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« Validates three high-confidence
genes (HDA108, MADS3,
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GRAPHICAL ABSTRACT

ABSTRACT

Introduction: Despite the extensive utilization of heterosis in modern breeding, its genetic architecture
remains incompletely understood.

Objectives: This study aimed to decipher the genetic basis of heterosis in maize.

Methods: Four heterosis indices derived from seven traits in a 2023 maize NCII breeding population were
analyzed in association with 36,671,063 genetic markers.

Results: Among the 119 candidate genes identified through multi-omics integration and haplotype anal-
yses, 101 exhibited consistent and significant haplotype-heterosis associations across both the 2019 and
2023 NCII breeding populations. Five high-confidence candidate genes were highlighted, with HDA108,
MADS3, and Zm00001eb080510 repeatedly detected across multiple environments and populations.
eGWAS linked the known heterosis-related genes ZAR1, bZIP29, and ACCO2 to one, two, and two candidate
genes, respectively. Five candidate genes showed co-localization of eQTLs and heterosis-associated QTNs
within linkage disequilibrium windows (2.60 to 8.63 kb). Integration of multi-dimensional networks
using a graph neural network framework identified six hub genes, including HDA108 (degree = 224).
Notably, complementary genetic backgrounds of parental lines enabled more complete gene functional-
ity in hybrid offspring. Candidate genes exhibited substantially more significant haplotype-trait associ-
ations in F; hybrids (98) than in parental lines (35), and 97 candidates showed significant allele frequency
divergence (Fst > 0.2) between parental groups. The number of superior haplotypes was significantly cor-
related with both best-parent and mid-parent heterosis across the two breeding populations. These find-
ings demonstrate that heterosis-related genes exert stronger functional effects in hybrids than in inbred
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parents, thereby enhancing trait performance in offspring. Furthermore, variation in the number of supe-

rior haplotypes directly contributed to heterosis differences among hybrids. All heterosis-associated

QTNs primarily influenced trait phenotypes through epistatic interactions, which emerged as the pre-

dominant genetic driver of heterosis.

Conclusion: This study has identified some novel candidate genes and elucidated some key genetic mech-

anisms underlying heterosis, providing some valuable insight and resource for precision hybrid breeding.
© 2026 The Author(s). Published by Elsevier B.V. on behalf of Cairo University. This is an open access

article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction

Over the past century, heterosis has played a crucial role in
enhancing crop productivity and ensuring global food security
[1]. Maize was among the first crops to harness heterosis, achieved
via F; hybrids generated from controlled crosses between inbred
lines [2]. Despite its widespread application in modern breeding
programs, the underlying genetic mechanisms governing heterosis
remain elusive [3].

Three classical genetic hypotheses were proposed to explain the
heterosis in the 20th century: dominance [4], over-dominance [5],
and epistasis [6] hypothesis. The predominant roles of non-
additive effects (e.g., epistasis) and environmental dependencies
in hybrid vigor formation have been studied through large-scale
genome-wide association studies (GWAS) [2,7-10] and multi-
environment phenotypic analyses [11]. Genomic studies reveal
that heterosis arises from allelic interactions between parental
genomes [12], parental genetic complementarity [13], allelic intro-
gression of rare advantageous alleles [14-16], and dynamic allele-
specific expression patterns with tissue-specific dominance effects
[17]. Although significant advances have been made in under-
standing the underlying mechanism of heterosis, critical gaps
remain and the theoretical basis of heterosis has not been fully
cleared.

Although many heterosis loci have been mapped, the number of
heterosis-related genes that have undergone functional validation
is limited due to the complexity of both heterosis and the genetic
background of germplasm, which makes validation difficult [18],
e.g., RH8 [19], S5 [20] and OsMADS1 [21] in rice; ZAR1 and ACCO2
[13], ZmCCA1 [22] and bZIP29 [23] in maize. The limited number
of validated heterosis genes restricts our mechanistic understand-
ing and breeding applications, as the polygenic nature of heterosis
likely involves the coordinated action of numerous genes, which
could benefit from multi-omics data.

To address these questions, 10 maternal lines were crossed
with 55 paternal lines to generate 550 F; hybrids, constituting a
single maize NCII breeding population in 2023 (2023 NCII popu-
lation). This population was subjected to GWAS and multi-
omics analyses to identify candidate genes and decipher the
genetic architecture of heterosis. The GWAS incorporated four
phenotypic metrics, including best-parent heterosis (BPH), mid-
parent heterosis (MPH), general combining ability (GCA), and
specific combining ability (SCA), derived from seven agronomic
traits. To unravel regulatory networks, we integrated expression
quantitative trait locus (eQTL) mapping with weighted gene co-
expression network analysis (WGCNA), protein-protein interac-
tion (PPI) prediction, and epistatic genetic network analysis to
pinpoint hub genes governing heterosis. Importantly, an addi-
tional 89 x 8 NCII breeding population in 2019 (2019 NCII popu-
lation) was employed to validate the associations between gene
haplotypes and heterosis metrics and to validate the key heterosis
candidates obtained from GWAS in the 2023 NCII population.
Both populations were further used to perform regression analy-
ses of trait phenotypes against the number of elite haplotypes.
This integrated strategy aims to uncover novel heterosis-related

genes and refine the genetic framework of hybrid breeding,
thereby facilitating more precise breeding practices.

Material and methods
Population and heterosis calculation

The 2023 NCII breeding population was composed of 55 pater-
nal lines, 10 maternal lines, and 550 F; hybrids. The parental lines
were planted in Zhengzhou, and the F; hybrids were planted in
Zhengzhou, Luohe, Shijiazhuang, and Xuchang in 2023. The 2019
NCII breeding population was composed of 8 paternal lines, 89
maternal lines and 712 F; hybrids. The parental lines were planted
in Zhengzhou, and the F; hybrids were planted in Zhengzhou,
Luohe, and Baixiang in 2019. The parental lines of the 2019 and
2023 NCII breeding populations are derived from six elite founder
inbred lines, and four of them are derived from the Stiff Stalk (SS)
heterotic group and two from the Non-Stiff Stalk (NSS) group
(Fig. S1; Table S1). These two NCII populations shared 7 paternal
lines, 10 maternal lines, and 70 F; hybrids (9.83% of total F,
offsprings). The measurement method was shown in Supplemental
method. The quality control of the trait phenotypes was conducted
by LongPing HighTech Maize Innovation Center, including no
extreme phenotypic values.

Best linear unbiased prediction (BLUP) values were obtained
using Ime4 v1.1.31 [24]. GCA and SCA were calculated by Sommer
v4.2.0.1 [25]. General combining ability (GCA) and specific combin-
ing ability (SCA) were estimated using a mixed linear model imple-
mented in the R package Sommer v4.2.0.1. Specifically, a NCII
mating design-based model was fitted as:

y=Xp+Zf +Zpm+Zsh+e

where y represents the phenotypic values of the F; hybrids, B
denotes the fixed effects including the overall mean and environ-
mental effects, f and m represent the random effects of maternal
and paternal lines corresponding to GCA, respectively, A denotes
the random effects of hybrids corresponding to SCA, and ¢ is resid-
ual error. The corresponding variance components as well as BLUP
values of GCA and SCA were obtained using the mmer function in
the sommer package.

The maternal and paternal lines and their corresponding F;
hybrids were simultaneously measured for phenotypes in the same
field environment (Zhengzhou). Using the phenotypes in Zhengz-
hou, MPH and BPH (%) were calculated as:

F,'j — (Pi + Pj) x 0.5

MPH = B+ 7)) x 05 x 100
_ Fyj — Max(P;, P))
BPH = Max(P,,P,) x 100

where Fj; is the F; hybrid of P; and P;, Max(P;, P;) is the maximum of
P; and P; trait values. To ensure data reliability, field trials were con-
ducted using a randomized complete block design with three repli-
cates, with the commercial hybrid Yufeng 303 included in each
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block as a common control. Trait values were calculated as the
mean of each trait for each parent or hybrid across replicates.

Genomic data

The marker genotypes of 145 parents in the 2019 and 2023 NCII
breeding populations were obtained through high-depth, whole-
genome resequencing. The method of SNP variant calling was
shown in Supplemental method. The bcftools v1.20 [26] was used
to integrate the SNPs and indels. Beagle v5.2 [27] was used to
impute missing markers, while Plink v1.90 [28] was employed to
filter markers with minor allele frequency (MAF) < 1%. Finally,
36,671,063 high quality markers were used for subsequent analy-
sis. Offspring genotypes are inferred from their parental genotypes
[29,30]. For example, parental genotypes AA (P;) and aa (P,) were
used to infer the F; genotype Aa. When parental genotypes were
heterozygous, F; genotypes were inferred probabilistically based
on expected Mendelian segregation ratios.

Genome-wide association study

Fast3VmrMLM [29] was used for GWAS. In GWAS, three princi-
pal components (PCs) calculated by flashpcaR v2.1 [31] was used to
control for population structure, and the kinship matrix was calcu-
lated by Fast3VmrMLM. The Q matrix of population structure was
calculated by Admixture v1.3.0 [32] (Table S1) to clarify the genetic
background of these parents. The Bonferroni correction threshold

(P = 1.36 x 107%) was used to determine significant QTLs, while
LOD = 3.0 was used to determine suggested QTLs [29,33]. Marker
annotation was conducted using snpEff v4.3t [34] based on
B73V5 genome. VCFtools v0.1.16 [35] was used to calculate fixation
index (Fs) for comparing paternal and maternal lines.

Dominance ratio

The additive (a) and dominance (d) effects of significant or sug-
gestive loci were estimated using Fast3VmrMLM [29]. The domi-
nance ratio (d/a) was subsequently calculated. According to the
locus classification criteria described by Jiang et al. [36], loci with
|d/al < 0.2, 0.2 < |d[a] < 0.8, 0.8 < |d/a| < 1.2, and |d/a| > 1.2 were
categorized as additive, partial dominance, complete dominance,
and overdominance, respectively.

Identification of candidate genes

Differential expression analysis was based on transcriptome
data from Gene Expression Omnibus (https://www.ncbi.nlm.nih.-
gov/geo; accession number: GSE115796, GSE124543 and
GSE155947) using DESeq2 v1.38.3 [37] with the criterion of |log,-
FC| > 1 and P value < 0.05. RNA-seq datasets from 14-day-old seed-
lings of parents B73 and Mo17 and their F; hybrid were obtained to
compare the gene expression levels between the parents and their
F; hybrids. Gene annotation was performed using clusterProfiler
v4.6.2 [38] based on the annotation downloaded from MaizeGDB
(https://download.maizegdb.org/Zm-B73-REFERENCE-NAM-5.0).
Kyoto Encyclopedia of Genes and Genomes (KEGG) were con-
ducted using KOBAS-i v3.0 (https://bioinfo.org/kobas). Known rice
genes were obtained from the China Rice Data Centre (https://rice-
data.cn/gene/) and previous studies. Maize protein sequences
(https://download.maizegdb.org/Zm-B73-REFERENCE-NAM-5.0)
and rice protein sequences (https://rice.uga.edu/, version 7.0) were
used to find the homologous genes using Othofinder v2.3.8 [39].
The regulation map downloaded from PlantRegMap (https://plan-
tregmap.gao-lab.org/) was used to build the relationship between
known genes and candidate genes.
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Transcriptome analysis of parent lines

Three parent lines with significant GCA differences were sam-
pled for RNA-seq: stems at V6 stage and ears at R2 stage. Each sam-
ple was pooled from five plants. Total RNA quality was assessed
using NanoDrop 2000 (purity and concentration) and Agilent
2100/4200 (integrity and quantity). RNA-seq libraries were pre-
pared by mRNA purification with polyT beads, fragmentation
(300-350 bp), and reverse transcription. After second-strand syn-
thesis, double-strand cDNA ends were blunted, 3’ adenylated,
and ligated with sequencing adaptors. Library fragments were
purified, PCR-enriched, and purified again. Libraries from different
samples were pooled and sequenced on an NGS platform by Berry
Genomics Co., Ltd (Beijing, China; https://www.berryge-
nomics.com/). Raw reads were filtered to remove those with
ambiguous bases (N), adaptor contamination, or > 20% bases with
Phred quality < 5. Clean reads were aligned to the silva database
with bowtie2 to remove rRNA, and the remaining reads were
mapped to the B73V5 reference genome using HISAT2. Gene read
counts were obtained with featureCounts and subsequently nor-
malized to transcripts per million (TPM). The correlation analysis
was conducted by R function cor.test using the GCA of parents
and gene expression.

Haplotype analysis

The gene haplotypes were built by Tag SNPs obtained by Plink
v1.90 [28]. The potential candidate genes that were significant in
the haplotype analysis using one-way ANOVA were considered as
candidate genes. Superior haplotype was determined by LSD
multi-comparison. The effect of the number of gene superior hap-
lotypes on F; heterosis was calculated by Im function in R.

Datasets in expression genome-wide association study

Transcriptomic and genotypic datasets of expression GWAS
(eGWAS) were obtained from Pang et al. (2019) [40], where kernels
of 282 inbred lines were collected at 5 days after pollination. To
align reference genome versions, minimap2 v2.17-r941 (https://
github.com/Ih3/minimap2) was used for the alignment of B75V5
and B73V3 genomes (https://download.maizegdb.org/B73_Ref-
Gen_v3/), and then transanno v0.4.5 (https://github.com/informa-
tionsea/transanno) was used to create chain file from minimap2
result. Crossmap v0.2.6 [41] was used to convert the genotypes to
B73V5 genome. Beagle v5.2 [27] was used to impute missing mark-
ers, while Plink v1.90 [28] was employed to filter SNPs based on
MAF < 1%. The transcriptome data was normalized to TPM based
on the GFF file (https://download.maizegdb.org/B73_RefGen_v3/).
Gene expression exceeded 0.1 in at least 5% of individuals in the
population was used for eGWAS.

Gene network

The gene network contains gene co-expression network, PPI
and genetic network. First, transcriptome data downloaded from
MaizeGDB (https://qteller.maizegdb.org/) was used to build the
gene co-expression network using WGCNA v1.72-1 [42], and then
combined with the result of eGWAS to obtain the gene expression
network. Then, PPI was predicted by STRING (https://string-db.org
to obtain the PPI network. Finally, all the significant/suggested
heterosis quantitative trait nucleotides (QTNs) were used to con-
struct epistasis network using empirical Bayes [43].

Y=U+Ug+ Ug + Ugg + Uqgq + Ugq + Ugg + €

where u, and uy is additive and dominant effects, respectively;

Ugg, Uqd, Uge and ugg are additive-by-additive, additive-by-
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dominant, dominant-by-additive, and dominant-by-dominant
interaction effects, respectively; ¢ is residual error; and u is total
average. Wald test was used to calculate the P value. The threshold
was set as 0.01. The relationship was built between candidate genes
around the significant QTN-by-QTN interactions (QQIs).

Integration of gene networks

We integrated three gene networks (STRING, eGWAS-WGCNA
and epistasis) using a graph neural network framework:

(1). Data Integration: Edge features (STRING combines scores,
—logoP value in eGWAS, WGCNA weights, and epistasis P
value) were merged. The Node2Vec function was used to
generate 16D embeddings (zero-padded for missing nodes).

(2). Ensemble Graph Model: An ensemble of three EnhancedGA-
TEncoders with multi-head attention (8 — 4 — 1 heads) and
skip connections was trained for 300 epochs (Adam opti-
mizer, Ir = 0.001). Loss combined edge reconstruction and
attention regularization.

(3). Module Detection: Louvain communities were ranked by L2-
norm of node embeddings. Results included module impor-
tance rankings and Cytoscape files.

(4). Validation: Bootstrap stability (50 resamples, Jaccard simi-
larity) ensured robustness.

Genetic variance estimation using BGLR

Reproducing kernel Hilbert space (RKHS) regression, imple-
mented by BGLR v1.1.4, was used to estimate genetic variance
components in the below model.

y :Xﬁ‘f' Umain + Uepi + €

where y is a vector of heterosis indicator, X includes intercept and
population structure (top three PCs), Umgin ~ N(O, 02 Kmain)
Uepi ~ N(O, (rgpil(ep,») and ¢ ~ N(0,02]) is residual error. The model
was fitted using 12,000 MCMC iterations with a burn-in of 2,000.
The main and epitasis variances were estimated as the posterior

means of the corresponding components.

Results
Genetic architecture and heterosis-related genes

The seven agronomic traits analyzed in the 2023 NCII popula-
tion displayed significant heterosis, including plant height (PH),
ear height (EH), kernel row number (KRN), kernel number per
row (KNR), 100-seed weight (SW), ear thickness (ET), and yield
per plot (Yield). Both BPH and MPH exhibited considerable varia-
tion among hybrids (Fig. 1A).

Using the Fast3VmrMLM method, four heterosis indicators for
each trait were associated with approximately 36 million markers.

This analysis detected 671 significant QTNs (P < 1.36 x 107%) and
28 suggested (LOD score > 3) QTNs [29]. After removing duplicates,
690 unique QTNs were retained, of which 37.24% were located
within genic regions (Fig. 1B; Table S2). To further characterize
QTNs in potential regulatory regions, promoter regions were
defined as the 2 kb sequences upstream of the transcription start
site. Accordingly, 29 QTNs (4.20%) were located within promoter
regions, suggesting a potential role of transcriptional regulation
in heterosis (Table S2).

Notably, QTNs associated with GCA were predominantly char-
acterized by additive effects (dominance ratio ~ 0), whereas those
linked to SCA were enriched with over-dominant alleles (|d/a|] >
1.2), consistent with established heterosis genetic models
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(Table S2; Fig. 1C). For MPH and BPH QTNs, additive and domi-
nance effects were further quantified. Overdominant QTNs
accounted for 55.37% and 53.21% of MPH- and BPH-associated loci,
respectively, whereas additive and partial-dominant QTNs con-
tributed 24.76%-29.64% and 9.64%-11.73%, respectively. These
results indicate that overdominance represents the predominant
genetic basis of heterosis, with additive and partial dominance
effects also contributing substantially (Table S2; Fig. 1D). Notably,
distinct genetic architectures were observed among traits. For
example, additive and partial-dominant QTNs underlying SW-
derived MPH (50.00%) and BPH (66.15%) collectively accounted
for significantly larger proportions than overdominant QTNs for
SW-derived MPH (44.00%) and BPH (21.54%) (Table S2). These find-
ings suggest that heterosis for SW is primarily governed by addi-
tive and partial dominance effects rather than overdominance,
highlighting pronounced trait-dependent differences in the genetic
basis of heterosis.

Population differentiation analysis further revealed strong allele
frequency divergence (Fst > 0.2) at 15.6% (108/690) of the
heterosis-related QTNs between the paternal and maternal groups
(Fig. 1E). In the genomic regions surrounding the heterosis-
associated QTNs, 15 trait-related (non-heterosis) genes have been
previously reported, including known candidates such as D9 [44]
and HDA108 [45] (Table S2; Fig. 2A). To further identify candidate
genes potentially involved in heterosis, we performed Gene Ontol-
ogy (GO) annotation, homology searches against known rice genes,
differential expression analysis, and gene haplotype analysis.

Using transcriptomic data from Luo et al. [46], we identified 208
differentially expressed candidate genes between parents and their
hybrid offspring (|log,FC| > 1, P value < 0.05; Fig. 2B), six of which
were homologous to previously reported rice genes (Table S4).
Linkage disequilibrium (LD) blocks among markers within the can-
didate gene region were analyzed to support haplotype classifica-
tion using the tag-SNPs derived from Plink, identifying 119
potentially candidate genes with significance at the 0.05 level
(Table S5). Among these, 97 potentially candidates exhibited sig-
nificant allele frequency divergence (Fst > 0.2) between paternal
and maternal groups (Table S6). Functional annotations revealed
that these 119 candidate genes were mainly involved in metabolic
processes, stress response, ion transport, and cell communication
(Fig. 2C). For example, HDA108 (Zm00001eb177560), which is asso-
ciated with MPH for EH, is known to regulate plant developmental
processes including plant height [45]. Its haplotype Hap1 conferred
approximately 10% higher MPH compared to Hap2 (P value = 1.7
6 x 104; Fig. 2D). Markers within this gene region also showed pro-
nounced divergence between paternal and maternal lines (Fig. 2D).

In summary, through an integrated approach incorporating
transcriptomic profiling, cross-species homology, gene annotation,
and haplotype-heterosis association analysis, we identified 119
candidate genes that might be associated with dissecting the
genetic basis of heterosis.

Integrated eQTL analysis of candidate genes

To investigate the potential role of candidate heterosis-related
genes, expression levels of 113 out of the 119 candidate genes,
along with four previously known heterosis-associated genes, were
utilized as phenotypic traits in an eGWAS (Fig. 3A). Only genes
with expression levels greater than 0.1 in at least 5% of the acces-
sions were included, resulting in 117 genes being analyzed. The
analysis revealed five candidate heterosis-associated genes located
near eQTLs linked to the expression of established heterosis-
related genes ZAR1, bZIP29 and ACCO2. Specifically, one candidate
gene (Zm00001eb250560) was associated with ZAR1, two
(Zm00001eb366040 and Zm00001eb366090) with bZIP29, and two
(Zm00001eb330020 and Zm00001eb107940) with ACCO2, with P
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Fig. 1. Characterization of heterosis and heterosis-associated loci. (A) Best-parent and mid-parent heterosis (BPH and MPH) for seven traits in a maize 2023 NCII breeding
population: plant height (PH), ear height (EH), kernel row number (KRN), kernel number per row (KNR), seed weight (SW), ear thickness (ET) and yield per plot (Yield). (B)
Distribution of heterosis-associated loci in maize genome. (C) Dominant ratio of loci associated with general combining ability (GCA) and specific combining ability (SCA). (D)
Dominant ratio of loci associated with BPH and MPH. (E) Genetic diversity of heterosis-associated loci between maternal and paternal lines.

values ranging from 7.49 x 1028 to 1.72 x 10° (Figs. 3B and S2;
Table S7). It should be noted that Zm00001eb366090 (ZmGA200x5)
for BPH from PH is a gibberellin-associated gene [47], while
Zm00001eb061930 (bZIP29) is a known heterosis gene [23]. These
results revealed potential trans-regulatory interactions between
candidate and known heterosis-related genes and enhancing the
credibility of candidate genes.

Of these 113 candidate genes, five exhibited co-localization of
their eQTLs and heterosis-associated QTNs within the same LD
windows, with physical distances ranging from 2.60 to 8.63 kb,
implying possible shared genetic variants, with P values ranging
from 1.20 x 10! t0 8.92 x 10 '2! (Fig. 3C and S3; Table S8). A nota-
ble example is Zm00001eb215710, for which an eQTL of this gene
and a QTN associated with MPH for ET were located within a
shared LD window. This gene also showed a significant association
between its haplotypes and MPH for ET, supporting its role as a
candidate gene influencing this trait. In summary, the co-
localization of functional QTNs, combined with significant
haplotype-heterosis associations, strengthens the evidence that
these candidate genes contribute to heterosis.

Multi-dimensional networks integrated by graph neural network

To identify heterosis-related genes and gene-by-gene interac-
tions, multi-omics network was integrated by three complemen-

tary methods (Fig. 3D). First, integrating eGWAS with WGCNA
produced a significant co-expression network comprising 1,694
gene pairs. Second, all the detected QTNs associated with heterosis
were incorporated into a full epistasis model to detect high-
confidence QQIs. Using empirical Bayes estimation and Wald tests
(P<0.01), we identified 25 significant epistatic interactions involv-
ing 21 candidate genes. Finally, PPl prediction was performed
between the 119 candidate genes and genes located near the
detected QTNs using the STRING database, resulting in 1,219 pre-
dicted PPI pairs.

The three networks described above were integrated using a
graph neural network framework. Topological patterns were cap-
tured through Node2Vec embedding, and edge features were con-
solidated within an ensemble learning framework implemented
in PyTorch Geometric with customized graph attention networks.
Using Louvain community detection coupled with L2-based mod-
ule importance ranking, we reproducibly identified 31 modules,
encompassing 1,046 nodes and 2,088 edges (bootstrap
stability = 1.000 + 0.000) (Fig. 3D). All genes in the resulting inte-
grated network were associated with heterosis. The 'Blue’ module
was identified as the most significant and exhibited strong enrich-
ment in five key biological pathways: alpha-linolenic acid metabo-
lism, glycerolipid metabolism, aminoacyl-tRNA biosynthesis, plant
hormone signal transduction, and glycosylphosphatidylinositol
(GPI)-anchor biosynthesis (corrected P values < 0.05; Fig. S4), high-
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Fig. 2. Identification of candidate genes for heterosis. (A) Manhattan plot of mid-parent heterosis from ear height. HDA108, indicated by red color, is a key heterosis-
associated candidate gene. (B) The log,(expression level + 1) in B73, Mo17 and their F; hybrid (two replicates) in columns 1 to 6 and their fold change of expression levels in
columns 7 to 9 for heterosis-associated candidate genes (C) Gene ontology annotation analysis of heterosis-associated candidate genes. The molecular function, cell
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candidate gene HDA108. ***: P < 0.001. The LD heatmap was generated using the markers within the candidate gene region to construct gene haplotypes based on the tag-SNP

(68,669,973 bp) obtained from plink software.

lighting their potential importance in heterosis. Furthermore, six
hub genes with degrees exceeding 75 were identified, including
HDA108 (Zm00001eb177560) (Fig. 3E), suggesting that these genes
may play central roles in influencing heterosis within the network.

Support for haplotype-heterosis associations in the 2019 and 2023
NCII populations

To support the haplotype-heterosis associations identified in
the 2023 NCII population, we performed haplotype analysis of
the 119 candidate heterosis genes in an additional 2019 NCII pop-
ulation comprising 712 hybrids. Results demonstrated that 101
candidate genes exhibited significant associations, and these can-
didates with an average r* of 1.90% (ranging from 0.066% to
17.646%) (Fig. 4 and S5 and S6; Tables S9 and S10). Among these,
nine candidate genes corresponded to previously reported trait-
related genes; 92 were significantly differentially expressed
between parents and hybrids; six were homologous to known
trait-related genes in rice; the eQTL of candidate gene Zm00001e-
b215710 was co-localized with a QTL for MPH of ET; five were iden-
tified as hub genes in the integrated network; and nine were
predicted to interact with known heterosis genes (Table S10).
Overall, the haplotype-heterosis associations of 101 candidate

genes were consistently robust across both populations (Figs. 4
and S5; Table S9).

To further elucidate the genetic basis of heterosis, multiple
comparisons of heterosis indicators among haplotypes were con-
ducted to identify superior haplotypes for the 101 candidate genes.
For each candidate gene, high- and low-heterosis pools were con-
structed by selecting individuals from the top and bottom 5% of the
distribution of the heterosis index associated with that gene. The
frequency of each superior haplotype was compared between
these pools. Notably, 96 candidate genes showed an average
14.70% higher frequency of superior haplotypes in the high pool
compared to the low pool (Fig. 5A; Table S11), underscoring the
reliability of these candidates and supporting an association
between heterosis and the accumulation of superior haplotypes.

To strengthen this conclusion, linear regression analysis was
performed to assess the relationship between BPH /| MPH and the
number of superior haplotypes per individual. A significantly pos-
itive correlation was observed (Fig. 5B). This trend was further val-
idated in eight of the fourteen BPH/MPH phenotypes in the 2019
NCII population (Fig. 5C), despite the existence of genetic differ-
ences between the two populations. These consistent results high-
light the crucial role of superior haplotype accumulation in
influencing heterosis.
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Discussion A total of 119 candidate genes located near heterosis-associated

In this study, we employed maize NCII breeding populations to
dissect the genetic architecture of heterosis, analyzing four hetero-
sis metrics derived from seven agronomic traits. The NCII design
was selected due to its ability to provide broader genetic diversity
and more practical breeding guidance compared to F, populations
[48,49]. Our results revealed that additive effects were predomi-
nantly enriched in QTNs associated with GCA, whereas over-
dominant effects were mainly associated with SCA (Table S2;
Fig. 1C), which is consistent with classical genetic models of
heterosis.

QTNs were identified as potentially contributing to heterosis
through an integrated approach that included haplotype analysis,
differential expression screening, GO annotation, homology analy-
sis with known rice genes, and literature mining (Tables S3-S5;
Fig. 2C). Among these, 97 candidates exhibited significant allele
frequency differentiation (Fst > 0.2) between parental groups
(Table S6), and 101 were further validated via haplotype-
heterosis association analysis in an additional 2019 NCII popula-
tion (Fig. S5; Table S9).

By integrating co-expression, epistatic (QQI), and PPI networks
within a graph neural network framework, we identified a highly
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Fig. 5. Effect of superior haplotypes for heterosis-associated candidate genes on heterosis. (A) Frequency of superior haplotype for each candidate gene in high- and low-
heterosis pools and their difference between the two extreme pools. (B and C) Regression of individual heterosis on the number of superior haplotypes carried by each
individual in the 2019 (C) and 2023 (B) NCII breeding population. Best-parent (BPH) and mid-parent (MPH) heterosis are indicated by orange and purple colors, respectively.
PH: plant height; EH: ear height; KRN: kernel row number; KNR: kernel number per row; SW: seed weight; ET: ear thickness; Yield: yield per plot.

significant “Blue” module, six hub genes, including HDA108, and
nine candidates predicted to interact with four previously reported
heterosis-related genes in maize (Fig. 3D and E). Based on multi-
evidence support, we prioritized five high-confidence candidate
genes for heterosis, evaluated through: (1) functional annotation
and prior knowledge, (2) significant differential expression
between parents and hybrids, (3) hub status in the integrated net-
work, (4) predicted interactions with known heterosis genes, and
(5) robust haplotype-heterosis associations across multiple
populations.

Furthermore, our findings underscore the important role of
epistasis in heterosis, and heterosis QTNs influence traits mainly
through epistasis interactions. Finally, we demonstrate that the
accumulation of superior haplotypes within candidate genes sig-
nificantly contributes to heterosis, reinforcing the utility of supe-
rior haplotype in predictive breeding.

Key candidate genes for heterosis

Here, we identify five high-confidence candidate genes associ-
ated with heterosis: Zm00001eb080510, Zm00001eb177560
(HDA108), Zm00001eb215710, Zm00001eb298680 (MADS3), and
Zm00001eb366090 (ZmGA200x5) (Tables 1, S4 and S9; Fig. 4). To

enhance the reliability of these candidates, GWAS was performed
using each-environment data for the 2023 population and
across-environment average data for the 2019 population. Results
indicated that four candidates were detected in multiple environ-
ments within the 2023 population, and three were detected in
the 2019 population (Table S12). Among these, Zm00001eb080510,
HDA108, and MADS3 were consistently identified in both popula-
tions, though not necessarily for the same trait or heterosis metric,
marking them as the most promising candidate genes. In detail,
HDA108 was found to be associated with the EH-derived MPH in
the 2023 NCII population (P = 3.43 x 107'®) and the KNR- (P = 2.5
0 x 10*) and KRN-derived (P ~ 0) GCA in the 2019 NCII population.
Zm00001eb080510 was found to be associated with the SW-derived
BPH (P = 4.27 x 1072°) in the 2023 NCII population and the KRN-
derived GCA (P ~ 0) in the 2019 NCII population. MADS3 was found
to be associated with the EH-derived MPH (P = 6.51 x 107!°) in the
2023 NCII population and the ET-derived GCA (P = 7.69 x 107) in
the 2019 NCII population. To further enhance the reliability of
these candidates, we used the G2F dataset comprising 4,423
hybrids [50] to identify their superior haplotypes for four of the
five heterosis candidates (due to limited marker density) using
LSD multiple comparisons (« = 0.05). These genes were Zm00001e-
b177560, Zm00001eb298680, Zm00001eb366090, and ZmO00001e-
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Table 1
Evidence of five key heterosis-associated candidate genes.
Trait Marker P value Gene Gene name  Description Differential  Rice Co- Degree of Interacted
expression homology localization hub gene  with known
gene
BPH_SW  2_42683321 4.27E-26  Zm00001eb080510 Inapplicable tryptophan Yes TDD1 No 84 No
biosynthetic
process
MPH_EH 468813420 3.43E-18  Zm00001eb177560 HDA108 histone No — No 224 ZmCCA1,
deacetylase STRING
MPH_ET 5_9890550 3.58E-69 Zm00001eb215710 Inapplicable alpha-tubulin Yes SRS5 Yes No No
protein
MPH_EH 7_1817612 6.51E-15  Zm00001eb298680 MADS3 MADS-box No — No No ZmCCA1,
transcription PlantRegMap
factor
BPH_PH 8.171488969 5.33E-136 ZmO00001eb366090 ZmGA20o0x5  gibberellin 20- No — No No bZIP29,
oxidase eGWAS

BPH: best-parent heterosis, MPH: mid-parent heterosis, PH: plant height, EH: ear height, SW: seed weight and ET: ear thickness.

b080510. We then calculated the frequencies of these superior hap-
lotypes in extreme pools comprising the top and bottom 1% of
hybrids with respect to trait phenotypes. The results showed that
the four candidate genes were significant in both the haplotype
and frequency difference analyses, with the exception that
Zm00001eb080510 was close to significance in the frequency differ-
ence analysis (Table S13). These results indicate the significant
influence of these candidate heterosis genes on trait phenotypes
between the two extreme hybrid pools.

HDA108 is prioritized as a key candidate influencing EH-derived
MPH in four aspects. First, it encodes a histone deacetylase previ-
ously implicated in plant development and height regulation
[45]. Second, it was identified as a hub gene in the integrated net-
work with a degree of 224 (Table 1; Fig. 3E) and is predicted to
interact with the known heterosis-related gene ZmCCA1 [22]
(Table 1; Table S10). Moreover, histone deacetylation is known to
dynamically modulate gene expression and has been linked to
heterosis in other species; for example, OsHDT1 regulates expres-
sion patterns in hybrids and contributes to heterosis in rice [51-
53]. Thus, as a highly connected regulator, HDA108 may influence
EH-derived MPH by modifying the expression of heterosis-
related genes through epigenetic mechanisms.

Zm00001eb080510 is a strong candidate for SW-derived BPH. It
participates in the tryptophan biosynthetic pathway and is a
homolog of rice TDD1, which affects auxin biosynthesis via trypto-
phan metabolism [54]. This gene also acts as a hub in the network
(degree = 84; Fig. 3E) and shows differential expression between
parents and hybrids. Given that auxin signaling has been associ-
ated with heterosis in canola, sorghum, and Arabidopsis [55-57],
variation in Zm00001eb080510 expression may lead to differential
auxin levels, thereby influencing phenotypic variation between
parents and hybrids both directly and through the function of
hub gene in the gene network (Table 1; Table S10).

MADS3 is another key candidate contributing to EH-derived
MPH. As a MADS-box transcription factor, it has been reported to
affect spikelet development and plant height [58]. It is predicted
to interact with the known heterosis gene ZmCCA1 [22] based on
PlantRegMap analysis (Table 1; Table S10). Related MADS-box
genes in rice, such as OsMADS18, which modulates plant architec-
ture, and OsMADS23, involved in strigolactone and gibberellin
crosstalk [59,60], supporting the functional relevance of this gene
family. Notably, OsMADS1 has been directly implicated in rice
heterosis [21]. Thus, MADS3 may influence plant architecture
through hormone signaling pathways and protein interactions
with ZmCCA1 to regulate EH-derived MPH.

Although strong haplotype-heterosis associations were
observed in both the 2019 and 2023 NCII populations (Fig. 4),

and functional predictions were supported by genetic analyses,
network inference, and previous experimental evidence, further
validation through molecular and field experiments is required to
confirm the roles of these candidate genes. Notably, plant hormone
signal transduction was significantly enriched in the most impor-
tant network module (Fig. S4), and three of the five key candidates
are implicated in hormone-related processes (Table S10), under-
scoring the central role of hormonal regulation in heterosis. Fur-
thermore, the graph neural network framework is a powerful
tool for integrating multi-dimensional networks and capturing
key modules and hub genes in integrated networks in the big data
era.

Parental genomic complementarity enhances gene functionality in
hybrids

To analyze the investigate between heterosis-related genes and
trait phenotypes, haplotype analysis was conducted on the BLUP
trait values across heterosis-related gene haplotypes. Significant
associations between haplotypes and trait values were significant
for 98 candidate genes (97.03%) in the offspring (P < 0.05;
Table S14), compared to only 35 genes (34.65%) in the parents
(P < 0.05; Table S15). This partly reveals the effect of most
heterosis-related genes on the genetic architecture of offspring.
We found that 97 candidates exhibited genetic diversity between
maternal and paternal (Table S6), and that 88.31% of markers
had higher heterozygous frequencies in the offspring than in the
parents (Table S16). The complementary genetic backgrounds
resulting from parental hybridization thus enhance the functional
contributions of these genes in the hybrids. These results, obtained
from a haplotype analysis of real data, are similar to the HolIB
model derived from simulation studies by Xie et al. [11]. In sum-
mary, heterosis-related genes exert more pronounced effects in
hybrid offspring than in their inbred parents, leading to improved
trait performance. Variation in the number of superior haplotypes
among offspring underlies the observed differences (Tables S14
and S15; Fig. 5).

Crucial role of epistasis between heterosis QTNs in the genetic
dissection of traits and heterosis

Previous studies have established the predominant contribution
of non-additive effects, particularly epistasis, to hybrid vigor in
crops such as rice, maize, and wheat [2,7-11,61]. In our inheritance
analysis of both main and epistatic effects, epistasis accounted for
a greater proportion of genetic variance than main effects across all
heterosis metrics, in detail, 89.62% for BPH, 55.03% for MPH, and
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56.04% for SCA, compared to 10.38%, 44.97%, and 43.96%, respec-
tively, explained by main effects (Table S17). This highlights the
central role of epistasis, especially in BPH. To evaluate how
heterosis-associated QTNs influence trait phenotypes, we con-
structed a genome-wide epistasis model incorporating all detected
QTNs and estimated interaction effects using empirical Bayes
methods [43]. Notably, the number of significant QQIs substan-
tially exceeded that of significant main-effect QTNs for all seven
traits (P < 0.01; Table S18), indicating that epistatic interactions
constitute the primary mechanism through which heterosis QTNs
affect phenotypic variation. This further underscores the impor-
tance of genetic background compatibility between parental lines.
Variance component analysis reinforced these findings, showing
that epistasis, especially additive-by-additive (aa) and dominant-
by-dominant (dd) interactions, explained the largest proportion
of genetic variance for all traits (Table S19). GO annotation analysis
was subsequently performed using genes located near QQIs. Three
GO terms were significantly enriched (P < 0.05), including man-
ganese ion binding, cell wall, and apoplast (Table S20). These func-
tional categories are closely associated with photosynthesis,
biomass accumulation, and intercellular transport, suggesting that
these QQIs in maize are involved in the coordinated regulation of
nutrient utilization, cell expansion, and physiological robustness.
Thus, epistasis emerges as the most important genetic component
underlying heterosis in the maize NCII breeding population.

Integrative framework for robust candidate gene prioritization in
heterosis

To further strengthen the reliability of the 101 candidate genes,
we referenced three independent transcriptomic maize heterosis
datasets. First, Zhou et al. [62] identified allele-specific expressed
genes in multiple hybrid combinations. Of these, 52 overlapped
with our results and included Zm00001eb080510 and Zm00001e-
b215710. Second, Shi et al. [63] performed RNA-seq analysis on
2-4 mm immature maize ears to explore the transcriptional basis
of heterosis. Of their differentially expressed candidate genes, ten
overlapped with our results and included Zm00001eb080510,
which further supports their regulatory potential. Third, Hu et al.
[64] investigated heterosis-related allele-specific expression dur-
ing floret and spikelet differentiation stages, revealing 44 and 57
overlapping candidate genes, respectively (e.g., Zm00001eb298680
and Zm00001eb215710). In total, 82 of the 101 candidate genes
were independently supported by at least one external dataset,
and 52 genes were validated by two or more datasets, providing
strong cross-study evidence for their involvement in heterosis reg-
ulation (Table S21). It should be noted that the tissue types and
developmental stages of an eGWAS dataset in Pang et al. [40] were
consistent with those for five out of seven traits in this study,
except for plant height and ear height. As previously mentioned,
independent transcriptomic studies of maize heterosis at corre-
sponding developmental stages [46,62-64] and two NCII breeding
populations (in 2019 and 2023) repeatedly identified the afore-
mentioned 101 candidate genes, which may be involved in the
conserved regulatory processes associated with heterosis.

More importantly, we analyzed RNA-seq data from stem tissue at
the V6 stage and ear tissue at the R2 stage in parental lines exhibiting
significant variation in GCA. For plant height and ear height, correla-
tions between gene expression level and GCA were calculated using
stem RNA-seq data at the V6 stage, whereas ear RNA-seq data at the
R2 stage were used for the remaining traits. Twelve candidate genes
showed significant expression-GCA correlations, exemplified by
Zm00001eb177560 (r = 0.9982, P = 0.038), suggesting their potential
regulatory roles in hybrid performance (Table S22).

It should be noted that although differential expression analysis
was performed using publicly available RNA-seq data from Luo
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et al. [46], these transcriptomic results were intended to provide
auxiliary support rather than serve as a primary criterion for can-
didate gene identification. Increasing evidence indicates that
heterosis is governed by complex genetic mechanisms, in which
heterosis-associated loci do not necessarily exhibit consistent dif-
ferential expression across tissues or developmental stages, partic-
ularly when regulatory variation, epistasis, or post-transcriptional
regulation is involved.

The candidate genes were prioritized based on a series of com-
prehensive analyses conducted in this study. Their identification
primarily relied on consistent associations between haplotypes
and heterosis observed across two NCII breeding populations. This
was further supported by functional annotation of the genes,
orthology with rice, analysis of genetic diversity, previous studies,
and multi omics integration. Together, these lines of evidence con-
stitute a robust, multi layered framework. Within this strategy,
transcriptomic data were incorporated to provide additional bio-
logical context rather than to serve as a mandatory filtering
criterion.

Conclusion

Of the 119 candidate genes identified in this study, 101 show
the robust haplotype-heterosis associations across the 2019 and
2023 NCII breeding populations; five are prioritized with relatively
enough evidence, in which three were detected by multiple envi-
ronments and populations, including HDA108, MADS3 and
Zm00001eb080510. Heterosis-related genes exert more role in off-
spring than in parents, resulting in better trait phenotypes in off-
spring than in parents, and the more superior haplotypes in
offspring result in the stronger heterosis, partially validating these
heterosis genes and explaining the genetic basis of heterosis.
Ninety-seven out of 101 candidates showed genetic diversity
(Fst > 0.2) between parent groups, together with more
haplotype-trait associations in offspring, suggesting that comple-
mentary backgrounds enable fuller gene functionality in offspring.
Furthermore, heterosis-associated QTNs predominantly influenced
trait and heterosis performances via epistasis in seven traits.

Compliance with ethics requirements

This article does not contain any studies with human or animal
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Data availability
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