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Introduction
Since its introduction from the New World to Europe by 
Columbus, Maize (Zea mays L.) has achieved global dis-
semination, emerging as the highest-yielding cereal crop 
worldwide and playing a pivotal role in global food secu-
rity [1]. To meet the growing demand under population 
growth and limited arable land, substantial and sustain-
able increases in maize production are imperative [2, 
3]. However, the recent slowdown in the growth rate of 
global maize productivity has raised concerns [4, 5]. As 
the world’s second-largest producer, China plays a critical 
role in global maize supply. Therefore, continuous genetic 
improvement of maize hybrids is essential to enhance 
yield potential and adaptability.

Under the pressures of population growth, economic 
development, and limited arable land, enhancing the 
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Abstract
Maize germplasm is fundamental for breeding progress, yet the genetic and phenotypic trajectories of China’s 
modern commercial hybrids are poorly characterized. Through whole-genome resequencing of the hybrids 
themselves—which directly represent commercially deployed varieties— and multi-trait phenotyping of 61 elite 
hybrids, we delineated two major germplasm groups: a broad-based V1 group and a V2 group dominated by 
Pioneer ancestry, with moderate genetic differentiation (Fst = 0.0555). Temporal analysis showed V1 maintained 
stable genetic diversity (π = 0.00488), while V2 exhibited a marked diversity increase in its later phase (from 
π = 0.00443 to 0.00484), indicating intensified germplasm admixture. Phenotypically, V1 achieved successful 
decoupling of the tassel dry weight–leaf length trade-off, reducing tassel size while increasing leaf length—a 
notable optimization of plant architecture. In contrast, V2 showed phenotypic stability. Our findings clarify the 
distinct roles of the two pools: V1 represents a valuable template for breaking trade-offs to coordinately improve 
architecture, whereas the V2 pool shows that its genetic base has been substantially broadened without leading 
to significant phenotypic optimization. This suggests that selection on this germplasm under current breeding 
objectives may be approaching a plateau, indicating that future substantial improvements may require the 
introduction of novel genetic variation or a shift in selection paradigms.
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yield of maize—as one of China’s primary staple crops—
has become increasingly imperative [2, 3]. China’s mod-
ern maize breeding efforts span a century, beginning 
with Zhao Lianfang’s pioneering work on hybrid breed-
ing in 1925. Subsequent milestones include Li Jingxiong’s 
development of early breakthrough hybrids like “Nongda 
3” and “Nongda 4”, the shift toward single-cross hybrids 
marked by “Xindan 1”, the widespread adoption of histor-
ically significant hybrids such as “Danyu 13” and “Yedan 
13”, and finally the broad influence of landmark modern 
varieties “Zhengdan 958” and “Xianyu 335”. This progres-
sion reflects continuous innovation in germplasm intro-
duction and breeding techniques within China [6–8].

The past two decades have witnessed a dynamic shift 
in maize breeding and varietal deployment in China. The 
widespread adoption of hybrids derived from introduced 
elite germplasm, exemplified by the commercially suc-
cessful Pioneer hybrid Xianyu 335, marked a significant 
influx of new genetic material. In more recent years, a 
parallel trend has been the commercialization of hybrids 
with less publicly traceable parental information. For 
representative varieties such as Weiyu 618, Zhengyu-
anyu 432, NK815, and Jiushenghe 2468, the parental lines 
are often not fully specified in available records, mak-
ing complete pedigree tracing challenging [9–12]. This 
trend contributes to an increasingly complex and opaque 
genetic landscape for China’s commercial maize hybrids. 
However, the precise population genetic architecture 
arising from these diverse germplasm inputs, the tempo 
and mode of their genomic interactions over time, and 
the consequent phenotypic trajectories remain system-
atically uncharted. Moreover, the perennial challenge of 
overcoming intrinsic phenotypic trade-offs continues to 
constrain coordinated trait improvement.

To address these questions, we performed an integrated 
population genomic and phenomic analysis of 61 widely 
cultivated Chinese maize hybrids, representing major 
varieties approved for commercial use between 1998 
and 2021. This approach enabled a systematic investiga-
tion that revealed: (1) the population genetic structure 
and differentiation of China’s primary maize germplasm 
pools, (2) how the genetic diversity within each pool and 
the genetic differentiation between them have changed 
over time, and (3) the long-term phenotypic trends and 
the dynamics of key trait correlations.

Materials and methods
Experimental materials
This study utilized 61 representative maize hybrids, com-
mercially approved and widely cultivated between 1998 
and 2021. These varieties were among the most exten-
sively planted in the Northeast Spring, Huang-Huai-Hai 
Summer, and Southwest Spring maize regions of China, 
including: NK815, Anzao 10, Dafeng 30, Demeiya 1/2/3, 

Denghai 11/605, Dika 159/653, Dongdan 1331, Dong-
nong 254, Heyu 25, Heyu 187, Heyu 808, Jidan 7, Jiayu 
538, Jinduyu 808, Jingke 968/999, Jingnongke 728, Jiush-
enghe 2468, Jundan 20, Liyu 16, Lianchuang 808, Liangyu 
99, Linao 1, Longdan 76, Longyu 10, Longping 206, Nen-
dan 18, Nongda 108/372, Nonghua 101, Suyu 29, Suiyu 
19/20, Tiannong 9, Tongyu 808, Wansheng 68, Weike 
702, Xianyu 335, Xiangyu 998, Xinxin 1, Yayu 889, Yufeng 
303, Yunrui 21/408/8/88/999, Zhengda 999, Zhengdan 
958, Zhengyuanyu 432, Zhongdan 808/909, Zhongke 
11, Zhongkeyu 505, Zhongnongda 787, Qiandan 15, and 
Weiyu 618. Field trials were conducted at the Shang-
zhuang Experimental Station of China Agricultural Uni-
versity during the spring seasons of 2022 and 2025. The 
2022 trial was established in two adjacent experimental 
blocks, while the 2025 trial was located in the southern 
district. For all cultivars, 15 agronomic traits—encom-
passing both in-growth and post-harvest ear/kernel char-
acteristics—were evaluated. The final dataset comprised 
observations from 23 plants per cultivar in 2022 and 10 
plants per cultivar in 2025.

Statistics of initial approval year and approval number
The approval numbers and the earliest approval years 
for the 61 hybrids were retrieved from Baidu Baike. In 
this study, the approval level and crop type within the 
approval numbers are presented in a concise English 
abbreviation format. This abbreviation system is struc-
tured as follows: the initial letter(s) denote the approval 
authority-‘GSY’ for Guoshenyu (National Approval), 
‘LSY’ for Liaoshenyu (Liaoning Approval), ‘JSY’ for Jish-
enyu (Jilin Approval), ‘HSY’ for Heishenyu (Heilongjiang 
Approval), ‘JiSY’ for Jishenyu (Hebei Approval), ‘QSY’ for 
Qianshenyu (Guizhou Approval), ‘GuSY’ for Guishenyu 
(Guangxi Approval), ‘DSYM’ for Dianshenyumi (Yunnan 
Approval), ‘NSY’ for Ningshenyu (Ningxia Approval), 
‘WPS’ for Wanpinshen (Anhui Approval), ‘JinSY’ for Jin-
shenyu (Shanxi Approval), ‘YSY’ for Yushenyu (Henan 
Approval). The subsequent approval year and serial num-
ber remain unchanged. This set of abbreviations corre-
sponds precisely to the official Chinese approval codes. 
We recorded the earliest approval year for each hybrid. 
For hybrids with multiple approval numbers, the national 
approval number was prioritized; if no national num-
ber existed, the earliest provincial approval number was 
recorded.

Phenotypic measurement methods
Fifteen phenotypic indicators were measured for maize 
plants using the following methods: Plant architecture-
related traits: Plant height (PH) was measured as the 
vertical distance from ground level to the tip of the tas-
sel using a measuring staff; ear height (EH) was mea-
sured from the ground to the node of the primary ear. 
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The maximum expanded leaf length (LL) and width (LW) 
above the primary ear were measured with a ruler. The 
leaf angle (LA) between the leaf above the ear and the 
main stem was measured with a protractor. The num-
ber of leaves above the primary ear (LAE) was counted 
manually. Ear and yield-related traits: The primary ear 
was selected. Kernel row number (KRN) was counted 
manually. Ear length (EL) was measured vertically from 
the base to the tip, and ear width (EW) was measured at 
the maximum diameter using a ruler. Hundred-kernel 
weight (HKW) was determined by weighing 100 air-
dried kernels using an electronic balance. Kernel traits: 
Typical ears from each plot at the Shangzhuang site were 
selected. Six middle-position kernels (3 per ear) were 
measured. Kernel length (KL), width (KW), and thick-
ness (KT) were measured using a digital caliper (accuracy 
0.01 mm). Tassel traits: Tassel length (TL) was measured 
linearly from the base to the tip of the main axis. Tassel 
dry weight (TDW) was measured using an electronic bal-
ance after samples were oven-dried to a constant weight.

Analysis of phenotypic trends and correlations
Phenotypic data analysis was performed in R (version 
4.3.1) (https://www.R-project.org/) using the ​f​o​l​l​o​w​i​n​
g packages: ggplot2 (v3.5.2) [13], GGally (v2.2.1) [14], 
stringr (v1.5.1) [15], rlang (v1.1.4) [16], dplyr (v1.1.4) [17], 
tidyr (v1.3.1) [18], readr (v2.1.5) [19], lme4 (v1.1-35) [20], 
and lmerTest (v3.1-3) [21].

To account for environmental variation across planting 
years (2022 and 2025), we estimated best linear unbiased 
predictions (BLUP) for each hybrid using mixed linear 
models. For each phenotypic trait, we fitted the following 
model using the ‘lmer’ function from the lme4 package:

‘Trait ~ Planting_Year + (1 | Hybrid)’.
where ‘Planting_Year’ was treated as a fixed effect to 

account for year-to-year environmental variation, and 
`Hybrid` was treated as a random effect. The model was 
fitted using restricted maximum likelihood (REML). The 
random effect estimates (BLUPs) for each hybrid were 
extracted and used as the adjusted genotypic values for 
all downstream analyses.

To examine phenotypic changes over the breed-
ing period, we regressed the BLUP values of each trait 
against the hybrid approval year (ranging from 1998 to 
2021). For each trait, we fitted a linear regression model 
using the ‘lm’ function in R:

‘BLUP ~ Approval_year’.
where ‘BLUP’ represents the BLUP-adjusted genotypic 

value of a given hybrid, and ‘Approval_year’ denotes the 
earliest approval year of that hybrid. For each trait, we 
extracted the regression coefficient (slope) as an indica-
tor of the rate of phenotypic change per year, the Pear-
son correlation coefficient (r) between BLUP value and 
approval year, and the associated p-value to evaluate 

statistical significance. The analysis was performed sepa-
rately for the two subpopulations (V1 and V2) identified 
by population structure analysis to account for poten-
tial differences in breeding trajectories. Temporal trends 
were visualized as scatter plots with fitted regression 
lines and 95% confidence intervals using ggplot2, where 
each point represents an individual hybrid, and the x-axis 
represents the approval year. For each plot, the Pearson 
correlation coefficient (r) and p-value were displayed as 
annotations.

After obtaining BLUP values for each hybrid, traits 
were categorized into two groups: plant architecture-
related traits (PH, EH, LL, LW, LA, LAE, TL, TDW) and 
yield-related traits (EL, EW, KRN, HKW, KL, KW, KT). 
Pairwise Pearson correlation coefficients (r) and their 
statistical significance (p-values) were computed within 
each trait group using the BLUP values. Correlation 
matrices were visualized as combined scatter-correlation 
plots using the ‘ggpairs’ function from the GGally pack-
age, with correlation coefficients displayed in the upper 
triangle (accompanied by significance levels: *** for 
p < 0.001, ** for p < 0.01, * for p < 0.05, ns for p ≥ 0.05), scat-
ter plots with fitted regression lines in the lower triangle, 
and density distributions on the diagonal.

To minimize potential bias caused by geo-adaptive 
differences between the two germplasm groups, we 
restricted the temporal trend analysis (Sect.  3.5) to vari-
eties that are exclusively adapted to the Northern Spring 
Corn Region, the Huang-Huai-Hai Summer Corn Region, 
or the Northwest Irrigated Corn Region. Specifically, a 
variety was included if it was suitable for cultivation in at 
least one of these three regions and was not suitable for 
cultivation in the Southwestern Mountain Corn Region 
or the Southern Hilly Corn Region. This definition 
excludes varieties with broad ecological adaptability that 
span both northern and southern regions, ensuring that 
the selected subset shares similar ecological conditions 
(e.g., accumulated temperature, growing season length, 
and photoperiod). This approach minimizes the con-
founding effects of inherent adaptive divergence between 
groups and ensures that observed phenotype–year rela-
tionships reflect genuine breeding trends within the same 
target ecoregion. Following this definition, the selected 
subset comprised 26 V1 varieties and 16 V2 varieties.

DNA extraction, library construction, and sequencing
At the seedling stage, healthy plants per hybrid were 
selected, and fresh leaf samples (6–7 cm) were col-
lected, flash-frozen in liquid nitrogen, and stored at 
-80 °C. Genomic DNA was extracted using the CTAB 
method [22, 23]. The specific protocol was as follows: (1) 
Add 7.5 mL CTAB extraction buffer (containing 15 µL 
β-mercaptoethanol) to a 50 mL centrifuge tube. Grind 
frozen leaf tissue in a pre-cooled mortar with liquid 

https://www.R-project.org/
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nitrogen to a fine powder and transfer to the lysis buf-
fer. (2) Incubate at 65 °C for 30 min, vortexing every 10 
min. After equilibrating to room temperature, add chlo-
roform to a final volume of 15 mL, mix thoroughly, and 
centrifuge at 4000 rpm for 20 min. (3) Transfer 6–7 mL 
of the upper aqueous phase to a new tube. After a sec-
ond chloroform purification, adjust the volume to 10 mL 
and perform phase separation under the same centrifu-
gation conditions. (4) Transfer 750 µL of the upper aque-
ous phase to a 2 mL microcentrifuge tube, add an equal 
volume of isopropanol to precipitate nucleic acids, incu-
bate at -20 °C for 30 min, then centrifuge at 12,000 rpm 
for 10 min to pellet the DNA. Wash the pellet twice with 
75% ethanol (12,000 rpm, 10 min each), air-dry at room 
temperature, and dissolve the DNA in 50 µL of ultra-pure 
water. (5) Quality control: Measure DNA concentration 
using 2 µL. Assess DNA quality by 1% agarose gel elec-
trophoresis (mixing 4 µL DNA with 1 µL 6× loading buf-
fer). Samples passing quality control were used for library 
construction and paired-end sequencing (2 × 150 bp) on 
the MGI DNBSEQ-T7 platform.

Genomic data basic analysis
Approximately 40 Gb of sequencing data was obtained 
per hybrid. Bioinformatics analysis was performed based 
on the maize Zea mays B73 RefGen_v5 reference genome 
(Zm-B73-REFERENCE-NAM-5.0), which was down-
loaded from Ensembl Plants ​(​​​h​t​t​p​s​:​/​/​p​l​a​n​t​s​.​e​n​s​e​m​b​l​.​o​r​
g​​​​​) at the FTP address: ​h​t​t​p​​s​:​/​​/​f​t​p​​.​e​​n​s​e​​m​b​l​​g​e​n​o​​m​e​​s​.​e​​b​i​.​​
a​c​.​u​​k​/​​p​u​b​​/​p​l​​a​n​t​s​​/​r​​e​l​e​​a​s​e​​-​6​2​/​​f​a​​s​t​a​​/​z​e​​a​_​m​a​​y​s​​/​d​n​​a​/​Z​​e​a​_​
m​​a​y​​s​.​Z​​m​-​B​​7​3​-​R​​E​F​​E​R​E​​N​C​E​​-​N​A​M​​-​5​​.​0​.​d​n​a​.​t​o​p​l​e​v​e​l​.​f​a​.​g​
z. The analysis pipeline was deployed on our laboratory 
server and the High-Performance Computing cluster of 
China Agricultural University. Specific steps included: (1) 
Quality trimming of raw FASTQ files using Sickle (v1.33) 
[24], truncating low-quality bases (Phred score < 20) 
and removing short sequences (< 50 bp). (2) Alignment 
of sequencing reads to the reference genome using the 
BWA-MEM algorithm (v0.7.17-r1188) [25], generating 
SAM files. (3) Format conversion and coordinate sorting 
of SAM files to BAM files using SAMtools (v1.12) [26]. 
(4) Marking PCR duplicates and rebuilding BAM indexes 
using Picard (v3.0.0) MarkDuplicates and BuildBamIn-
dex. (5) Variant calling using GATK (v4.4.0.0) [27] Hap-
lotypeCaller module with GVCF output, followed by 
joint genotyping using GenotypeGVCFs to produce a 
VCF file. (6) Extraction of SNP sets using GATK Select-
Variants. To obtain high-quality variants, we filtered out 
those meeting any of the following criteria: QUAL < 30.0, 
MQ < 40.0, FS > 60.0, SOR > 3.0, MQRankSum < -12.5, 
ReadPosRankSum < -8.0. (7) Standard population genet-
ics filtering using PLINK (v1.90b6.20) [28] to remove 
variants with: minor allele frequency (MAF) < 0.05, gen-
otype missing rate > 0.1, Hardy-Weinberg equilibrium P 

< 1 × 10−⁶, and sample missing rate > 0.2. The final data-
set was converted to binary BED format for downstream 
analysis, resulting in 39,179,346 high-quality SNPs. The 
raw sequence data generated in this study have been 
deposited in the Genome Sequence Archive (GSA) at 
the National Genomics Data Center (NGDC) under the 
accession number CRA038291, which is publicly acces-
sible at ​h​t​t​p​​s​:​/​​/​n​g​d​​c​.​​c​n​c​​b​.​a​​c​.​c​n​​/​g​​s​a​/​​b​r​o​​w​s​e​/​​C​R​​A​0​3​8​2​9​
1[29, 30].

Population genetic structure, principal component analysis 
and kinship analysis
Based on the binary BED format genotype data, Bayesian 
clustering analysis was performed using ADMIXTURE 
(v1.3.0) [31] for K = 1 to K = 10. Population struc-
ture visualization was achieved by integrating numpy 
(v1.21.6) [32], pandas (v1.3.5) (​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​5​2​8​1​​/​z​​
e​n​o​d​o​.​1​7​2​2​9​9​3​4), matplotlib (v3.5.3) [33] with its ​p​y​p​l​o​
t​/​g​r​i​d​s​p​e​c modules, and the hierarchical clustering func-
tion from scipy (v1.7.3) [34] in a Python3 (v3.6.8) ​(​​​h​t​t​p​s​:​
/​/​d​o​c​s​.​p​y​t​h​o​n​.​o​r​g​/​3​/​​​​​) environment. The cross-validation 
error curve for selecting the optimal K was plotted using 
seaborn (v0.12.2) [35] and glob (v0.7) ​(​​​h​t​t​p​s​:​/​/​d​o​c​s​.​p​y​t​h​
o​n​.​o​r​g​/​3​/​​​​​)​. A genetic relationship matrix was calculated 
using PLINK, and the first 20 principal components were 
extracted (eigenvec file). A two-dimensional PCA scatter 
plot was constructed in R (v4.3.1) ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​R​-​p​r​o​j​e​
c​t​.​o​r​g​/​​​​​) using ggplot2 (v3.5.2), ggrepel (v0.9.6) [36], and 
RColorBrewer (v1.1.3) [37], with subgroups V1 and V2 
color-coded. A kinship matrix was calculated by PLINK 
using the genome-wide kinship coefficient (genome file). 
A heatmap was generated using the pheatmap (v1.0.13) 
[38], reshape2 (v1.4.4) [39], grid (v4.3.1) ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​R​
-​p​r​o​j​e​c​t​.​o​r​g​/​​​​​)​, and RColorBrewer (v1.1.3) packages in R, 
with subgroups V1 and V2 color-coded.

All population genetic analyses were performed using 
diploid genotype calls that retained the natural hetero-
zygous state of the F1 maize hybrids. No modification, 
filtering, or conversion of heterozygous sites was per-
formed; heterozygous genotypes were directly retained 
in the variant calling format (VCF) and processed using 
standard parameters for diploid data in all software tools. 
For PCA, principal component analysis was performed 
using PLINK (v1.90b6.20) with the ‘--pca’ option, which 
internally encodes genotypes as the number of alterna-
tive alleles (0 = homozygous reference, 1 = heterozygous, 
2 = homozygous alternative). For ADMIXTURE, popu-
lation structure analysis was performed using ADMIX-
TURE (v1.3.0) with the binary BED format generated by 
PLINK, which retains heterozygous genotypes (coded as 
2 in the .bed file), and ADMIXTURE was run under its 
default diploid mode. For kinship analysis, PLINK with 
the ‘--genome’ option was used, which estimates IBD 
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coefficients using the observed allele frequencies and 
accounts for heterozygosity in the calculation.

Fixation index (Fst) and nucleotide diversity (π) analysis
We employed population genetics methods to quan-
tify genomic differentiation and nucleotide diversity. 
First, based on the previously obtained BED format 
genotype file, PLINK (v1.9) was used for format con-
version to generate a standard VCF file. Subsequently, 
VCFtools (v0.1.16) [40] was used to calculate Fst based 
on the Weir-Cockerham method, assessing the level of 
genetic differentiation between groups. To visually rep-
resent genomic differentiation patterns, a genome-wide 
Fst Manhattan plot was constructed using the Python3 
environment (pandas, numpy libraries) with matplotlib 
(v3.5.3) for visualization, specifically using the matplot-
lib.pyplot module and a LinearSegmentedColormap for 
custom color mapping. For nucleotide diversity analysis, 
the π statistic was calculated using VCFtools to charac-
terize the level of genetic polymorphism within groups. 
Finally, the distribution of π values was statistically ana-
lyzed and visualized using the R platform (tidyverse 2.0.0, 
patchwork 1.3.0, RColorBrewer 1.1.3, and scales 1.4.0 
packages) [41, 42], integrating multi-dimensional visual 
elements for comprehensive result presentation.

For Fst analysis, we used VCFtools (v0.1.16) with the 
`--weir-fst-pop` option, which directly accounts for het-
erozygosity by incorporating observed heterozygote 
frequencies into the variance components. The interpre-
tation of Fst values followed the criteria originally pro-
posed by Wright (1978) [43] and subsequently adopted 
by Hartl and Clark (1997) [44] and Suarez-Kurtz and 
de Araújo (2022) [45], where Fst < 0.05 indicates little 
genetic differentiation, 0.05–0.15 indicates moderate dif-
ferentiation, 0.15–0.25 indicates great differentiation, and 
> 0.25 indicates very great differentiation. For nucleotide 
diversity (π) analysis, we used VCFtools with the `--win-
dow-pi` option, which calculates π as the average num-
ber of pairwise differences per site across all individuals 
in the population, naturally incorporating heterozygous 
sites into the calculation.

Results
Population genetic structure delineates two major 
germplasm groups
Population structure analysis of the 61 major Chinese 
maize hybrids using ADMIXTURE showed the low-
est cross-validation error at K = 2 (CV error = 0.43785), 
indicating that the genetic structure is most significantly 
divided into two ancestral groups (Fig. 1-A).

This division was further supported by ancestry coef-
ficients: 37.7% (23 hybrids) showed high genetic differ-
entiation with a Q-value exceeding 0.9 for one ancestral 
group. For instance, 11 hybrids, including Zhengdan 

958, Yayu 889, and Zhongke 11, had Q-values > 0.9999 
for ancestral group I (Cluster I); six hybrids, including 
Xianyu 335, Xiangyu 998, and Dafeng 30, were strongly 
biased towards ancestral group II (Cluster II). The 
remaining 62.3% (38 hybrids) exhibited varying degrees 
of genetic admixture (Q-values between 0.5 and 0.9). 
Examples include Zhongnongda 787 (Cluster I Q = 0.682), 
Heyu 25 (Cluster I Q = 0.687), and Jiayu 538 (Cluster II 
Q = 0.687), showing moderate admixture; hybrids like 
Qiandan 15, Zhengyuanyu 432, and Jingke 968 displayed 
nearly equal genetic backgrounds (Q-value ~ 0.5), sug-
gesting historical gene flow between subgroups (Fig.  1-
B). Using a Q-value threshold of 0.5, the population was 
divided into V1 (corresponding to Cluster I, 43 hybrids) 
and V2 (corresponding to Cluster II, 18 hybrids) for sub-
sequent analysis.

For analysis, we compiled information on 61 hybrids, 
including name, parental lines, population classification, 
year of first registration, and primary registration num-
ber, sorted by year of first registration (Supplementary 
Table 1). The V1 group is based primarily on Huanggai 
lines (e.g., Chang 7 − 2) and improved Reid germplasm 
(e.g., Zheng 58), incorporating resources from tropical, 
European, and U.S. backgrounds. The V2 group origi-
nated with Xianyu 335, registered in 2004. Parents in this 
group mainly trace to Pioneer germplasms PH4CV and 
PH6WC, as well as materials derived from them, such as 
the X-line X1132X (PH4CV × PH6WC). V2 also includes 
parents like JCD122BRDan15 - a parent of Zhengyu-
anyu 432—which was developed from a double-cross 
hybrid using Xianyu 696 (female parent PH6WC, male 
parent PHB1M) as the female and Dika 517 as the male, 
followed by two generations of selfing. It is noteworthy 
that the clarity of parental origins varied over time. For 
varieties registered particularly after 2016, such as Wan-
sheng 68, Heyu 187, and Jingke 999, one or both parents 
were often recorded as “company-bred lines” or “materi-
als introduced from abroad,” making complete pedigree 
tracing more challenging compared to earlier releases.

Germplasm divergence, spatial distribution, and genetic 
convergence
Combining population structure (K = 2) with varietal 
planting regions, we generated a composite pie chart 
(Fig. 2-A) integrating group classification with all suitable 
cultivation areas.

The percentages represent the proportion of varieties 
within each group adapted to each region, calculated as 
the number of varieties in V1 or V2 suitable for a given 
region divided by the total number of varieties in the 
corresponding group (43 for V1, 18 for V2). Due to the 
broad adaptability of some hybrids, a single variety may 
be suitable for multiple ecological regions, resulting in 
percentages that sum to more than 100% across regions. 
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As shown in Fig. 2-A, the V1 group demonstrates broad 
ecological adaptability. It accounts for 51.2% (22 varieties) 
in the Northern Spring Corn Region, 44.2% (19 varieties) 
in the Huang-Huai-Hai Summer Corn Region, and 16.3%, 
32.6%, and 9.3% in the Northwest, Southwest, and South-
ern regions, respectively. Representative varieties such as 
Nongda 108 and Liyu 16 are adapted to multiple major 
production regions. In contrast, the V2 group (18 vari-
eties), characterized by its prevalent Pioneer (PH4CV/
PH6WC) ancestry, exhibits a more concentrated distri-
bution. It is predominantly planted in the Huang-Huai-
Hai region (88.9%, 16 varieties) and the Northern Spring 
Corn Region (55.6%, 10 varieties), with minimal presence 
in the Northwest, Southwest, and Southern regions. This 
distribution aligns with the ecological adaptation of its 
core germplasm, which is optimized for conditions simi-
lar to the U.S. Corn Belt.

In the PC1-PC2 genetic space (cumulative variance 
explained: 27.0%), the V1 (dark green) and V2 (dark 
orange) groups form a V-shaped distribution, reflecting 
their distinct breeding trajectories over time (Fig.  2-B). 
Early V1 varieties (approved 1998–2009) are scattered 

across the genetic space: for example, Nongda 108 (0.049, 
0.122) and Zhengdan 958 (0.195, -0.333) lie at oppo-
site ends of the PC2 axis, illustrating the diverse use of 
germplasm prior to the widespread adoption of Pioneer 
materials. The registration of Xianyu 335 (-0.282, -0.015) 
in 2004 introduced a variety positioned at the nega-
tive extreme of PC1. Subsequent breeding efforts led to 
an expansion of genetic resources and diversification of 
parental origins, which gradually blurred the genetic 
boundaries between the two major germplasm groups. 
This is exemplified by varieties such as Jingke 968 (-0.088, 
-0.181) and Denghai 605 (-0.148, 0.023), which reflect 
recombination between Pioneer and local (or other 
exotic) germplasm. In varieties registered after 2016, 
this blurring of genetic boundaries became more pro-
nounced, as seen in the positions of Weiyu 618 (-0.105, 
-0.060) and Zhengyuanyu 432 (-0.089, 0.056).

Based on kinship parameters (PI_HAT and DST), the 
populations were further divided into five subgroups 
(Fig.  2-C). These include the Core Pioneer-derived 
subgroup (Xianyu 335-Dafeng 30, PI_HAT = 0.73, 
DST = 0.93) and the Pioneer-introgressed subgroup (e.g., 
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Fig. 1  Population genetic structure analysis of maize hybrids. A Determination of optimal ancestral population number (K) by cross-validation. B Genetic 
structure distribution of 61 varieties at K = 2: green indicates Cluster I, yellow indicates Cluster II
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NK815-Jingnongke 728, PI_HAT = 0.45, DST = 0.86). The 
Core Pioneer-derived subgroup consists entirely of V2 
varieties, centered on Pioneer germplasm such as PH4CV 
and PH6WC. The Pioneer-introgressed subgroup, also 
composed of V2 varieties, shows initial blurring of 
boundaries with V1, reflecting extensive incorporation of 
non-Pioneer germplasm—particularly through lineages 
such as X1132X. The Transitional subgroup (e.g., Zhon-
gnongda 787-Jingke 999, PI_HAT = 0.41, DST = 0.85) 
includes varieties located at the interface between V1 
and V2 in the PCA plot, comprising accessions from 
both groups. Two additional subgroups belong to 
V1: the Huanggai Core (Zhengdan 958-Zhongke 11, 
PI_HAT = 0.72, DST = 0.93) and the Complex Genetic 
Background subgroup (e.g., Demeiya 1-Demeiya 2, 
PI_HAT = 0.31, DST = 0.83). This kinship structure cor-
roborates the genetic distribution observed in PCA and 
illustrates a clear temporal pattern of genetic conver-
gence between the two germplasm groups.

Temporal dynamics of genetic differentiation between V1 
and V2 groups
Analysis of genetic differentiation index (Fst) between 
groups revealed a value of 0.0555 (CV = 0.505) between 
V1 and V2, exceeding the threshold for moderate genetic 
differentiation (Fst = 0.05) defined by Wright (1978) 
(Fig. 3-A).

The coefficient of variation (CV = 0.505) indicates het-
erogeneity in Fst across the genome, suggesting that 
genetic differentiation between V1 and V2 is not uni-
formly distributed. To investigate temporal changes, we 
subdivided the groups based on the year of registration 
into early (pre-2015; designated V1-1 and V2-1) and 
late (post-2016; designated V1-2 and V2-2) subgroups. 
The Fst between the early subgroups V1-1 and V2-1 
was 0.0654 (CV = 0.529), while that between V1-2 and 
V2-1 was 0.0611 (CV = 0.727), also indicating moder-
ate to marked differentiation (Fig.  3-B-C). The elevated 
CV values (0.529 and 0.727) reflect increased genomic 
heterogeneity in these comparisons, suggesting that dif-
ferentiation varies across the genome. Notably, Fst val-
ues between the late subgroup V2-2 and both V1-1 and 
V1-2 dropped to 0.0244 (CV = 1.2) and 0.0141 (CV = 2.9), 
respectively (Fig.  3-D-E). According to Wright (1978), 
these values fall below the 0.05 threshold, indicating little 
genetic differentiation. The high CV values (1.2 and 2.9) 
indicate that while genome-wide differentiation is low, 

the degree of differentiation varies considerably across 
genomic regions. Within the V1 group, differentiation 
between temporal subgroups was minimal (V1-1 vs. V1-2 
Fst = 0.0006), reflecting its structural stability over time 
(Fig.  3-F). In contrast, the V2 group showed an inter-
nal Fst of 0.0158 (CV = 2.11) between its early and late 
subgroups, indicating increased genetic variation in the 
later period (Fig. 3-G). The high CV (2.11) in this within-
group comparison suggests that the increased genetic 
diversity in late V2 is not uniformly distributed across 
the genome. Overall, moderate to marked genetic differ-
entiation was primarily observed between the early V2 
subgroup (V2-1) and both the V1 group and the late V2 
subgroup (V2-2). This temporal pattern suggests that the 
high proportion of Pioneer germplasm in V2-1 may have 
contributed to a distinct genetic identity during the early 
period, whereas subsequent germplasm admixture after 
2016 may have contributed to the reduced differentiation 
observed between V2-2 and the V1 groups.

Temporal shifts in nucleotide diversity within V1 and V2 
groups
Genome-wide nucleotide diversity (π) analysis revealed 
higher overall diversity in the V1 group (π = 0.00488) with 
a stable coefficient of variation (CV = 0.42) (Fig. 4-A).

The relatively low CV value indicates that genetic 
diversity is distributed relatively evenly across the 
genome in this group. Genetic diversity within each V1 
subgroup remained consistent between the early (pre-
2015) and late (post-2016) periods (V1-1: π = 0.00488, 
CV = 0.42; V1-2: π = 0.00490, CV = 0.43), reflecting its sta-
ble genetic structure over time (Fig. 4-C-D). In contrast, 
the V2 group showed lower overall diversity (π = 0.00454, 
CV = 0.429), particularly in its early phase (V2-1: 
π = 0.00443, CV = 0.436). A notable increase in diver-
sity was observed in the later phase (V2-2: π = 0.00484, 
CV = 0.438), with a maximum π value reaching 0.018482, 
indicating enhanced nucleotide diversity through multi-
source recombination (Fig.  4-B, E-F). The CV values 
in V2 remain moderate (0.429–0.438), suggesting that 
the increased diversity is distributed across the genome 
rather than concentrated in specific regions. These find-
ings demonstrate a clear temporal contrast: while the V1 
group maintained stable diversity with even genomic dis-
tribution, the V2 group underwent a notable expansion 
of its genetic diversity in the later period, consistent with 
increased germplasm admixture. The stable CV values in 

(See figure on previous page.)
Fig. 2  Population differentiation and admixture characteristics of maize hybrid germplasm resources. A Geographical distribution of the two major ge-
netic groups (V1 and V2) across China’s principal maize production regions. Pie charts show the proportion of varieties within each group that are adapted 
to each region, calculated as the number of varieties in V1 or V2 adapted to the region divided by the total number of varieties within the corresponding 
group (43 for V1, 18 for V2). Due to the broad adaptability of some hybrids, a single variety may be suitable for multiple ecological regions, causing the 
percentages across regions to sum to more than 100%. B Topological configuration of V1 (dark green) and V2 (dark orange) groups in PC1-PC2 genetic 
space (27.0% cumulative variance explained). C Heatmap of population genetic structure based on kinship parameters (PI_HAT/DST), where hierarchical 
clustering delineates the two major groups (V1: dark green, V2: dark orange)
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V2 further suggest that this expansion occurred broadly 
across the genome, reflecting the introduction of genetic 
material from diverse sources.

Phenotypic trends under policy influence
To elucidate long-term trends in breeding selection, we 
assessed 15 plant architecture and yield-related traits 
across 61 major cultivars over the 2022 and 2025 grow-
ing seasons. Best Linear Unbiased Prediction (BLUP) 
was applied to integrate the two-year phenotypic data, 
generating stabilized genetic potential estimates for each 
cultivar. These BLUP values were then subjected to linear 
regression against the year of variety registration (Figs. 5-
A-H and 6-A-G).

To minimize potential bias caused by geo-adaptive 
differences between the two groups (V2 varieties are 
predominantly adapted to northern regions, while 

V1 varieties have broader ecological distribution), we 
restricted the temporal trend analysis to varieties suitable 
for cultivation exclusively in the Northern Spring Corn 
Region, the Huang-Huai-Hai Summer Corn Region, 
or the Northwest Irrigated Corn Region, and not suit-
able for cultivation in the Southwestern Mountain Corn 
Region or the Southern Hilly Corn Region. Following this 
definition, the selected subset comprised 26 V1 varieties 
and 16 V2 varieties. This approach ensures that observed 
phenotype–year relationships reflect genuine breed-
ing trends within the same target ecoregion rather than 
inherent adaptive divergence between groups.

Among plant architecture traits in the V1 group, tassel 
dry weight significantly decreased (r = -0.447, p = 0.022), 
while leaf length increased (r = 0.52, p = 0.006) over reg-
istration years. This coordinated shift suggests a system-
atic optimization of plant architecture, likely favoring 

Fig. 3  Genetic differentiation characteristics of V1 and V2 populations. A Distribution of Fst between V1 and V2 populations (Fst = 0.0555, coefficient 
of variation CV = 0.505). B-E Comparisons of Fst values across subpopulations from distinct periods (V1-1 vs. V2-1: Fst = 0.0654, CV = 0.529; V1-2 vs.V2-1: 
Fst = 0.0611, CV = 0.727; V1-1 vs. V2-2: Fst = 0.0244, CV = 1.2; V1-2 vs. V2-2: Fst = 0.0141, CV = 2.9). F-G Analysis of within-group variation coefficients for V1 
and V2 populations (V1-1 vs. V1-2: Fst = 0.0006, CV = 32.17; V2-1 vs. V2-2: Fst = 0.0158, CV = 2.11)
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Fig. 4  Genome-wide nucleotide diversity (π) in V1 and V2 groups. Analyzed with 100-kb sliding windows (50-kb step size). A Genome-wide π distribution 
landscape in V1 group. B Genome-wide π distribution landscape in V2 group. C Subgroup-specific π distribution in V1-1. D Subgroup-specific π distribu-
tion in V1-2. E Subgroup-specific π distribution in V2-1. F Subgroup-specific π distribution in V2-2
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improved light interception and resource allocation 
efficiency (Fig.  5-D, H). For grain traits, kernel width 
decreased (r = -0.466, p = 0.016), indicating more com-
pact grain arrangement, though other yield-related traits 
showed no significant trends. In contrast, the V2 group 
exhibited no significant temporal trends in any mea-
sured traits, reflecting phenotypic stability since its initial 
introduction. This phenotypic contrast suggests that the 
diverse V1 germplasm pool exhibited greater responsive-
ness to long-term breeding selection for architectural 
traits, while the V2 group maintained a stable phenotype 
throughout the period studied.

Analysis of phenotypic correlations and the decoupling of 
trait trade-offs
We applied the BLUP method to integrate phenotypic 
data from the 2022 and 2025 growing seasons, followed 
by separate phenotypic correlation analyses for plant 
architecture and yield-related traits. For plant architec-
ture traits, plant height and ear height showed a strong 

positive correlation (r = 0.88). Both traits were also highly 
positively correlated with leaf length and tassel dry 
weight (r = 0.56–0.75), and moderately correlated with 
the number of leaves above the ear, leaf width, and tas-
sel length (r = 0.31–0.51), but only weakly correlated with 
leaf angle. Other significant positive correlations were 
observed between the number of leaves above the ear 
and leaf length/leaf width, leaf length and tassel length/
tassel dry weight, leaf width and tassel dry weight, leaf 
angle and tassel length, as well as tassel length and tas-
sel dry weight, with coefficients ranging from 0.27 to 0.47 
(Fig. 7-A).

For yield-related traits, the number of kernel rows per 
ear was strongly positively correlated with kernel width 
(r = 0.63). Hundred-kernel weight was positively corre-
lated with kernel length and kernel width (r = 0.64 and 
0.43, respectively). Ear width was also positively corre-
lated with kernel length (r = 0.50). Additional significant 
positive correlations were detected between ear length 
and ear width/number of kernel rows, ear width and 
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hundred-kernel weight, kernel length and number of ker-
nel rows, and kernel width and hundred-kernel weight, 
with coefficients ranging from 0.29 to 0.43. In contrast, 
kernel width showed a strong negative correlation with 
the number of kernel rows (r = -0.53), and ear width was 
negatively correlated with kernel thickness (r = -0.27) 
(Fig. 7-B).

Critically, within the V1 group, we observed a coor-
dinated change that defied a major phenotypic corre-
lation: against the background of a significant positive 
correlation between tassel dry weight (TDW) and leaf 
length (LL) (r = 0.37, p < 0.001), modern breeding has 
successfully achieved a decrease in TDW coupled with 
an increase in LL over registration years (Fig. 7-A). This 
decoupling of a key trait trade-off indicates a break-
through in the optimization of plant architecture, sug-
gesting a strategic reassignment of photosynthetic 
products. In contrast, the V2 group, despite its increased 
genetic diversity in the later period (Sect.   3.4), main-
tained stable inter-trait relationships with no significant 
shifts in the correlated traits over time. This absence of 

temporal change within the existing correlation frame-
work is consistent with the overall phenotypic stability 
observed in V2 (Sect.  3.5).

Discussion
Genetic architecture and evolutionary trajectories of major 
maize germplasm pools in China
Our integrated genomic analysis delineates two princi-
pal germplasm pools, V1 and V2, which form the genetic 
foundation of China’s elite maize hybrids. The significant 
genetic differentiation (Fst = 0.0555) between them con-
firms they represent distinct evolutionary lineages. The 
V1 pool is characterized by a broad genetic base, amal-
gamating domestic landraces (e.g., Huanggai), improved 
Reid germplasm, and diverse exotic non-Pioneer 
resources [46]. This composition reflects a century-long 
breeding history of introgressing and adapting global 
germplasm for local production systems. In contrast, 
the V2 pool is predominantly derived from a specific 
stream of U.S. Pioneer germplasm (PH4CV/PH6WC), 
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introduced and widely disseminated following the com-
mercial success of the hybrid Xianyu 335 in the early 
2000s [47].

Beyond characterizing this static structure, our tem-
poral analysis revealed a dynamic process of genetic 
convergence. The significant reduction in genetic differ-
entiation between V1 and V2 over time, coupled with a 
marked increase in nucleotide diversity within V2 in its 
later phase, is consistent with active and ongoing germ-
plasm admixture. This blurring of genetic boundaries 
is likely a consequence of strategic breeding efforts to 
introgress favorable alleles from the diverse V1 pool into 
the high-performing V2 background, and vice versa, to 
broaden adaptation and mitigate genetic vulnerability. 
Beyond characterizing this static structure, our temporal 
analysis revealed a dynamic process of genetic conver-
gence. The significant reduction in genetic differentiation 
between V1 and V2 over time, coupled with a marked 
increase in nucleotide diversity within V2 in its later 
phase, is consistent with active and ongoing germplasm 
admixture. This blurring of genetic boundaries is likely 
a consequence of strategic breeding efforts to introgress 
favorable alleles from the diverse V1 pool into the high-
performing V2 background, and vice versa, to broaden 
adaptation and mitigate genetic vulnerability. This 
observed genetic convergence reflects a broader trend 
within China’s maize breeding landscape. The continuous 
expansion of germplasm resources and the diversification 
of genetic improvement approaches have progressively 
blurred the genetic boundaries between traditional het-
erotic groups, such as the Huanggai, Improved Reid, and 
the derived PA, PB, and X groups [48–52]. Our genomic 
evidence quantifies this ongoing process, demonstrating 
that the initially distinct, Pioneer-derived pool (V2) and 
the broad-based domestic pool (V1) are actively integrat-
ing. This measurable admixture is reshaping the founda-
tional genetic architecture available for future breeding 
in China.

The divergent yet intermingling trajectories of V1 and 
V2 underscore a complex breeding ecosystem in China. 
It is one where historically accumulated, diverse genetic 
resources (V1) coexist and interact with intensively 
selected, performance-driven germplasm blocks (V2). 
This interaction, evidenced by the convergence pattern, 
is not merely a passive genetic drift but likely an active 
driver of contemporary genetic gains, creating a novel 
and complex genetic landscape for future selection.

Decoupling of a key trade-off: a blueprint for ideotype 
breeding
The most significant phenotypic finding of this study 
is the successful decoupling of the positive correlation 
between tassel dry weight (TDW) and leaf length (LL) 
within the V1 germplasm pool. This represents a nota-
ble achievement in plant architecture optimization. In 
maize, tassel size and vegetative growth often compete 
for photosynthetic assimilates; a strong, positive correla-
tion between these traits typically poses a fundamental 
constraint for breeders aiming to simultaneously reduce 
unproductive tassel investment and enhance the photo-
synthetic canopy. Our results demonstrate that modern 
breeding selection within the V1 lineage has overcome 
this constraint, achieving a synergistic improvement—
reducing TDW while increasing LL.

The agronomic importance of this architectural shift 
must be understood within the context of contemporary 
Chinese maize production. Recent nationwide analyses 
confirm that increased planting density is the principal 
driver of yield gains, with the national average density 
rising significantly over the past decade [53]. Crucially, 
this study highlights that the yield response to higher 
density exhibits strong regional heterogeneity, and that 
smallholder land fragmentation presents a major barrier 
to adopting the precision management required for such 
systems [53]. This context underscores the value of our 
finding: the V1 pool does not merely offer a static “dense-
planting” ideotype, but provides a flexible genetic blue-
print for re-architecting plants.

Therefore, the V1 germplasm provides a valuable foun-
dation for “adaptive ideotype breeding.” It demonstrates 
that the complex, polygenic potential to dismantle key 
yield-limiting trade-offs resides within this historically 
cultivated Chinese germplasm. This genetic blueprint 
empowers breeders to engineer plants with optimized 
resource allocation—a trait complex critical for higher 
productivity ceilings. Crucially, this blueprint offers flex-
ibility, allowing for the development of hybrids suited 
to diverse regional conditions and management scales, 
thereby directly addressing the heterogeneous challenges 
of yield intensification in China.

Phenotypic stability amidst genetic diversification: 
implications for breeding strategy
In contrast to V1, the V2 germplasm pool presents a 
scenario of genetic expansion without phenotypic shift. 
Our data show that while V2 underwent significant 

(See figure on previous page.)
Fig. 7  Phenotypic correlation network analysis. Note: Diagonal shows univariate distribution; Lower triangle: scatter plots with regression lines; Upper 
triangle: correlation coefficients (R) with significance (*p < 0.05, **p < 0.01, ***p < 0.001). A Plant architecture traits correlation matrix Traits: Plant height 
(PH), Ear height (EH), Leaves above ear (LAE), Leaf length (LL), Leaf width (LW), Leaf angle (LA), Tassel length (TL), Tassel dry weight (TDW). Key correlation: 
TDW-LL (r = 0.37**). B Yield-related traits correlation matrix. Traits: Ear length (EL), Ear width (EW), Kernel row number (KRN), Kernel length (KL), Kernel 
width (KW), Kernel thickness (KT), Hundred-kernel weight (HKW)
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genetic diversification through introgressive blending (as 
reflected in its increased nucleotide diversity), it main-
tained phenotypic stability across all measured traits over 
time. This uncoupling suggests that under the prevailing 
breeding objectives and selection pressures, the V2 pool 
may be approaching a selection plateau for its core agro-
nomic phenotype. This interpretation is presented as a 
hypothesis that warrants further investigation.

Several alternative interpretations of the phenotypic 
stability observed in the V2 pool should be considered. 
First, this stability could reflect a genuine selection pla-
teau, where current breeding objectives have exhausted 
the additive genetic variation for yield-architecture traits 
within this germplasm. Second, it is possible that selec-
tion has been successful for other traits not measured 
in this study, such as stress tolerance, grain quality, or 
disease resistance, which may have been the primary 
targets of breeding efforts in this pool. Third, the phe-
notypic panel employed here, while comprehensive for 
agronomic architecture, may have been insufficient to 
capture more subtle or non-linear phenotypic changes 
that occurred over the study period. These alterna-
tive explanations highlight the need for complementary 
approaches, including more detailed phenotyping and 
direct assessment of breeder selection records, to fully 
understand the evolutionary trajectory of the V2 pool.

This finding aligns with and informs forward-looking 
breeding strategies. The recently proposed “Maize2035” 
vision for intelligent breeding outlines two complemen-
tary paths to break such plateaus and accelerate genetic 
gain: deep mechanistic understanding for designing spe-
cific traits, and data-driven prediction systems for com-
plex trait improvement [54]. The V2 case exemplifies 
the need for the latter. Its broadened genetic base repre-
sents a valuable reservoir of latent variation. To convert 
this variation into tangible phenotypic gains for next-
generation objectives (e.g., nutrient efficiency, climate 
resilience), future efforts may require a paradigm shift: 
leveraging large-scale, high-throughput phenotyping 
and genomic prediction models within this elite genetic 
background to identify novel trait associations and guide 
targeted selection, thereby moving beyond its current 
phenotypic equilibrium.

Strategic germplasm utilization and future breeding 
perspectives
Our analysis synthesizes a dual-pathway framework 
for strategically utilizing China’s foundational maize 
germplasm. The V1 pool serves as a validated genetic 
blueprint for targeted trait improvement, having demon-
strably broken a key architectural trade-off. This makes it 
a prime resource for knowledge-driven “design breeding” 
aimed at coordinated phenotypic innovation. In contrast, 
the V2 pool exemplifies strategic genetic diversification, 

where substantial base broadening has enhanced its 
evolutionary potential while maintaining a stable, high-
performing phenotype. However, its lack of concomitant 
phenotypic gains also signals a potential selection plateau 
for current breeding objectives, indicating that its great-
est future value may lie as a superior, diversified platform 
for integrating novel traits.

Therefore, future breeding efforts should adopt a syner-
gistic strategy leveraging these complementary roles. The 
V1 pool should be intensively mined to identify the causal 
genetic mechanisms underlying trade-off decoupling. 
Concurrently, the genetically broadened V2 pool should 
be prioritized as the premier background for targeted 
introgression of these and other novel alleles (e.g., for 
nutrient efficiency or stress resilience), catalyzing gains 
under redefined breeding objectives. This integrated 
approach provides a clear roadmap for advancing yield, 
resilience, and efficiency in Chinese maize breeding.

Limitations and future directions
While this study provides a comprehensive analysis of 
the genetic and phenotypic trajectories of China’s major 
maize hybrids, several limitations should be acknowl-
edged. First, although we identified significant pheno-
typic trends-particularly the decoupling of the tassel dry 
weight-leaf length trade-off in the V1 pool-we did not 
identify the underlying genetic variants responsible for 
this decoupling. Future studies employing quantitative 
trait locus (QTL) mapping, genome-wide association 
studies (GWAS), or selective sweep analyses are needed 
to pinpoint the causal genes or regulatory elements driv-
ing this coordinated architectural shift.

Second, our analysis focused primarily on agronomic 
architecture traits (e.g., plant height, leaf traits, yield 
components) that are routinely measured in breed-
ing programs. This focus may overlook other important 
selection targets in modern breeding, such as stress toler-
ance (drought, heat, cold), nutrient use efficiency, grain 
quality (protein, oil, starch content), and disease resis-
tance. A more comprehensive phenotyping approach that 
incorporates these traits would provide a fuller picture of 
the selection pressures acting on each germplasm pool.

Third, our temporal analysis spanned approximately 
two decades (1998–2021), which may not fully capture 
longer-term evolutionary trends. Continued monitoring 
of these germplasm pools as breeding programs evolve 
will be essential to validate the hypothesized trajectories 
and to detect emerging patterns.

Addressing these limitations through integrated 
genetic mapping, expanded phenotyping, and contin-
ued temporal monitoring will be critical for translating 
the insights from this study into actionable strategies for 
future maize breeding.
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Conclusions
Collectively, our analyses reveal a dual narrative in the 
evolution of China’s elite maize hybrids. The V1 germ-
plasm pool exemplifies successful phenotypic innova-
tion, where modern breeding has effectively broken a key 
architectural trade-off to unlock coordinated improve-
ment. In parallel, the V2 pool presents a contrasting 
yet informative scenario of genetic expansion without 
immediate phenotypic returns; its broadened genetic 
base alongside stable performance suggests that selec-
tion under prevailing objectives may be nearing a limit. 
These complementary findings provide a coherent frame-
work for future strategy: they validate the V1 approach as 
a replicable paradigm for trait uncoupling, while framing 
the V2 case as a diagnostic signal that may call for novel 
genetic inputs or redefined breeding goals to catalyze the 
next cycle of gain.
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