid metabolism. This
18
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is consistent with the overall functional features of the positively correlated modules described

earlier. Among the up-regulated candidates, several genes encode enzymes and transcription factors.

These genes may act downstream of the maize BR signaling cascade. BR has been shown to regulate

plant development by promoting cell cycle progression [48, 49]. On the other hand, the

down-regulated candidates were enriched in glycolysis, xylan degradation, and MAPK signaling.

The enrichment of both an energy metabolism pathway and a cell wall remodeling process at the

same time suggests something important. It suggests that a state of metabolic inhibition may exist

in the low-husk line. In this state, basic energy production is reduced. Cell wall loosening is also

restricted. As a result, the initiation of husk primordia is suppressed. In maize, glycoside hydrolases

such as MLGHI take part in the degradation and remodeling of cell wall polysaccharides [50, 51].

The specific enrichment of MAPK signaling among the down-regulated candidates further supports

the bi-directional regulatory model. This is consistent with the dual functions of plant MAPK

cascades. They can both promote and restrict growth [52]. This antagonistic molecular dialogue was

also reflected at the transcriptional level. It is likely that that transcription factors may play important

roles in the bi-directional regulation of husk number. Taken together, the high-confidence candidate

genes clearly define the molecular boundary between “promotion” and “inhibition” in husk number

regulation. Upstream BR and MAPK signals converge on these executive-level genes. They

coordinate DNA replication, energy metabolism, and cell wall dynamics. In the end, these genes

determine the phenotypic output of husk number.

Comparison with Known Regulatory Mechanisms of Husk Development and the Incremental

Contribution of This Study

In recent years, association-based studies have revealed the genetic basis of variation in husk
19
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traits. For example, the ZMET?2 gene encodes a DNA methyltransferase. A 10-bp insertion/deletion

polymorphism in its 3'UTR region can change the transcription level. This in turn regulates the

number of husk leaves [53]. The RHW1-ZCN4 pathway regulates husk width through a MYB-like

transcriptional repressor [54]. The ZmNRT2.5 gene encodes a nitrate transporter. Its variation is

related to both husk width and the efficiency of nitrate transport to developing grains [55]. Some

progress has been made in understanding the genetic regulation of husk development in maize. The

gene tasselsheath4 (tsh4) encodes an SBP-box transcription factor. It is a core regulator that inhibits

husk growth and promotes inflorescence branching [56]. This gene forms a hierarchical regulatory

network together with tsh/ and /g2. In this network, tsh4 directly binds to and activates the

expression of downstream genes. Together, they control the inhibition of husk growth and the

formation of branches [57]. These studies have begun to reveal the transcriptional, epigenetic, and

metabolic regulatory networks involved in husk development.

Notably, the classical meristem identity genes, such as #sh4, were not directly detected in our

final candidate gene set. This suggests that there may be another mechanism for husk number

variation. This mechanism may be independent of the early meristem identity decisions. The

candidate genes we identified focused more on late developmental events. These events include cell

proliferation, energy metabolism, and the integration of hormone signals. These genes may act

downstream of the early-acting genes like tsi4. For example, the BR signaling components enriched

in the up-regulated candidates may receive signals from the early meristem identity program. Then

they promote cell cycle progression. This drives the continuous proliferation of husk primordia. On

the other hand, the MAPK signaling and cell wall degradation genes enriched in the down-regulated

candidates may act as negative regulatory effectors. They may restrict the overgrowth of husk leaves.
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This model of "early decision — late execution" integrates the known regulatory factors of husk

development with our findings. It provides a more complete view for understanding the molecular

mechanisms of husk number variation.

Conclusions

This study systematically explored the molecular basis of husk number variation in maize by

integrating differential expression analysis, unsupervised hierarchical clustering, and WGCNA.

Three co-expression modules (blue, brown, and turquoise) were identified that significantly

correlated with husk number and represented growth-promoting and growth-inhibiting networks,

respectively. Hierarchical clustering revealed a small, distinct gene cluster (Cluster 3) that was

strongly activated at late developmental stages (V8—V10) in the high-husk line LJ311 and enriched

in the TCA cycle, oxidative phosphorylation, DNA replication, and membrane lipid metabolism. By

intersecting module hub genes with high-magnitude differentially expressed genes, we obtained a

set of high-confidence candidate genes. The up-regulated candidates were enriched in cell cycle,

brassinosteroid (BR) signaling, and phospholipid metabolism, whereas the down-regulated

candidates were enriched in MAPK signaling, glycolysis, and cell wall polysaccharide degradation.

Taken together, these results suggest that husk number is controlled by a bidirectional regulatory

program that converges on a BR-MAPK-—cell cycle axis. The candidate genes identified in this work

provide valuable targets for future functional validation and molecular breeding. Further studies

should focus on the functional characterization of these hub genes and their upstream regulators.
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Figure legends

Figure 1. Phenotypic difference and global transcriptomic characterization of husk number.
(A) Mature husk phenotypes of the two parental lines. Left, PHG35; right, LJ311. (B) Mean husk
number of PHG35 and LJ311 across multiple years and locations. (C) PCA of the 24 samples based
on all genes passing the basic expression threshold. Colors indicate genotypes (LJ311, red; PHG35,
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blue), and shapes indicate developmental stages (V7, circle; V8, triangle; V9, diamond; V10,

square). (D) Pearson correlation heatmap with hierarchical clustering of the 24 samples. Darker blue

indicates higher correlation.

Figure 2. Identification and expression profiling of differentially expressed genes (DEGs)

between LJ311 and PHG35. (A) Volcano plot of DEGs. The screening thresholds were set at

[log2FC| > 1 and padj < 0.05. Red, up-regulated; blue, down-regulated; gray, not significant. (B) Pie

chart showing the proportion of up-regulated and down-regulated DEGs. (C) Heatmap of the top

100 DEGs. Red indicates high expression, and blue indicates low expression.

Figure 3. Unsupervised hierarchical clustering analysis of highly variable genes. (A) Heatmap

of the top 200 most variable genes across all 24 samples. Genes were Z-score normalized and

clustered into three major groups (Cluster 1-3) based on their expression patterns. (B) Pie chart

showing the number of genes in each of the three clusters. (C) Expression dynamics of three

representative genes from Cluster 3 across developmental stages and genotypes. These three genes

had the largest |log2FC]| values within the cluster. Data are presented as mean + SE.

Figure 4. WGCNA of husk number-related modules. (A, B) Scale independence (A) and mean

connectivity (B) across soft-thresholding powers. The red line in (A) marks R? = 0.85. (C) Module—

trait correlation heatmap. Blue, brown, and turquoise modules were most significantly associated

with husk number. *** p <0.001. (D) Expression trends of module eigengenes for the three modules

across developmental stages. Red, LJ311; blue, PHG35. Data are mean + SE.

Figure 5. Cross-validation between hierarchical clustering and WGCNA. (A) UpSet plot

showing the overlap of genes between Cluster 3 and the blue and brown modules. (B) GO

enrichment bubble plot of all 44 genes in Cluster 3. Bubble size represents the number of enriched
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genes, and bubble color represents the adjusted p-value (pag). (C) KEGG enrichment bubble plot of

all 44 genes in Cluster 3. Bubble size represents the number of enriched genes, and bubble color

represents the adjusted p-value (pag).

Figure 6. Hub gene identification and functional enrichment of high-confidence candidates.

(A) KME-GS scatter plots for the blue, brown, and turquoise modules. Dashed lines mark |kKME| =

0.9 and |GS| = 0.7; red dots, hub genes. (B, E) Venn diagrams showing intersections between hub

genes and DEGs (]log2FC| > 2) for positively (B) and negatively (E) correlated modules. (C, D) GO

(C) and KEGG (D) enrichment bubble plots of up-regulated candidates. (F, G) GO (F) and KEGG

(G) enrichment bubble plots of down-regulated candidates. For all bubble plots, bubble size

indicates gene count, and color indicates adjusted p-value (padg;).

Figure 7. Expression patterns and experimental validation of final candidate genes. (A)

Heatmap of the top 30 up- and down-regulated candidate genes. Genes are clustered into two groups

based on their regulatory directions. (B) Fold change comparison between RNA-seq and qRT-PCR

for five representative hub genes across four developmental stages. Solid gray lines represent fold

change values calculated from RNA-seq data, while dashed red lines represent fold change values

measured by qRT-PCR. Error bars indicate the standard deviation (n = 3) of the QRT-PCR results.
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Figure 1. Phenotypic difference and global transcriptomic characterization of husk number.
(A) Mature husk phenotypes of the two parental lines. Left, PHG35; right, LJ311. (B) Mean husk
number of PHG35 and LJ311 across multiple years and locations. (C) PCA of the 24 samples based
on all genes passing the basic expression threshold. Colors indicate genotypes (LJ311, red; PHG35
blue), and shapes indicate developmental stages (V7, circle; V8, triangle; V9, diamond; V10

square). (D) Pearson correlation heatmap with hierarchical clustering of the 24 samples. Darker blue

indicates higher correlation.
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Figure 2. Identification and expression profiling of differentially expressed genes (DEGs)
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between LJ311 and PHG35. (A) Volcano plot of DEGs. The screening thresholds were set at
[log2FC| > 1 and padj < 0.05. Red, up-regulated; blue, down-regulated; gray, not significant. (B) Pie
chart showing the proportion of up-regulated and down-regulated DEGs. (C) Heatmap of the top

100 DEGs. Red indicates high expression, and blue indicates low expression.
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Figure 3. Unsupervised hierarchical clustering analysis of highly variable genes. (A) Heatmap
of the top 200 most variable genes across all 24 samples. Genes were Z-score normalized and

clustered into three major groups (Cluster 1-3) based on their expression patterns. (B) Pie chart
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698  showing the number of genes in each of the three clusters. (C) Expression dynamics of three
699  representative genes from Cluster 3 across developmental stages and genotypes. These three genes

700  had the largest |log2FC| values within the cluster. Data are presented as mean + SE.
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701
702  Figure 4. WGCNA of husk number-related modules. (A, B) Scale independence (A) and mean

703  connectivity (B) across soft-thresholding powers. The red line in (A) marks R? = 0.85. (C) Module—
704 trait correlation heatmap. Blue, brown, and turquoise modules were most significantly associated
705  with husk number. *** p <0.001. (D) Expression trends of module eigengenes for the three modules

706 across developmental stages. Red, LJ311; blue, PHG35. Data are mean + SE.
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708  Figure 5. Cross-validation between hierarchical clustering and WGCNA. (A) UpSet plot
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showing the overlap of genes between Cluster 3 and the blue and brown modules. (B) GO

enrichment bubble plot of all 44 genes in Cluster 3. Bubble size represents the number of enriched

genes, and bubble color represents the adjusted p-value (pagj). (C) KEGG enrichment bubble plot of

all 44 genes in Cluster 3. Bubble size represents the number of enriched genes, and bubble color

represents the adjusted p-value (pad).
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Figure 6. Hub gene identification and functional enrichment of high-confidence candidates.

(A) KME-GS scatter plots for the blue, brown, and turquoise modules. Dashed lines mark |KME| =

0.9 and |GS| = 0.7; red dots, hub genes. (B, E) Venn diagrams showing intersections between hub

genes and DEGs (|[log2FC| > 2) for positively (B) and negatively (E) correlated modules. (C, D) GO
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(C) and KEGG (D) enrichment bubble plots of up-regulated candidates. (F, G) GO (F) and KEGG

(G) enrichment bubble plots of down-regulated candidates. For all bubble plots, bubble size

indicates gene count, and color indicates adjusted p-value (pag;).
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Figure 7. Expression patterns and experimental validation of final candidate genes. (A)

Heatmap of'the top 30 up- and down-regulated candidate genes. Genes are clustered into two groups

based on their regulatory directions. (B) Fold change comparison between RNA-seq and qRT-PCR

for five representative hub genes across four developmental stages. Solid gray lines represent fold

change values calculated from RNA-seq data, while dashed red lines represent fold change values

measured by qRT-PCR. Error bars indicate the standard deviation (n = 3) of the QRT-PCR results.
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