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Editorial

Maize Cultivation and Improvement
Glauco Vieira Miranda

Department of Agronomy, Federal University of Technology Paraná, Santa Helena 85892-114, Brazil;
glaucovmiranda@utfpr.edu.br

This Special Issue “Maize Cultivation and Improvement” gathers eight high-quality
contributions that collectively reflect the contemporary landscape of maize research. These
articles span molecular genetics, quantitative breeding, stress physiology, proteomics,
genomic prediction, agronomic management, artificial intelligence, and meta-analytical
synthesis. Together, these articles illustrate how modern maize improvement is increasingly
interdisciplinary, integrating biotechnology, data science, and field-based validation to
accelerate genetic gain and enhance sustainability.

Maize (Zea mays L.) remains one of the most strategically important crops worldwide,
serving as food, feed, fiber, and fuel. However, climate variability, increasing biotic and
abiotic stresses, and the demand for higher productivity under resource constraints re-
quire transformative approaches. The studies compiled in this volume demonstrate how
germplasm development, precision phenotyping, and advanced analytics can converge to
address these global challenges.

1. Molecular Regulation and Functional Genetics
Understanding the genetic and molecular mechanisms underlying key agronomic

traits remains foundational to crop improvement. Two studies in this Special Issue provide
important advances in this direction.

The identification of a single-base mutation in the Dwarf 1 (D1) gene responsible for
reduced plant height offers valuable insight into plant architecture control [1]. Plant height
directly influences lodging resistance, biomass allocation, and yield stability. The identifica-
tion of this mutation provides a potential target for marker-assisted selection and functional
validation strategies aimed at optimizing canopy structure in diverse environments.

Similarly, the investigation of cysteine protease ZmPCP in regulating pollen viability,
pollen tube growth, and seed development addresses reproductive resilience under drought
and heat stress [2]. Reproductive success is one of the most climate-sensitive phases in
maize production. By linking molecular regulation to pollination efficiency and seed
formation, the study contributes to the development of germplasm that is better adapted to
extreme environmental conditions.

2. Stress Physiology and Proteomic Responses
Climate change intensifies the frequency of combined drought and heat stress events.

The comparative leaf proteome analysis of maize under simultaneous drought and heat
stress provides a system-level understanding of stress tolerance mechanisms [3]. The screen-
ing of 45 inbred lines and identifying contrasting proteomic responses highlights the im-
portance of integrating physiological evaluation with omics technologies. Such approaches
enable the identification of candidate pathways and biomarkers for stress resilience.

The work reinforces the necessity of coupling molecular-level insights with breeding
strategies, allowing selection decisions to move beyond purely phenotypic evaluation
toward mechanistic understanding.

Plants 2026, 15, 794 https://doi.org/10.3390/plants15050794
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3. Quantitative Breeding and Genetic Gain
Sustained genetic progress depends on efficient selection methodologies. A study on

genetic gains with a field validation of synthetic tropical maize populations demonstrates
the power of selection indexes combined with REML/BLUP methodology [4]. By evalu-
ating recurrent selection strategies under tropical conditions, the study underscores the
importance of robust statistical modeling in managing genotype–phenotype interactions
and inbreeding effects.

Complementing this, a work on enhancing across-population genomic prediction
for maize hybrids addressed a central limitation of genomic selection: the prediction
accuracy across heterotic groups and breeding populations [5]. Improving cross-population
prediction expands the operational scope of genomic selection and reduces breeding cycle
length, directly contributing to accelerated genetic gain.

Together, these studies illustrate the evolution from classical recurrent selection to
data-driven genomic breeding pipelines, reinforcing the integration of statistical genetics
and computational methodologies in modern maize improvement programs.

4. Agronomic Management and Environmental Interactions
Genetic potential can only be realized through optimized management. A study

evaluating the effects of semi-arid environmental conditions and agronomic traits on grain
quality emphasizes the interaction between genotype and environment in determining
both yield and grain composition [6]. As production expands into marginal or stress-prone
regions, understanding how environmental variables influence quality parameters will
become increasingly important for food and feed industries.

At a broader scale, the meta-analysis on increased planting density in Northeast
China synthesizes evidence from 508 paired observations [7]. By quantitatively assessing
yield responses to planting density adjustments, the work provides a statistically robust
framework for optimizing management strategies. The integration of large-scale evidence
through a meta-analysis strengthens agronomic recommendations and supports region-
specific decision-making.

5. Digital Agriculture and High-Throughput Phenotyping
One of the most forward-looking contributions in this Special Issue is a CEHD frame-

work for detection and height estimation of fresh corn ears under field conditions [8]. By
applying deep learning architectures (YOLO-based models) for real-time ear detection and
height estimation, the research exemplifies the integration of artificial intelligence into crop
production systems.

Precision detection supports dynamic harvester adjustment, reduces mechanical dam-
age, and improves harvest efficiency. More broadly, the study signals the transition toward
Industry 4.0 in maize production, where visual computing, machine learning, and real-time
analytics enhance operational precision and reduce post-harvest losses.

6. Convergence of Technologies in Maize Improvement
Across all eight papers, a clear theme emerges: the convergence of biotechnology, quan-

titative genetics, omics platforms, high-throughput phenotyping, and artificial intelligence.
The key integrative advances highlighted in this volume include:

• Functional gene identification linked to agronomic performance.
• The proteomic and molecular characterization of stress tolerance.
• REML/BLUP and selection indices to enhance recurrent selection efficiency.
• Genomic prediction models extending across breeding populations.
• Evidence-based agronomic optimization via meta-analysis.

https://doi.org/10.3390/plants150507942
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• AI-driven field phenotyping for harvest precision.

This convergence allows shortened breeding cycles, reduced experimental population
size requirements, enhanced prediction accuracy, and strengthened translation of genetic
knowledge into field performance.

7. Future Directions
Looking ahead, maize improvement will increasingly rely on the following:

1. Multi-omics integration (genomics, transcriptomics, proteomics, phenomics).
2. Climate-resilient germplasm development targeting combined stress scenarios.
3. Scalable genomic prediction models across heterotic groups.
4. Digital agriculture platforms enabling real-time crop monitoring.
5. Data-driven agronomic optimization supported by large-scale synthesis approaches.

The integration of these domains will be critical for achieving sustainable yield in-
creases while maintaining environmental stewardship and economic viability.

8. Concluding Remarks
The contributions compiled in this Special Issue reflect the dynamism in maize re-

search and the collaborative efforts of scientists worldwide. By combining molecular
biology, advanced statistics, computational intelligence, and field validation, these stud-
ies collectively advance the theoretical and applied dimensions of maize cultivation and
improvement.

I would like to sincerely thank all authors, reviewers, and the editorial team for their
dedication and scientific rigor. The success of this Special Issue demonstrates the vitality
of interdisciplinary research in maize and sets the foundation for continued innovation in
germplasm development, breeding strategies, and sustainable production systems.

The publication of this Special Issue in book format provides a consolidated reference
for researchers, breeders, agronomists, and students engaged in advancing maize science. I
hope that the insights presented here will contribute meaningfully to global food security
and to the continued evolution of maize breeding in an era defined by climatic uncertainty
and technological transformation.

Conflicts of Interest: The author declares no conflict of interest.

References
1. Wang, P.; Liang, B.; Li, Z.; Dong, H.; Zhang, L.; Lu, X. The Identification of a Single-Base Mutation in the Maize Dwarf 1 Gene

Responsible for Reduced Plant Height in the Mutant 16N125. Plants 2025, 14, 1217. [CrossRef] [PubMed]
2. Li, Y.; Wang, W.; Liu, H.; Wang, W. Regulation of Pollen Viability, Pollen Tube Growth and Seed Development in Maize by

Application of Cysteine Protease ZmPCP. Plants 2026, 15, 677. [CrossRef]
3. Pfunde, C.; Mutengwa, C.S.; Bradley, G.; Chiuta, N.E. Comparative Leaf Proteome Analysis of Maize (Zea mays L.) Exposed to

Combined Drought and Heat Stress. Plants 2025, 14, 3419. [CrossRef] [PubMed]
4. Sousa, A.M.d.C.B.d.; Resende, M.P.M.; Crispim-Filho, A.J.; Miranda, G.V.; Reis, E.F.d. Genetic Gains and Field Validation of

Synthetic Populations in Tropical Maize Using Selection Indexes and REML/BLUP. Plants 2025, 14, 3149. [CrossRef] [PubMed]
5. Yu, G.; Li, F.; Wang, X.; Zhang, Y.; Zhou, K.; Yang, W.; Guan, X.; Zhang, X.; Xu, C.; Xu, Y. Enhancing Across-Population Genomic

Prediction for Maize Hybrids. Plants 2024, 13, 3105. [CrossRef] [PubMed]
6. Bongianino, N.F.; Steffolani, M.E.; Morales, C.D.; Biasutti, C.A.; León, A.E. Semi-Arid Environmental Conditions and Agronomic

Traits Impact on the Grain Quality of Diverse Maize Genotypes. Plants 2024, 13, 2482. [CrossRef] [PubMed]

https://doi.org/10.3390/plants150507943



Plants 2026, 15, 794

7. Zhang, J.; Wang, X.; Li, Y.; Yu, Z.; Zhang, R.; Yin, B.; Wang, H. A Meta-Analysis of the Effects of Increased Planting Density on
Maize Yield in Northeast China. Plants 2026, 15, 544. [CrossRef] [PubMed]

8. Wang, H.; Li, Y.; Fu, J.; Fu, Q.; Qiao, Y. CEHD: A Unified Framework for Detection and Height Estimation of Fresh Corn Ears in
Field Conditions. Plants 2026, 15, 38. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/plants150507944



Article

Regulation of Pollen Viability, Pollen Tube Growth and Seed
Development in Maize by Application of Cysteine
Protease ZmPCP
Yanhua Li 1,2, Wenkang Wang 2, Hui Liu 2,* and Wei Wang 2,*
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Abstract

In the process of maize production, extreme meteorological conditions such as drought
and high temperature are often the main environmental stress factors affecting pollination
efficiency. Previous studies have shown that, under adversity, the germination rate of pollen
grains on the filaments of female spikes directly affects the success rate of reproduction and
ultimately determines the grain yield. This study focuses on a cysteine protease named
ZmPCP. The expression of this protease in maize pollen is significantly higher than in
other tissues, and its specific function has not been clearly defined. Its localization in the
cell membrane or apoplast was further confirmed by transient transfection experiments
and plasmolysis. The interaction between ZmPCP and ZmSNAP33 was verified by yeast
two-hybrid technology and a GST pull-down experiment, indicating that ZmPCP may
affect pollen germination and stress resistance by regulating vesicle transport. Secondly, by
analyzing the pollen germination rate of maize inbred lines B104, ZmPCP-KO and ZmPCP-
OE transgenic maize plants, we found that ZmPCP overexpression could significantly
enhance pollen viability and pollen tube growth under drought stress. After 1 h of short-
term drying treatment, the pollen germination rate of the ZmPCP-OE line was maintained at
44%, which was significantly higher than that of the other lines. In addition, the observation
of pollen tube growth showed that ZmPCP overexpression could promote the extension
of pollen tubes in the filament. Moreover, a transcriptome sequencing analysis revealed
the regulatory effects of ZmPCP on pollen in multiple biological processes, including
stress response, carbohydrate metabolism, growth and development, cell wall material
metabolism, signal transduction, etc. The involved pathways of these differential genes
indicate that ZmPCP enhances pollen drought tolerance and promotes pollen tube growth
through a “metabolism signal structure”. In the germination experiment on the seventh
day, the germination rate of ZmPCP-OE maize seeds was the lowest, indicating that its
overexpression inhibited seed germination. At the same time, ZmPCP-overexpressing
Arabidopsis showed a significant advantage in taproot growth under high-concentration
ABA stress. ZmPCP provides an important theoretical basis for regulating the pollination
process and improving the pollination efficiency of maize varieties through interaction
with ZmSNAP33.

Keywords: pollen; viability; pollen tube growth; subcellular localization; yeast two-hybrid;
seed development; maize
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1. Introduction
Maize (Zea mays L.), as one of the world’s three major staple crops, occupies a central

position in China’s agricultural economy. In 2024, its production reached approximately
295 million tons, with a year-on-year increase of 2.1% [1]. It serves not only as a source
of human food and industrial raw materials but also as a critical source of livestock
and poultry feed, playing an irreplaceable role in ensuring food security and promoting
agricultural modernization [2]. However, influenced by global warming, the frequency of
extreme weather events such as high temperatures and droughts has increased, significantly
reducing maize cross-pollination efficiency. During the critical period of 10 to 15 days
before flowering, the viability of pollen and silks is essential for kernel number, and this
stage is highly vulnerable to abiotic stress interference [3]. Drought stress suppresses pollen
viability because the loss of pollen moisture results in increased pollen mortality, associated
with poor sucrose synthase activity [3]. In maize, two sucrose synthase (SUS) genes are
downregulated in pollen under drought conditions, limiting the conversion of sucrose into
D-fructose and thereby compromising pollen performance [4]. Successful fertilization in
maize further relies on the rapid growth of pollen tubes, which grow at rates of up to 1 cm
per hour through elongated styles (silks) before releasing their sperm cells within ovules [5].
Pollen tubes secrete numerous small proteins to facilitate communication with diverse
maternal tissues during their transit from the stigma through the style’s transmitting tract
toward ovules. For example, rapid alkalinization factors (RALFs) regulate hydration as
well as cell wall integrity during pollen germination, tube growth and reception in the
model plant Arabidopsis [6]; ZmRALF2/3 mutations disrupt pectin distribution, altering
cell wall organization and thickness, which triggers pollen tube rupture [5].

Cysteine proteases (CPs) represent an important class of enzymes that are widely in-
volved in pollen development [7], seed germination [8] and resistance to abiotic stresses [9].
Pollen coat proteins, including several CPs, are key components regulating pollen hydra-
tion, germination, and pollen tube elongation, with their molecular mechanisms being
a research focus in plant reproductive biology [10]. In maize, for example, β-extensin
EXPB1 binds to glucuronyl arabinoxylans, and its downregulation reduces pollen com-
petitiveness [11]. In addition, the maize pollen coat also accumulates β-1,3-glucanase,
endoxylanase, and exopolygalacturonase, which specifically hydrolyze cell wall polysac-
charides [12,13]. ZmPCP, a pollen-specific CP cysteine protease belonging to the papain-like
cysteine protease (C1-papain subfamily), is highly expressed in mature pollen. Extensive
studies in multiple plant species have demonstrated crucial roles for CPs in pollen de-
velopment. In Arabidopsis, AtCEP1 is an important executor in the process of tapetal
programmed cell death (PCD), and its overexpression leads to early tapetal PCD and pollen
abortion [7]. Reduced expression of AtCP51 results in early tapetum degeneration and de-
fective pollen exine formation [14]. In tobacco, knockout of NtCP56 causes delayed tapetal
breakdown and the production of abortive pollen [15]. In rice, OsCP1, which is strongly
expressed in anthers, is mutated by T-DNA insertion, leading to pollen degeneration [16].
Previous studies indicate that ZmPCP overexpression leads to abnormal morphology of
pollen germination pores, reduced germination rates, and decreased fertility while simul-
taneously enhancing plant drought resistance [17]. Conversely, knockout experiments
demonstrate the opposite effect, suggesting that ZmPCP plays a dual role in pollen de-
velopment and stress response. In addition, the ZmPCP-OE and ZmPCP-KO maize lines
used in this study were generated and characterized in our previous work [17], providing
validated genetic materials for the functional analyses presented here.

Beyond reproductive tissues, CPs also play essential roles in seed development. In
cereals, CPs mediate the degradation of seed storage proteins to release amino acids and
nutrients that are necessary for seedling growth [8]. For instance, the OsCP6 gene positively

https://doi.org/10.3390/plants150506776
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regulates rice seed germination. The metabolism of endosperm storage and hydrolysis of
storage proteins in the oscp6-1 mutant decreased, and cysteine protease activity decreased
under low-nitrogen conditions during early seedling development [18].

Moreover, CPs are important components of plant responses to abiotic stress, par-
ticularly drought and waterlogging [9]. In sweet potato, the overexpression of SPCP3 in
Arabidopsis increases drought sensitivity, whereas ectopic expression of SPCP2 enhances
drought tolerance [19].

Integrating these observations, we hypothesize that ZmPCP (Zea mays pollen-specific
cysteine protease) modulates maize yield stability by differentially regulating reproductive
development and stress-response pathways. The objectives of this study are to: (1) resolve
molecular evolutionary relationships and sequence conservation of ZmPCP in Zea mays,
Zea mays ssp. mexicana (Mexican teosinte), and Arabidopsis thaliana; (2) characterize the
ZmPCP protein interaction network through subcellular localization, yeast two-hybrid
(Y2H) assays, and GST pull-down experiments; (3) evaluate transgenic plants under 28 ◦C
drought stress to assess pollen viability, pollen tube elongation, and transcriptomic profiles
(RNA-seq), thereby clarifying its regulatory role in pollen tube growth; and (4) investigate
ZmPCP functions in seed germination and root development using transgenic maize and
Arabidopsis models. This work aims to elucidate the core mechanism of ZmPCP in pollen
germination, providing novel genetic targets for maize improvement to counteract climate-
impaired pollination efficiency.

2. Results
2.1. Phylogenetic and Structural Analysis Reveals Evolutionary Proximity of ZmPCP Between
Maize and Mexican Teosinte

To elucidate the phylogenetic relationships of ZmPCP, this study constructed a phy-
logenetic tree of cysteine proteases (CPs) among maize (Zea mays), its wild progenitor
Mexican teosinte (Zea mays ssp. mexicana), and the model eudicot Arabidopsis thaliana.
Based on functional and structural characteristics, the CP family was classified into nine
subfamilies (Figure 1A). A phylogenetic analysis revealed that ZmPCP possesses conserved
domains of the CP family, belonging to the THI group within the papain-like cysteine
protease subfamily C1A. Notably, maize and Mexican teosinte CPs exhibit closer evolu-
tionary proximity than those of Arabidopsis thaliana (Figure 1A). Further multiple sequence
alignment of homologous proteins in the THI subgroup branch demonstrated 100% se-
quence identity between ZmPCP and Zmex03t011636_P01 from Mexican teosinte, while
identity with Zmex01t001605_P01 reached 99.14% (Figure 1B). A conservation analysis
confirmed that all these proteins contain the characteristic catalytic triad (Cys–His–Asn) of
the C1A subfamily.

Protein tertiary structures predicted by AlphaFold2 indicated highly conserved spatial
configurations among ZmPCP, Zmex03t011636_P01, and Zmex01t001605_P01 (Figure 2).
The core domains (Inhibitor_29 and Peptidase _C1) of these proteins form a highly con-
served core catalytic fold composed of tightly packed β-sheets and surrounding α-helices
(colored in varying shades of blue). In contrast, the structural model of AtTHI1 exhib-
ited noticeable deviations from ZmPCP, including differences in the overall fold architec-
ture (Figure 2). This structural divergence corresponds with the low sequence identity
between AtTHI1 and ZmPCP (40.17%) (Figure 1B), likely attributable to their distant
phylogenetic relationship.

https://doi.org/10.3390/plants150506777
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Figure 1. ZmPCP bioinformatics analysis. (A) Phylogenetic tree of ZmPCP in the cysteine protease
family of maize, Mexican teosinte and Arabidopsis thaliana. The red arrow indicates ZmPCP. (B) Sequence
alignment of ZmPCP with similar THI1 proteins. The black arrow indicates Cys, His and Asn.

Figure 2. Three-dimensional structure of ZmPCP and its closely related THI1 protein. AlphaFold
produces a per-residue confidence score (pLDDT) between 0 and 100. Some regions with low pLDDT
may be unstructured in isolation. Model confidence: dark blue: very high (pLDDT > 90); light blue:
confident (90 > pLDDT > 70); yellow: low (70 > pLDDT > 50); orange: very low (pLDDT < 50).

https://doi.org/10.3390/plants150506778
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2.2. Subcellular Localization of ZmPCP

To determine the subcellular localization of ZmPCP, the gene was cloned from maize
cDNA and fused with GFP in a pCAMBIA1302 vector under the CaMV35S promoter. The re-
combinant plasmid was transformed into Agrobacterium tumefaciens GV3101 and transiently
expressed in Nicotiana benthamiana leaves. Confocal microscopy revealed ZmPCP-GFP
fluorescence specifically enriched at the cell periphery, distinct from the cytoplasmic dis-
tribution in GFP controls. Subsequent plasmolysis induced by the 10% NaCl treatment
confirmed that the fluorescence remained stably associated with the cell wall (Figure 3),
indicating that ZmPCP is synthesized intracellularly and targeted to the apoplastic space
via the secretory pathway, consistent with bioinformatic predictions.

Figure 3. Subcellular localization of ZmPCP in tobacco cells. Scale bar = 20 µm. Note: yellow arrows
indicate the position of the plasma membrane after plasmolysis.

2.3. Interaction of ZmPCP with ZmSNAP33

To validate the predicted interaction between ZmPCP and ZmSNAP33 via bioinformat-
ics analysis, this study employed a yeast two-hybrid (Y2H) assay. The preliminary control
experiments demonstrated that: (1) the positive control (pGADT7-T + pGBKT7-53) exhibited
growth on both SD/-Trp-Leu (double dropout; DDO) and SD/-Trp-Leu-His-Ade (quadruple
dropout; QDO) media; (2) the negative control (pGADT7-T + pGBKT7-Lam) showed no
growth on QDO medium (Figure 4A), confirming system validity. Subsequent autoactiva-
tion and toxicity tests revealed that the pGADT7 + pGBKT7-ZmPCP co-transformants grew
on DDO medium (indicating no toxicity) but failed to grow on QDO medium (excluding
autoactivation) (Figure 4A). Ultimately, interaction assays confirmed that pGADT7-ZmPCP
+ pGBKT7-ZmSNAP33 co-transformants grew normally on DDO medium (confirming
no toxicity of both proteins) and formed distinct colonies on QDO medium (Figure 4B),
demonstrating a specific interaction between ZmPCP and ZmSNAP33.

https://doi.org/10.3390/plants150506779



Plants 2026, 15, 677

Figure 4. The interactions of ZmPCP with ZmSNAP33. (A) Yeast two-hybrid interaction analysis of
ZmPCP and ZmSNAP33 with pGADT7-T and pGBKT7-53 as the positive control and pGADT7-T and
pGBKT7-lam as the negative control. Validation of ZmPCP toxicity and autoactivation. (B) Interaction
between ZmPCP and ZmSNAP33. (C) GST pull-down assay demonstrating the interaction between
ZmPCP and ZmSNAP33. Please refer to Supplementary Figures S1 and S2 for the original images.

Furthermore, GST pull-down assays were employed to substantiate this interaction
in vitro. GST (empty vector control) or GST-ZmPCP was incubated with His-ZmSNAP33
and bound to glutathione-agarose beads. After washing, centrifugation, SDS-PAGE, and
Western blot analysis, no His-ZmSNAP33 signal was detected in the GST control group,
whereas GST-ZmPCP significantly captured His-ZmSNAP33 (Figure 4C), confirming the
specific binding. This interaction occurred independently of cofactors, indicating that Zm-
PCP may directly recognize ZmSNAP33 through specific domains, thereby unambiguously
demonstrating their direct interaction in vitro.

2.4. Analysis of the Effects of ZmPCP on Pollen Viability and Drought Resistance

To investigate the effect of ZmPCP on pollen viability, the I2-KI staining method was
employed for preliminary detection of untreated B104 (wild type), ZmPCP-KO (knockout
line), and ZmPCP-OE (overexpression line) pollen (Figure 5A). The results show that
the pollen viability of B104 and ZmPCP-KO ranged from 87% to 93%, whereas that of
ZmPCP-OE was 83 ± 2.7%, with a significant difference observed (Figure 5B).

In exploring the drought-resistance function of ZmPCP, a 28 ◦C drought treatment
revealed that, under untreated conditions, the germination rate of ZmPCP-OE was signifi-
cantly lower than that of the wild-type and knockout lines (p < 0.05), indicating that ZmPCP
overexpression inhibited normal germination. After the 0.5 h treatment, the germination
rates of B104 and ZmPCP-KO decreased by 22% to 23%, while ZmPCP-OE maintained a
higher germination rate of 44 ± 5.8%. After the 1 h treatment, this trend continued, with
the germination rate of ZmPCP-OE (43.5 ± 2.9%) being significantly higher than that of the
other lines (p < 0.01), demonstrating an early advantage in drought resistance. After the
1.5 h treatment, the germination rate of ZmPCP-OE remained significantly higher. By the
2 h treatment, the germination rates of all the lines declined to below 7%, but ZmPCP-OE
still maintained a relative advantage (Figure 5C,D). In summary, although ZmPCP overex-
pression suppressed the basal germination ability of pollen, it significantly enhanced its
tolerance to drought stress.
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Figure 5. Effect of ZmPCP on pollen viability and germination after desiccation treatment (28 ◦C)
for different durations. (A) Untreated pollen stained with I2-KI. Bar = 100 µm. (B) Viability statistics
of untreated pollen (I2-KI staining). Bar = 300 µm. The experimental data were obtained from
three biological replicates and analyzed for significant differences using Student’s t-test (* p < 0.05).
(C) Pollen germination images under desiccation treatment (28 ◦C) at different time points. Please
refer to Supplementary Figure S5 for the original images. (D) Pollen germination rates under
desiccation treatment (28 ◦C) at different time points. The experimental data were obtained from
three biological replicates and analyzed for significant differences using Student’s t-test (* p < 0.05,
** p < 0.01).

2.5. ZmPCP Promotes Pollen Tube Growth

To investigate the effects of the maize ZmPCP gene on pollen tube growth, silk samples
from B104 (wild type), ZmPCP-KO, and ZmPCP-OE were collected at 0.5 h intervals after
self-pollination. The maximum pollen tube elongation distance within the field of view
was measured from the stigma attachment point (Figure 6A).
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Figure 6. Effect of ZmPCP on pollen tube elongation. (A) Fluorescence microscopy images showing
pollen tube elongation in the styles of B104, ZmPCP-KO, and ZmPCP-OE lines under self-pollination.
Scale bar = 100 µm. (B) Quantification of pollen tube length in the styles of B104, ZmPCP-KO, and
ZmPCP-OE lines. The experimental data were obtained from three biological replicates and analyzed
for significant differences using Student’s t-test (* p < 0.05, ** p < 0.01).

The results demonstrated a significant positive correlation (p < 0.01) between the
ZmPCP expression levels and pollen tube growth kinetics. The B104 pollen tubes elongated
progressively from 136 ± 5.3 µm at 0.5 h to 1452 ± 28 µm at 2 h; ZmPCP-KO exhibited
significantly reduced lengths versus B104 at all time points (e.g., 1363 ± 22 µm at 2 h;
p < 0.05); ZmPCP-OE displayed accelerated growth throughout, reaching 253 ± 9.1 µm
(1.86-fold of B104) at 0.5 h and achieving 1956 ± 31 µm at 2 h (1.44-fold longer than ZmPCP-
KO) (Figure 6B). This dynamic change is consistent with the typical pattern of pollen tube
elongation in maize, in which pollen tubes begin to elongate early after pollination and
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show an accelerating trend with time [20]. These findings indicate that ZmPCP deficiency
significantly suppresses pollen tube elongation (p < 0.01), while its overexpression enhances
this process, demonstrating that ZmPCP acts as a positive regulator of pollen tube growth
and directly determines elongation velocity.

2.6. RNA-Seq Analysis of Pollen

To investigate the regulatory role of ZmPCP in maize pollen development, we per-
formed an RNA-seq analysis on mature pollen from ZmPCP overexpression (OE) and
knockout (KO) lines under normal growth conditions, with three biological replicates.
Applying a threshold of |log2 (Fold Change)| >1 and adjusted p < 0.05, we identified
1664 differentially expressed genes (DEGs), including 673 upregulated and 991 downregu-
lated genes (Figure 7A,B).

Figure 7. RNA-Seq analysis of ZmPCP-OE and ZmPCP-KO mature pollen. (A) Number of differen-
tially expressed genes. Upregulated and downregulated genes are derived from ZmPCP-OE and
compared with ZmPCP-KO. (B) Volcano plot analysis of differentially expressed genes. Blue indicates
that the differentially expressed genes are significantly downregulated, while red indicates that
they are significantly upregulated. (C) GO enrichment analysis of differentially expressed genes.
(D) KEGG enrichment analysis of differentially expressed genes. (E) Heatmap of differentially
expressed genes. Blue indicates lower expression levels; red indicates higher expression levels.
Dendrogram shows clustering results.

A Gene Ontology (GO) enrichment analysis revealed significant enrichment of
pollen DEGs in biological processes related to stress response, transmembrane trans-
port, and cellular development. The subcellular localization predictions (plasma mem-
brane/endomembrane system) suggest that ZmPCP may function through the apoplastic
pathway. Molecular functions were primarily associated with oxidoreductase activity and
ion transport (p < 1 × 10−5), indicating that ZmPCP modulates pollen energy supply by
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regulating redox homeostasis and nucleotide metabolism (Figure 7C). A KEGG pathway
analysis further identified enrichment in 30 key pathways, including carbohydrate, lipid,
and amino acid metabolism, as well as genetic information processing, signal transduction,
and cellular structure maintenance. These findings suggest that ZmPCP coordinates a
“metabolism-signaling-structure” mechanism during pollen development.

These results indicate that ZmPCP acts as a cross-pathway regulatory hub, coor-
dinating a “metabolism-signaling-structure” trinity mechanism during pollen develop-
ment. To decipher the molecular mechanisms underlying drought resistance and pollen
tube growth dynamics, we systematically analyzed pollen transcriptomes and prioritized
functionally characterized DEGs (Table S4). The literature evidence implicates drought-
responsive genes Zm00001eb275850 (GRP2), Zm00001eb388380 (GRP1), Zm00001eb255210
(TTL4), Zm00001eb110700 (PLA2), Zm00001eb351170 (GRX), and Zm00001eb407710 (ASR1) in
stress tolerance [21–26]. It also indicates energy metabolism genes Zm00001eb252870 (ANT1),
Zm00001eb184000 (GAPC3), Zm00001eb246370 (GAPC4), Zm00001eb368990 (iPGAM), and
Zm00001eb275240 (SPS3) in ATP synthesis [27–31]. Further, it outlines vesicle trafficking/cell
wall dynamics genes Zm00001eb290310 (PRA1), Zm00001eb047590 (OFP6), Zm00001eb117750
(PERK15), Zm00001eb259630 (VPS23), Zm00001eb194800 (GATL9), and Zm00001eb312000
(XTH15) in polar growth [32–37]. Finally, signaling regulators are indicated, including
Zm00001eb257340 (MKK4), Zm00001eb149520 (B6SNZ9), and Zm00001eb286870 (CML15), in
transduction cascades [38–40].

In the ZmPCP-OE line, the expression levels of those genes associated with stress
response, pollen tube elongation, cell wall metabolism, and vesicle trafficking were signif-
icantly elevated compared to the ZmPCP-KO line (p < 0.05). This transcriptional profile
corresponds to enhanced drought tolerance and accelerated pollen tube growth. Paradoxi-
cally, the expression of specific energy metabolism-related genes was downregulated in
ZmPCP-OE, which may contribute to the observed reduction in the pollen germination rate.

2.7. Overexpression of ZmPCP Inhibits Maize Seed Germination

To investigate the impact of ZmPCP on maize seed germination, the germination rates
of the B104 (wild type), ZmPCP-KO, and ZmPCP-OE lines were compared on day 7 of
soil-based cultivation. The germination rates were 94% (B104), 93% (ZmPCP-KO), and 69%
(ZmPCP-OE), respectively (Figure S4), with ZmPCP-OE exhibiting significantly reduced
germination compared to the wild-type and knockout lines (p < 0.05). These results indicate
that ZmPCP overexpression suppresses maize seed germination and functions as a negative
regulator in this process.

2.8. Promotion of Germination and Seedling Growth in Arabidopsis Under Stress Through
ZmPCP Overexpression

To investigate the functional role of ZmPCP in stress responses, the recombinant vector
pCAMBIA1302-ZmPCP was transformed into Arabidopsis. Transgenic lines were selected
via antibiotic resistance screening and systematically validated using molecular biology
approaches. A genomic PCR analysis (Figure 8A) confirmed the successful integration of
ZmPCP into the Arabidopsis genome, with the wild type (WT) serving as the negative
control; RT-qPCR assays (Figure 8B) demonstrated significantly elevated ZmPCP tran-
script levels in the OE3 and OE6 lines, meeting the overexpression criteria [41], with OE3
and OE6 exhibiting relatively smaller variance. Homozygous T3 lines were selected for
functional assays.

Under simulated abiotic stress conditions, ZmPCP overexpression markedly altered
the seed germination dynamics. In the standard MS medium, both overexpression lines
(OE3 and OE6) and WT exhibited >90% germination at 24 h, reaching 100% by 48 h. Under
300 mM mannitol stress, the germination rates at 24 h were significantly reduced (OE3:
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29% ± 3.1; OE6: 21% ± 2.8 vs. WT: 35% ± 3.5; p < 0.05), with completion delayed to
72 h (Figure 8C). The ABA treatment similarly suppressed germination, with the overex-
pression lines consistently lagging behind the WT during 24–48 h. Notably, under the 2
µM ABA treatment, OE6 exhibited a more obvious reduction in germination rate than OE3,
which may be due to small changes in transgenic insertion sites and genetic backgrounds
leading to phenotypic differences that are not strictly proportional to expression level.
These results indicate that ZmPCP modulates germination timing in response to osmotic
stress and ABA, thereby participating in seed germination regulation.

 

Figure 8. The effects of ZmPCP overexpression on seed germination. (A) PCR verification of ZmPCP
in transgenic Arabidopsis lines. Please refer to Supplementary Figure S3 for the original image.
(B) Validation of ZmPCP expression levels in transgenic Arabidopsis. The experimental data were
obtained from three biological replicates and analyzed for significant differences using Student’s t-test
(** p < 0.01). (C) Germination rate of Arabidopsis thaliana cultured for 7 days on MS solid medium
containing different concentrations of mannitol and ABA.

Further phenotypic analysis of the seedlings revealed no significant differences in root
length among WT, OE3, and OE6 under control conditions (Figure 9A). At low ABA concen-
trations (0.5–1 µM), the root lengths of the overexpression lines were marginally greater than
WT (not statistically significant). At 2 µM ABA, the OE3 and OE6 roots (14 ± 2.1 mm and
12.9 ± 1.4 mm, respectively) exceeded WT (10.6± 1.5 mm) by 21.7–32.1% (p < 0.01) (Figure 9B).
This demonstrates that ZmPCP overexpression enhances root adaptation to high-concentration
ABA stress, potentially through modulation of stress signaling pathways.
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Figure 9. Roots of transgenic Arabidopsis under ABA treatment. (A) Roots grown for 7 days under
different concentrations of ABA, with a scale bar of 5 mm. Please refer to Supplementary Figure S6 for
the original images. (B) Data of root lengths of plants grown for 7 days under different concentrations
of ABA. The experimental data were obtained from three biological replicates and analyzed for
significant differences using Student’s t-test (* p < 0.05, ** p < 0.01).

3. Discussion
Papain-like cysteine proteases (PLCPs) serve as crucial regulators in plants, exten-

sively participating in developmental processes and stress responses. Functional studies
on identified PLCP members in maize (such as Mir1 and CP1B) remain limited [42–44].
This study reveals that ZmPCP (belonging to the THI1 clade of the C1A subfamily) sig-
nificantly enhances maize drought resistance by improving cellular osmotic adjustment
and membrane stability and additionally regulates pollen germination [17,45]. The protein
encoded by this gene is an apoplastic secretory protein possessing a conserved Pepti-
dase_C1 domain, exhibiting high homology with its ortholog in Zea mays ssp. parviglumis
(Mexican teosinte), suggesting evolutionary conservation (Figure 1). Subcellular localization
confirmed ZmPCP as an apoplastic secretory protein (Figure 3), consistent with the results
from immunogold electron microscopy in pollen [46]. Notably, ZmPCP overexpression
alters pollen pore morphology, indicating its potential involvement in cell wall remodeling
(e.g., pectin degradation) through extracellular proteolysis. This mechanism is analogous
to that of Arabidopsis CP1, which cleaves extensins to promote polar growth [47].

Furthermore, this study identified an interaction between ZmPCP and the membrane-
localized SNARE protein ZmSNAP33 (Figure 5). SNARE (soluble N-ethylmaleimide-
sensitive-factor attachment protein receptor) family proteins were initially discovered in
yeast. Based on cluster analyses of their SNARE domain amino acid sequences, SNAREs
are classified into four subgroups: Qa-SNAREs, Qb-SNAREs, Qc-SNAREs, and R-SNAREs.
They are also categorized as vesicle-associated SNAREs (v-SNAREs) or target membrane
SNAREs (t-SNAREs) [48]. SNARE proteins play essential roles in vesicle trafficking, im-
mune secretion, exocytosis during pollen tube growth, and the fusion of secretory vesicles
with the plasma membrane at the pollen tube apex [20]. SNAP25-type SNAREs, which
are located on the plasma membrane, function as key components of the SNARE complex
by assembling with a syntaxin (Qa-SNARE) and a vesicle-anchored R-SNARE to medi-
ate membrane fusion [49]. ZmSNAP33 encodes a SNAP25-type SNARE protein, and its
Arabidopsis homolog AtSNAP33 has been reported to cause delayed pollen hydration on
mutant stigmas [50]. One of the cellular responses in the stigma associated with pollen
hydration involves vesicle trafficking in the stigmatic papilla, which is presumed to deliver
cargo that facilitates water release to the pollen grain [51]. Moreover, OCP, featuring cys-
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teine protease activity and whose loss of function leads to abnormal pollen development,
interacts with OsRACK1A or OsSNAP32 physically, in vitro and in vivo, and can suppress
the expression of OsSNAP32 [52]. Therefore, through its interaction with ZmSNAP33,
ZmPCP may regulate the vesicle trafficking in the stigmatic papilla during the process
of pollen hydration (Figure 10). In addition, several W-boxes (WRKY transcription factor
binding sites, TTGAC), MYB binding sites (WAACCA), and ABREs (abscisic acid respon-
sive elements, AAACGTGA) have been identified in the promoter region of OsSNAP32.
These cis elements suggest that OsSNAP32 participates in various signal transduction
pathways related to plant responses to biotic and abiotic stresses [49]. Accordingly, its
maize homolog ZmSNAP33 may have a pleiotropic role in responding to environmental
stressors, potentially mediated through its interaction with ZmPCP (Figure 10).

 

Figure 10. The possible functional scheme of ZmPCP. ZmSNAP33: a SNAP25-type SNARE protein;
SNARE: soluble N-ethylmaleimide-sensitive-factor attachment protein receptor; RBK2: a pathogen-
induced receptor-like cytosolic kinase 2; MIZ1: MIZU-KUSSEI 1. Upward arrows (↑) denote an
increase or enhancement of the corresponding cellular process or phenotype, whereas downward
arrows (↓) indicate a decrease or reduction in the related process or phenotype.

Pollen fertility is a critical factor for successful plant sexual reproduction and is reg-
ulated by diverse genetic, environmental, and physiological–biochemical factors. Our
results demonstrate that ZmPCP plays a crucial regulatory role within this process. Over-
expression of ZmPCP reduced the germination rate of non-desiccated pollen, potentially
due to disrupted energy metabolism or aberrant cell wall remodeling. Several genes as-
sociated with energy metabolism were significantly upregulated in ZmPCP-KO pollen
compared with ZmPCP-OE (e.g., Zm00001eb184000 (GPC3), Zm00001eb246370 (GPC4),
Zm00001eb149730 (PGAM), and Zm00001eb368990 (PGAM) in Table S2). This pattern indi-
cates that ZmPCP overexpression may restrict energy metabolism during early pollen de-
velopment, potentially contributing to reduced pollen activity. The mutations of NtiPGAM
(2, 3-bisphosphoglycerate-independent phosphoglycerate mutase) impaired glycolysis,
limited the energy supply, and ultimately led to defective pollen development and pollen
tube growth in the mutant plants [53]. These parallels suggest that ZmPCP influences pollen
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performance in part through modulation of carbohydrate metabolic pathways. Despite its
negative effect on germination, ZmPCP overexpression markedly enhanced drought toler-
ance after a 1 h desiccation treatment, and drought resistance was significantly enhanced,
a mechanism involving the accumulation of osmolytes (e.g., sugars) and upregulation of
antioxidant enzyme activity [54]. Additional transcriptomic evidence supports this mecha-
nism: several stress-response genes were upregulated in ZmPCP-OE pollen, including a
pathogen-induced receptor-like cytosolic kinase RBK2 (Zm00001eb165930), a member of the
Arabidopsis RLCK-VIb family known to enhance ROS detoxification and improve drought
and salt tolerance [55,56]. Meanwhile, MIZU-KUSSEI 1 (MIZ1) (Zm00001eb069080) was also
upregulated, which may play a role in drought stress [57]. AtMIZ1 was also shown to im-
prove drought avoidance and increase root cell viability under hydro-stimulated conditions
in Arabidopsis [58]. Notably, although ZmPCP overexpression inhibited germination, it
promoted pollen tube elongation, with its expression level positively correlated with pollen
tube growth rate. Transcriptome profiling further supports a role for ZmPCP in regulating
cell wall synthesis: the genes involved in cell wall synthesis were downregulated in ZmPCP-
KO compared with ZmPCP-OE pollen (e.g., Zm00001eb275850 (GRP2), Zm00001eb388380
(GRP1), Zm00001eb303890 (RALF), and Zm00001eb117750 (PERK15) in Table S3). This is
consistent with observations in Arabidopsis, where the perk5-1 perk12-1 double mutant
exhibits shorter pollen tubes, reduced pollen transmission, and decreased seed set due to
altered cell wall polysaccharide composition and disrupted ROS homeostasis [34]. Together,
these findings suggest that ZmPCP promotes pollen tube elongation by coordinating cell
wall synthesis, modification, and redox signaling at the growing tip (Figure 10).

A pollen transcriptome analysis further revealed that differentially expressed genes
were predominantly enriched in maize stress responses, growth and development, carbo-
hydrate metabolic processes, signal transduction, and protein secretion capacity. ZmPCP
likely functions as a cross-pathway regulatory node, exerting significant control over pollen
germination and pollen tube growth by modulating the expression of genes associated
with stress responses, energy metabolism, vesicle trafficking, cell wall structure, and signal
transduction (Figure 10).

During seed germination, ZmPCP overexpression significantly reduced maize seed
germination rates, contrasting with the promotive role of HvPap-1 [59]. ABA inhibits
seed germination, while ABA-deficient mutants germinate more rapidly than the wild
type under the same conditions [60]. The reduced germination of ZmPCP-overexpressing
seeds suggests the possible involvement of ABA-associated regulatory pathways. Con-
sistent with this, under stress treatments with mannitol and ABA, germination of Zm-
PCP-overexpressing Arabidopsis seeds exhibited a certain delay but did not affect overall
germination (Figure 8). Previous reports have shown that ABA can regulate the expression
of MIZ1 [57]. Therefore, it is possible that ZmPCP influences ABA-associated processes.
Under high-concentration ABA treatment, the root length of ZmPCP-overexpressing Ara-
bidopsis lines was significantly longer than that of the wild type, indicating that ZmPCP
coordinately regulates germination and root growth through the ABA signaling path-
way [9,61]. The enhanced ABA responsiveness may be related to the ZmPCP-induced
upregulation of RBK2 (Zm00001eb165930), a kinase associated with cell wall biosynthesis
and ROS-related signaling processes [55]. Notably, PLCP family members (e.g., RD21)
have been demonstrated to enhance plant resistance by degrading viral pathogenicity
factors [62], suggesting that ZmPCP may possess analogous immune-regulatory potential.
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4. Materials and Methods
4.1. Plant Materials and Growth Conditions

To analyze the effects of ZmPCP (gene ID: LOC100280441) on seed germination of
maize, the seeds of maize inbred lines B104, ZmPCP-OE and ZmPCP-KO (generated in our
previous work) [17] were germinated in soil mixture composed of peat soil and vermiculite
thoroughly mixed at a 1:1 ratio and watered every 3 d. The seedlings were grown in plastic
pots (7 cm top diameter, 5 cm bottom diameter, and 7.5 cm height), with five plants per
pot, under controlled conditions of 27/22 ◦C (day/night) and 60% relative humidity with a
14/10 h photoperiod and a light intensity of 2000 Lux. Count the germination rate of maize
plants when they grow to the seventh day. All Arabidopsis thaliana plants and Nicotiana
benthamiana, grown in the same soil mixture and in pots of the same specifications, were
maintained under a 16 h light/8 h dark cycle with approximately 60% relative humidity
at 22 ◦C in a plant growth chamber. All experiments were conducted with at least three
independent biological replicates.

4.2. Bioinformatics Analysis of ZmPCP

Genomic data and annotation files for maize (B73) and Mexican teosinte (Zea mays
ssp. mexicana) were obtained from the NCBI database (https://www.ncbi.nlm.nih.gov/
(accessed on 30 January 2024)) and ZEAMAP (https://db.cngb.org/zeamap/ (accessed on
30 January 2024)), respectively. Arabidopsis thaliana cysteine protease gene sequences were
acquired from the TAIR database (https://www.arabidopsis.org/ (accessed on 30 January
2024)). Genomic data extraction and conversion to protein sequences were performed using
TBtools (version 2.323) [63]. Candidate family members were identified via bidirectional
Blast alignment (E-value ≤ 1 × 10−5) against published Arabidopsis cysteine protease pro-
tein sequences as Query Seqs. Redundant sequences were curated through motif analysis
(MEME Suite: https://meme-suite.org/meme/ (accessed on 30 January 2024)), domain
validation (NCBI CDD: https://www.ncbi.nlm.nih.gov/Structure/bwrpsb/bwrpsb.cgi
(accessed on 30 January 2024)), and InterPro structural analysis (https://www.ebi.ac.
uk/interpro/ (accessed on 30 January 2024)). Multiple sequence alignment was con-
ducted using MUSCLE in MEGA 11 software (default parameters), followed by neighbor-
joining (NJ) phylogenetic tree construction (Bootstrap 1000–1500 replicates; Jones–Taylor–
Thornton model). The evolutionary tree was visually refined using iTOL (version 7)
(https://itol.embl.de/ (accessed on 30 January 2024)). Protein tertiary structures of ZmPCP
homologs (Mexican teosinte and Arabidopsis) were predicted via AlphaFold2 to analyze
evolutionary relationships and structural divergence.

4.3. RNA Extraction and Quantitative Real-Time PCR (qRT-PCR)

Referring to the method of Li [17], the main steps are as follows: Total RNA in maize
tissues was extracted using RNA-Solv® Reagent (Omega Bio-Tek, Norcross, GA, USA),
and a 2 µg RNA sample was used to synthesize the first-strand cDNA via the 5 × All-In-
One MasterMix with AccuRT Genomic DNA Removal Kit (Applied Biological Materials
Inc., Richmond, BC, Canada). The qRT-PCR was carried out using a Hieff qPCR SYBR
Green Master Mix kit (YEASEN Biotechnology, Shanghai, China), and the gene-specific
primers of PCP can be referred to in the previous research of our research group [17].
The quantification method 2−∆∆CT was used to assess the relative expression level of PCP
after normalization based on ZmUBI expression [64]. Data were represented as relative
expression (mean ± SD) from three biological replicates.
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4.4. Subcellular Localization

Nicotiana benthamiana was selected due to its high efficiency in Agrobacterium-mediated
transient expression, enabling rapid assessment of protein subcellular localization [65]. To
determine the subcellular localization of ZmPCP, the CDS region of ZmPCP was cloned
downstream of CaMV 35S promoter and into the pCAMBIA1302-GFP vector to construct
the 35S: ZmPCP-GFP expression vector. The recombinant vector was transformed into
Agrobacterium GV3101 and infiltrated into tobacco leaf epidermal cells using the Agrobac-
terium-mediated method, incubating at 28 ◦C for 2 d. Fluorescence signals were observed
using a confocal laser microscope (Nikon, Tokyo, Japan).

4.5. Identification of ZmSNAP33 as a Candidate Interacting Partner of ZmPCP and Yeast
Two-Hybrid Assay

To identify potential interacting partners of ZmPCP, we first referred to previous stud-
ies reporting that OsCP (an oryzain alpha-chain precursor featuring cysteine protease activ-
ity) interacts with OsSNAP32 (synaptosome-associated protein of 32 kD) physically in vitro
and in vivo in rice [52]. Using the OsSNAP32 protein sequence as a query, we performed
BLASTP searches against the maize proteome and identified several SNAP25 homologs,
including protein SNAP33 (GeneID:100217287). These ZmSNAP33 candidates were subse-
quently cloned and subjected to yeast two-hybrid screening with ZmPCP. Through this
stepwise validation, the ZmSNAP33 protein reported in this study was identified as the
interacting partner of ZmPCP.

The interactions of ZmPCP and ZmSNAP33 were studied using the Gal4-based yeast
two-hybrid (Y2H) system, following the method of Liang [66] and the manufacturer’s
instructions (Zoman Bio., Beijing, China). The CDS of ZmPCP was cloned into the decoy
vector (pGBKT7) to generate the bait vector pGBKT7-ZmPCP, and the CDSs of ZmSNAP33
were cloned into pGADT7 as prey. pGBKT7-53/pGADT7-T and pGBKT7-Lam/pGADT7-T
were used as positive and negative controls, respectively. After co-transformation into
Y2HGold competent cells (Zoman Bio., Beijing, China), transformants were first selected on
SD/-Leu/-Trp medium, and interaction was tested on SD/-Leu/-Trp/-His/-Ade medium.
One ZmSNAP33 candidate showing consistent growth on selective medium was identi-
fied as the interacting partner of ZmPCP. Primers used for vector construction are listed
in Table S1.

4.6. Prokaryotic Protein-Induced Expression and Protein Purification

The coding sequences (CDSs) of ZmPCP and ZmSNAP33 were cloned into the
pGEX4T-1 and pET-30a (+) vectors, respectively, using NcoI and SpeI for digestion and
subsequent ligation. The constructed vectors were then transformed into Escherichia coli
BL21(DE3) cells. Clones were selected using kanamycin (50 µg/mL) as a selection marker.
E. coli cells harboring the genes of interest were grown overnight at 37 ◦C with shaking
at 200 rpm in 5 mL of LB liquid medium supplemented with 50 µg/mL kanamycin. Sub-
sequently, 1 mL of this saturated culture was inoculated into 50 mL of fresh LB medium
containing 50 µg/mL kanamycin and cultured at 37 ◦C until the optical density at 600
nm (OD600) reached 0.6. The incubation temperature was then lowered to 16 ◦C, and
protein expression was induced with 0.1 mM isopropyl-β-D-thiogalactopyranoside (IPTG)
for 14 h. Purification of ZmPCP-GST was performed using the GST-tag Protein Purification
Kit (Beyotime Biotechnology, Shanghai, China) following the manufacturer’s instructions,
while ZmSNAP33-His was purified using a His-tagged protein purification kit (CWBIO,
Taizhou, China) as per the manufacturer’s protocol. Finally, 12% SDS-PAGE electrophoresis
was used to analyze the expression product and the purified protein.
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4.7. GST –Pull-Down and Western Blot

To confirm the direct interaction of ZmPCP with ZmSNAP33, we performed a GST
pull-down assay. ZmPCP-GST or GST proteins were incubated with ZmSNAP33-His
protein in 100 µL of binding buffer for 2 h at 4 ◦C with continuous rotation [67]. After
incubation, 30 µL of pre-equilibrated GST agarose gel was added, followed by incubation
at 4 ◦C with gentle agitation (40 rpm) for 16 h (overnight). A 20 µL sample was taken
as input, while the remaining samples were washed thoroughly and subjected to SDS-
PAGE. For the Western blot analysis, proteins separated by SDS-PAGE were transferred
to PVDF membranes. After blocking the membrane, it was incubated with the primary
antibody (diluted 1:2000), followed by the secondary antibody (diluted 1:5000). After
TBST washing, protein bands were visualized using ECL substrate and imaged with
a chemiluminescence detection system. Band intensities were quantified using ImageJ
software (v1.8.0) with normalization to input controls. The primers used in this experiment
are listed in Supplemental Table S1.

4.8. Pollen Viability and Germination in Vitro

Pollen viability was examined with I2-KI staining methods [68]. Pollen grains that
were stained blue after 8 min of staining in 0.5% I2-KI solution were also counted as viable.
The proportion of about 50 pollens with different staining depth was counted under the
microscope (Eclipse Ni-U, Nikon, Tokyo, Japan) to evaluate the maturity or vitality of the
population, and photos were taken for preservation [17]. In vitro germination experiments
were carried out. The collected pollens were placed in disposable Petri dishes. After drying
at 28 ◦C for 0, 0.5, 1, 1.5 and 2 h, an appropriate amount of pollen was spread on 1 × 1 cm
pollen germination solid medium (the components included 100 mg/L Ca (NO3)2, 10 mg/L
H3BO3, 10 mg/L MgCl2, 15% w/v sucrose and 1.0% w/v agar). After incubation at 28 ◦C
for 4 h, the germination of no less than 200 pollen particles in each field was counted and
photographed with a microscope (Eclipse Ni-U, Nikon, Tokyo, Japan). A pollen grain was
considered germinated when its tube length reached pollen diameter [69]. All viability and
germination tests were conducted in three biological replications.

4.9. Aniline Blue Staining of Pollen Tubes

Pollen collected from maize plants was evenly distributed to self-pollinated silks, and
silk samples were collected at 0.5 h, 1 h, 1.5 h and 2 h after pollination. The samples were
fixed in Carnoy stationary solution (absolute ethanol: chloroform: glacial acetic acid mixed
at 6:3:1 volume ratio) for 24 h. After fixation, the silks were rinsed in deionized water and
then softened in 4 m KOH solution for 4 h, followed by another rinse with deionized water.
The softened silks were then incubated in aniline blue staining solution (0.1 M phosphate
buffer containing 0.1% aniline blue, pH = 7.0) for 12 h. After staining, the silks were washed
with deionized water, cut into 1.5 cm segments, mounted in 50% glycerol, and examined
under the ultraviolet filter of fluorescence microscope (Eclipse Ni-U, Nikon, Tokyo, Japan)
with near-UV excitation [70].

4.10. Transcriptome Analysis of Pollen

In this study, mature pollen from ZmPCP-OE and ZmPCP-KO maize plants grown un-
der normal conditions was used for transcriptome sequencing. Three biological replicates
were prepared for each genotype. Total RNA per sample was used for cDNA library con-
struction and Illumina sequencing (BGI Genomics Co. Ltd., Beijing, China), and RNA-seq
data were processed, assembled, and annotated. Bioinformatic analysis was performed us-
ing TBtools software. First, clean data were aligned to the reference genome using the Hisat2
plugin. Then, read counts for each gene were quantified with StringTie. The differentially
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expressed genes (DEGs) were conducted using the DESeq2 plugin (version 2.323) to com-
pute the fold change and p-value for each gene. Genes satisfying |log2 (fold change)| >= 1
and p-value < 0.05 were identified as differentially expressed. Finally, TBtools plugins were
utilized to generate a volcano plot of differentially expressed genes and to perform both
GO and KEGG enrichment analyses.

4.11. Heterologous Expression of ZmPCP in Arabidopsis thaliana

Arabidopsis is a preferred model for physiological, biochemical, genetic, and molecu-
lar studies due to its compact and well-annotated genome, ease of cultivation and manipu-
lation, short life cycle, and high seed yield [71].

The CDS of ZmPCP was inserted into the pCAMBIA1302 overexpression vector (Takara
Bio, Inc. Shiga, Japan). Agrobacterium tumefaciens GV3101 (Zoman, Beijing, China) harboring
the vector p pCAMBIA1302-ZmPCP under 35S promoter was transformed into Arabidopsis
using the floral dip method. The positive lines were selected using 50 mg/L hygromycin for
further analysis. The T2 plants that showed 100% resistance to hygromycin were considered
homozygous transformants in the T3 generation, and then the T3 homozygous transgenic
lines OE-1 and OE-2 with high expression levels of ZmPCP were used for further analysis
as the experimental materials.

4.12. Germination Assessment

A total of 63 wild-type (WT) and transgenic (ZmPCP-overexpressing lines OE-3 and
OE-6) Arabidopsis thaliana seeds were surface-sterilized and planted on the Murashige and
Skoog (MS) medium supplemented with mannitol (0, 100, or 300 mM) or ABA (0, 0.5, 1,
or 2 µM) in triplicate. All the seeds were planted in a tissue culture incubator under a
16/8 h day/night cycle at 22 ◦C for germination and vertically cultivated after 4 days. The
germination (emergence of radicles) was monitored daily. Subsequently, the root lengths of
seedlings treated with 0.5, 1, or 2 µM ABA were measured and photographed on days 7 of
vertical cultivation.

4.13. Statistical Analysis

All statistical data were calculated from three replications using DPS 8.0 software
package and are reported as means ± standard error (SE). Differences between different
plant lines or treatments were considered significant if p < 0.05.

5. Conclusions
In summary, ZmPCP, functioning as an extracellular protease, regulates cell wall

remodeling and drought resistance via ZmSNAP33-mediated vesicle trafficking. ZmPCP-
overexpressing maize exhibited significantly lower pollen viability and seed germination
rates compared to wild-type and knockout lines. Nevertheless, ZmPCP overexpression
conferred significantly enhanced tolerance to drought stress (desiccation treatment) in
pollen, mitigating the reduction in pollen viability. Accelerated pollen tube growth was
observed in ZmPCP-overexpressing maize plants under self-pollination compared to wild-
type and knockout lines. However, the upstream regulators of ZmPCP, its downstream
target proteins, and the underlying pollination recognition mechanism require further
elucidation. This study provides a theoretical foundation and genetic resources for breeding
maize with improved drought tolerance and high pollen viability while also offering new
insights into the mechanisms of cysteine proteases.

Supplementary Materials: The following supporting information can be downloaded at:
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Author Contributions: H.L. and W.W. (Wei Wang) designed and supervised the project. W.W.
(Wenkang Wang) performed the experiments and bioinformatics analysis. Y.L. wrote the manuscript
and prepared the figures and tables and revised the manuscript. All authors have read and agreed to
the published version of the manuscript.

Funding: This research was supported by the National Natural Science Foundation of China
(No. 31771700 and No. 32272026 to W.W.).

Data Availability Statement: All data generated or analyzed during this study are included in the
article and its Supplementary Materials.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. National Bureau of Statistics of China. National Economy Witnessed Steady Progress amidst Stability with Major Development

Targets Achieved Successfully in 2024. 2025. Available online: https://www.stats.gov.cn/english/PressRelease/202501/t2025011
7_1958330.html (accessed on 12 August 2025).

2. Wu, W.; Yue, W.; Bi, J.; Zhang, L.; Xu, D.; Peng, C.; Chen, X.; Wang, S. Influence of climatic variables on maize grain yield and its
components by adjusting the sowing date. Front. Plant Sci. 2024, 15, 1411009. [CrossRef] [PubMed]

3. Li, H.; Tiwari, M.; Tang, Y.; Wang, L.; Yang, S.; Long, H.; Guo, J.; Wang, Y.; Wang, H.; Yang, Q.; et al. Metabolomic and
transcriptomic analyses reveal that sucrose synthase regulates maize pollen viability under heat and drought stress. Ecotoxicol.
Environ. Saf. 2022, 246, 114191. [CrossRef] [PubMed]

4. Li, H.; Tang, Y.; Meng, F.; Zhou, W.; Liang, W.; Yang, J.; Wang, Y.; Wang, H.; Guo, J.; Yang, Q. Transcriptome and metabolite reveal
the inhibition induced by combined heat and drought stress on the viability of silk and pollen in summer maize. Ind. Crops Prod.
2025, 226, 120720. [CrossRef]

5. Zhou, L.Z.; Wang, L.; Chen, X.; Ge, Z.; Mergner, J.; Li, X.; Küster, B.; Längst, G.; Qu, L.J.; Dresselhaus, T. The RALF signaling
pathway regulates cell wall integrity during pollen tube growth in maize. Plant Cell 2024, 36, 1673–1696. [CrossRef]

6. Zhong, S.; Li, L.; Wang, Z.; Ge, Z.; Li, Q.; Bleckmann, A.; Wang, J.; Song, Z.; Shi, Y.; Liu, T.; et al. RALF peptide signaling controls
the polytubey block in Arabidopsis. Science 2022, 375, 290–296. [CrossRef]

7. Zhang, D.; Liu, D.; Lv, X.; Wang, Y.; Xun, Z.; Liu, Z.; Li, F.; Lu, H. The cysteine protease CEP1, a key executor involved in tapetal
programmed cell death, regulates pollen development in Arabidopsis. Plant Cell 2014, 26, 2939–2961. [CrossRef]
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Abstract

Real-time detection of fresh corn ear height can provide a basis for dynamic adjustment
of harvester header parameters, reducing mechanical damage and improving harvest
quality. This study proposes a corn ear height detection model (CEHD). A YOLO-HAMDF
network is developed for ear recognition, in which the core modules—TBDA, GLSA,
and AQE—respectively suppress background interference, enhance contextual perception,
and optimize bounding-box scoring. Depth information is incorporated to filter non-
target regions and improve system robustness. In addition, a DI-DeepSORT module
is designed for ear tracking, where DBC-Net and IDA-Kalman, respectively, enhance
the discriminability of ReID features and enable independent-dimension adaptive noise
modeling with smoothed positional updates. Experimental results demonstrate that the
proposed CEHD model achieves a mean absolute error (MAE) of only 3.21± 0.05 cm under
field conditions, indicating strong stability and practical applicability. In summary, this
study presents a stable and reliable corn ear height detection system, achieves real-time
monitoring of ear height, and provides data support for the dynamic adjustment of header
parameters in fresh corn harvesters.

Keywords: fresh corn; YOLO-HAMDF; DeepSORT; RGB-D object detection; height measure-
ment

1. Introduction
Fresh corn is a high-value crop used for both vegetable and grain purposes and holds

significant economic importance [1]. However, its kernels typically contain more than 60%
moisture at harvest [2]. Their soft texture and low resistance to mechanical impact make
them highly susceptible to breakage during mechanized harvesting [3,4], which severely
reduces product quality and economic return. With the advancement of agricultural
intelligence and digitalization—particularly within the Agriculture 5.0 framework—the
real-time and accurate acquisition of crop phenotypic traits, such as ear characteristics,
has become an effective means to guide machinery parameter adjustment and reduce
harvest-induced damage [5]. Among these traits, ear height is a key phenotypic indicator.
Its accurate measurement directly supports the dynamic adjustment of harvester header
parameters, thereby minimizing ear damage under complex field conditions [6].
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As the primary prerequisite for height measurement, object detection has attracted
extensive research interest worldwide. Compared with traditional detection methods such
as color-difference analysis [7], K-means clustering [8], fuzzy C-means [9], KNN-based
approaches [10], and SVM-based classification [11], deep learning–based object detection
techniques offer stronger feature extraction capabilities and markedly improved real-time
performance. Current detection frameworks are primarily based on Transformer archi-
tectures and convolutional neural networks (CNNs). Representative Transformer-based
approaches include Vision Transformer [12], Swin Transformer [13], and RT-DETR [14].
Wu et al. developed CBAM-RT-DETR, a real-time detector that integrates CBAM and
grouped convolutions to enhance shallow features, improving maize seedling detection in
complex field environments [15]. Simşek Bagcı et al. proposed a crop-recognition method
based on a Deep Transformer Encoder that uses multi-temporal Sentinel-1 and Landsat-8
imagery to automatically identify cotton and corn planting areas, achieving 85–95% classi-
fication accuracy across different temporal combinations [16]. Zhang et al. introduced an
MConv-SwinT–based maize quality detection model that fuses shallow and deep features
and incorporates a convolutional block attention mechanism. The model achieved 99.89%
accuracy in classifying maize quality levels [17]. Although Transformer-based models
effectively integrate multi-scale information and handle occlusions, their strong emphasis
on long-range dependencies often results in the loss of shallow detail information. In ad-
dition, their high computational cost and large parameter size pose major challenges for
embedded deployment and real-time applications [18]. In contrast, lightweight CNN-based
detectors provide efficient and stable performance in resource-constrained environments
while maintaining high computational efficiency [19]. Among CNN-based detectors, the
YOLO family has become highly influential due to its strong real-time performance, high
accuracy, and compact architecture. For instance, Gai et al. integrated DenseNet into
YOLOv4 and designed circular annotation boxes to detect cherries at different maturity
stages with high precision [20]. Chen et al. proposed GE-YOLO based on YOLOv8, lever-
aging a Gold-YOLO structure and EMA attention to enhance the robustness of rice-weed
recognition [21]. Zhou et al. introduced YOLO-ACE, which incorporates a contextual
enhancement module and selective convolutional attention to improve cotton-field weed
detection [22]. Sun et al. proposed ESC-YOLO by integrating EfficientViT with SCConv,
improving apple fruit recognition performance [23]. Considering the requirements for
real-time performance and embedded deployment, this study adopts the lightweight and
mature YOLO11-L as the baseline model for corn ear detection.

However, two-dimensional object detection provides only planar information and
cannot obtain the height measurements required for adjusting harvester header parameters.
Depth cameras, as common sensors for acquiring three-dimensional visual information,
are insensitive to lighting conditions, robust to complex backgrounds, and capable of
providing highly stable depth data [24]. When integrated with object detection, they allow
reliable estimation of the three-dimensional position of corn ears, thereby enabling accurate
ear-height measurement. Zhong et al. combined Faster R-CNN with depth information
to predict pepper plant height, achieving an error within 4.4 mm [25]. Baden Parr et al.
utilized RGB and ToF depth cameras together with YOLO7 to detect grape berries and
estimate their three-dimensional characteristics, obtaining a counting correlation coefficient
of 0.946 [26,27]. Zhao et al. integrated an improved YOLO8n-seg model with depth
information to measure lettuce height, achieving accuracies of 94.339% in hydroponic
systems and 91.22% in potted scenarios [28]. These studies demonstrate notable progress
in crop-height measurement.

Most height-measurement studies still focus on improving object detection, with in-
sufficient attention given to object tracking. The stability of the detected bounding boxes
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directly affects the accuracy of depth information extraction [29]. Introducing tracking
algorithms can therefore further improve the accuracy and stability of height estimation.
Existing studies have shown that integrating object detection with tracking can yield
strong performance: Wang et al. integrated YOLO with SORT for mango tracking and
counting [30]; Li et al. combined YOLO8 with ByteTrack to build a real-time maize kernel-
shedding counting system [31]; Ye et al. integrated an improved YOLO5 with StrongSORT,
employing attention mechanisms and weighted box fusion to achieve high-precision track-
ing and counting of densely infected trees [32]; Tu et al. applied lightweight YOLO5s with
an improved DeepSORT, utilizing trajectory delay and secondary IoU matching to enable
robust fruit detection, tracking, and counting in complex environments [33]. However,
different tracking algorithms exhibit notable limitations. SORT relies solely on motion cues,
making it prone to ID switching in occlusion or dense-target scenarios. StrongSORT in-
creases computational complexity and is less suitable for embedded deployment. ByteTrack
improves recall for missing detections but struggles to distinguish small, visually similar
targets [34]. In contrast, DeepSORT integrates motion and appearance cues, providing a
favorable balance between ID consistency and computational efficiency, and thus serves as
a strong baseline for further improvement. Currently, tracking-algorithm enhancements
specifically targeting crop height measurement remain limited. Most existing studies
employ general-purpose tracking models, which do not fully complement the enhanced
detection modules and thus fail to form a specialized height-measurement system tailored
to the characteristics of specific crops and field environments.

Complex backgrounds and color-similar interference can significantly reduce object
detection accuracy in fresh corn harvesting scenarios. Occlusion and the close spatial
arrangement of ears often blur ear boundaries and cause false detections. Ears located
farther from the camera appear smaller and are more susceptible to missed detections
and spurious high-confidence boxes. Harvester-induced motion introduces positional
fluctuations across consecutive frames, leading to discontinuous detection outputs and
reduced height-measurement accuracy. To address these challenges, a dedicated corn ear
dataset was constructed. Unlike public datasets, it simulates real harvesting conditions in
both camera angle and installation height, and simultaneously records depth information
aligned with RGB images. Based on this dataset, a corn ear height detection framework
integrating YOLO-HAMDF and DI-DeepSORT was developed. High-precision ear local-
ization under complex field conditions is achieved through three modules: the TBDA
module, which incorporates multi-scale dynamic convolution and triple-attention fusion;
the GLSA module, which enables collaborative modeling of local and global features; and
the LQE, which integrates occlusion cues and dynamic score suppression. In addition, the
DBC-Net architecture and the proposed IDA-Kalman algorithm enhance the DeepSORT
framework, improving tracking stability and accuracy. Combined with depth information,
the overall framework provides robust ear detection and reliable height estimation in
challenging harvesting environments. The main contributions of this study are as follows:
(1) A YOLO-HAMDF model was designed, significantly improving corn ear recognition
accuracy under complex field conditions; (2) A DI-DeepSORT model was introduced
to address the limited feature-extraction capacity and non-adaptive observation-noise
modeling of traditional DeepSORT, thereby improving cross-frame tracking consistency;
(3) A corn ear height detection model (CEHD) was developed by integrating depth infor-
mation, enabling real-time monitoring of ear height in the field.
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2. Experimental Results and Analysis
2.1. Ablation Study

To evaluate the contribution of each module to corn ear height detection, ablation
experiments were conducted on the self-constructed fresh corn ear dataset (FCE-GBD
Dataset). YOLO11-L combined with the traditional DeepSORT was used as the baseline,
and each module as well as their combinations were tested multiple times. Five random
seeds were applied for each experiment to assess result stability, with both mean values
and standard deviations reported. The results are summarized in Table 1.

Table 1. Ablation studies on the FCE-GBD Dataset.

Baseline TBDA
1 GLSA 2 AQE 3 DI- Deep

SORT 4 mAP0.5 (%) MAE (cm) Pearson r FLOPs (G) Latency
(ms) FPS

√ × × × × 93.21 ± 0.18 6.52 ± 0.12 0.83 ± 0.01 86.9 32.1 ± 0.4 31 ± 0.4√ √ × × × 96.35 ± 0.12 5.26 ± 0.08 0.86 ± 0.01 87.4 33.5 ± 0.5 30 ± 0.5√ × √ × × 96.19 ± 0.15 5.19 ± 0.10 0.85 ± 0.01 87.3 33.2 ± 0.5 30 ± 0.5√ × × √ × 95.21 ± 0.10 4.15 ± 0.07 0.90 ± 0.01 87.1 32.8 ± 0.4 30 ± 0.4√ × × × √
93.21 ± 0.18 5.56 ± 0.09 0.84 ± 0.01 87.2 33.0 ± 0.4 30 ± 0.4√ √ √ × × 96.80 ± 0.10 4.90 ± 0.07 0.87 ± 0.01 87.8 34.6 ± 0.4 29 ± 0.4√ × √ √ × 96.75 ± 0.10 4.05 ± 0.06 0.91 ± 0.01 87.5 33.9 ± 0.4 29 ± 0.4√ √ × √ × 96.90 ± 0.09 4.00 ± 0.05 0.91 ± 0.01 87.6 34.2 ± 0.5 29 ± 0.4√ √ √ √ × 97.01 ± 0.08 3.50 ± 0.05 0.92 ± 0.01 88.0 35.3 ± 0.5 28 ± 0.4√ √ √ √ √
97.01 ± 0.08 3.21 ± 0.05 0.94 ± 0.01 88.3 36.5 ± 0.5 28 ± 0.4

1 Three-Branch Dynamic Attention module. 2 Global-Local Selective Aggregation module. 3 Adaptive Quality
Estimator. 4 DBC-IDA DeepSORT. “

√
” = module present, “×” = module absent.

For detection accuracy (mAP0.5), introducing individual modules TBDA, GLSA, and
AQE increased mAP0.5 to 96.35 ± 0.12%, 96.19 ± 0.15%, and 95.21 ± 0.10%, respectively,
with TBDA yielding the largest improvement. For pairwise combinations, mAP0.5 reached
96.80 ± 0.10% for TBDA + GLSA, 96.75 ± 0.10% for TBDA + AQE, and 96.90 ± 0.09%
for GLSA + AQE, demonstrating the synergistic effect of modules. The three-module
combination (TBDA + GLSA + AQE) achieved the highest mAP0.5 of 97.01 ± 0.08%, which
remained unchanged when all modules were employed simultaneously.

In terms of detection error (MAE) and correlation (Pearson r), single-module MAEs
were 5.26 ± 0.08 cm (TBDA), 5.19 ± 0.10 cm (GLSA), 4.15 ± 0.07 cm (AQE), and
5.56 ± 0.09 cm (DI-DeepSORT). Pairwise combinations yielded MAEs of 4.90 ± 0.07 cm
(TBDA + GLSA), 4.05 ± 0.06 cm (TBDA + AQE), and 4.00 ± 0.05 cm (GLSA + AQE), with
Pearson r ranging from 0.87 to 0.91 ± 0.01. The three-module combination achieved an
MAE of 3.50 ± 0.05 cm and Pearson r of 0.92 ± 0.01, while the full-module combination
yielded the lowest MAE of 3.21 ± 0.05 cm and the highest Pearson r of 0.94 ± 0.01.

Regarding inference efficiency, introducing single modules had minimal impact on
FLOPs (87.1–87.4 G), inference latency (32.8–33.5 ms), and frame rate (30–31 FPS). When all
modules were integrated, FLOPs increased to 88.3 G, latency rose to 36.5 ms, and frame rate
decreased slightly to 28 FPS. These results demonstrate a balance between high accuracy
and real-time performance suitable for field deployment.

Specifically, the three improved modules in YOLO-HAMDF each serve distinct func-
tions. The TBDA module employs multi-scale dynamic convolution combined with a
triple attention mechanism—SE channel attention, spatial attention, and energy function
attention—to fuse features across different receptive fields. This design enables the model
to capture both fine-grained variations and spatial structural characteristics of corn ears
while emphasizing foreground information and suppressing background interference from
leaves and weeds. As a result, adaptability and bounding-box stability are significantly
enhanced under complex scenarios. The GLSA module splits input features into local and
global branches. The local branch leverages depthwise separable convolutions, residual
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connections, and attention mechanisms to strengthen detailed representation in key re-
gions of the corn ears. The global branch captures long-range spatial dependencies and
supplements global semantic information. Together, these branches optimize feature rep-
resentation and contextual awareness. The AQE introduces an occlusion factor, dynamic
output, and a staged score fusion strategy. It effectively suppresses falsely high-confidence
boxes for occluded or distant targets, reducing misdetections and false positives. The staged
fusion strategy applies additive fusion during early training and transitions to multiplica-
tive fusion in later stages, improving training convergence and enhancing suppression of
low-quality targets. Collectively, the three modules enable the model to achieve higher
robustness and precision in dense, occluded, and scale-diverse field environments. They
provide a stable and reliable foundation for corn ear localization and height measurement.

Furthermore, the DI-DeepSORT plays a critical role in corn ear height detection. For
feature extraction, DBC-Net replaces the original CNN and employs multi-scale convo-
lution combined with channel–spatial attention to effectively highlight salient corn ear
features, enhancing cross-frame matching robustness. In addition, the traditional Kalman
filter is enhanced by breaking the constraint of fixed observation noise modeling. IDA-
Kalman dynamically adjusts the observation noise covariance matrix based on detection
confidence and per-dimension weighting, improving adaptability to occlusions and low-
confidence observations. Moreover, the introduced exponential smoothing mechanism
reduces jitter in the center position, further enhancing tracking stability and continuity.

2.2. Comparison Experiments
2.2.1. Comparison of Detection Performances

To validate the effectiveness of the proposed method for fresh corn ear detection, a
comparative evaluation was conducted on the FCE-GBD Dataset. The improved model
was evaluated against 17 mainstream object detection algorithms. These included CNN-
based detectors such as Faster R-CNN [35], Cascade R-CNN [36], YOLO5-L [37], YOLO8-L,
YOLO11-L [38], and YOLO13-L [39], as well as Transformer-based detectors, including
RT-DETRv3 [14] and Swin-T [13]. The results of the comparison are summarized in Table 2.

Table 2. Comparison of Detection Performances.

Method mAP@[0.5:0.95]
(%) mAP (%) mAP@0.75

(%) AP_S (%) AP_M (%) AP_L (%) Parameter
(M)

FLOPs
(G)

Faster R-CNN 74.32 79.24 68.50 52.1 76.3 88.5 41.12 216.30
Cascade
R-CNN 75.20 79.50 69.20 53.8 76.9 88.5 68.93 244.10

YOLO5-L 85.12 89.47 80.33 68.5 84.7 92.1 46.11 107.6
YOLO8-L 88.50 92.35 84.20 72.0 87.5 94.0 43.61 164.82

RT-DETRv3 87.20 91.50 83.10 70.5 86.0 93.0 52.0 180.0
Swin-T 88.10 92.70 83.90 65.0 87.0 94.5 60.0 210.0

YOLO11-L 89.21 93.21 85.50 73.2 88.2 94.5 25.3 86.9
YOLO13-L 90.05 94.10 86.70 74.0 89.0 95.0 28.0 92.0

YOLO-HAMDF 93.50 97.01 91.20 82.1 93.0 97.5 26.4 89.1

The experimental results indicate that among CNN-based detection methods, Faster
R-CNN and Cascade R-CNN achieved mAP0.5 values of 79.24% and 79.50%, respectively.
These models demonstrated relatively low accuracy and high computational complex-
ity (216.3–244.1 G FLOPs). The YOLO series performed better. YOLO5-L, YOLO8-L,
YOLO11-L, and YOLO13-L achieved mAP0.5 values of 89.47%, 92.35%, 93.21%, and 94.10%,
respectively, while maintaining a modest parameter count of 25.3–46.1 M and FLOPs rang-
ing from 86.9 to 164.8 G. This demonstrates a balance between accuracy and inference
efficiency. Transformer-based methods, RT-DETRv3 and Swin-T, achieved slightly higher
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mAP0.5 values of 91.50% and 92.70% compared with YOLO8-L. However, their larger
parameter sizes (52–60 M) and higher computational costs (180–210 G FLOPs) resulted in
relatively lower efficiency. The proposed YOLO-HAMDF model introduces TBDA and
GLSA modules, as well as the AQE, achieving significant performance improvements. It
attained mAP0.5 of 97.01%, mAP [0.5:0.95] of 93.50%, and mAP0.75 of 91.20%, with APS,
APM, and APL values of 82.1%, 93.0%, and 97.5% for small, medium, and large targets,
respectively. The model contains only 26.4 M parameters and 89.1 G FLOPs, outperform-
ing other comparative models in both accuracy and efficiency, fully demonstrating the
advantage of multi-module collaborative enhancement.

Figure 1 presents a comparison of confusion matrices across all detection models.
Among CNN-based models, Faster R-CNN and Cascade R-CNN achieved recall rates
of 0.78 and 0.79, indicating limited capability in detecting small, occluded, or sparsely
distributed corn ears in complex field environments. YOLO series models performed
better. YOLO5-L, YOLO8-L, YOLO11-L, and YOLO13-L achieved recall rates of 0.87, 0.91,
0.92, and 0.93, demonstrating stronger detection ability for multi-scale targets in complex
backgrounds. Transformer-based RT-DETRv3 and Swin-T achieved recall rates of 0.90
and 0.91, showing good performance for large targets but slightly weaker recognition for
small or sparse corn ears. The proposed YOLO-HAMDF achieved the highest recall rate of
0.95, representing an improvements of approximately 4% and 2% compared with Swin-T
and YOLO13-L, respectively. The combination of high recall and low miss rate highlights
the robustness and reliability of YOLO-HAMDF for corn ear detection under complex
field conditions.

Figure 1. Comparison of confusion matrices of different models evaluated on FCE-GBD. (A) Faster R-
CNN. (B) Cascade R-CNN. (C) YOLO5-L. (D) YOLO8-L. (E) RT-DETRv3. (F) Swin-T. (G) YOLO11-L.
(H) YOLO13-L. (I) YOLO-HAMDF.

2.2.2. Comparison of Tracking Performances

To objectively evaluate the performance of the improved IDA Kalman filter in corn ear
tracking, the tracking results of three methods were compared under identical detection
conditions: Raw Detection (direct outputs of the YOLO11 detector), Original Kalman (the
conventional Kalman filter), and IDA Kalman (the improved adaptive filter). All tests em-

https://doi.org/10.3390/plants1501003832



Plants 2026, 15, 38

ployed the YOLO-HAMDF model for corn ear detection. As shown in the Euclidean error
curves (Figure 2), the Raw Detection method exhibited the largest positional errors, with
obvious jitter and noise. The Original Kalman filter partially suppressed detection noise,
reducing errors; however, significant fluctuations were still observed during occlusion or
low-confidence observation periods (frames 40–60). In contrast, the IDA Kalman filter
substantially reduced overall errors and effectively suppressed fluctuations. Quantitative
analysis indicates that during the occlusion period, the root mean square error (RMSE) of
IDA Kalman was only 3.5 pixels, compared with 8.2 pixels for the Original Kalman filter
and 12.0 pixels for Raw Detection.

Figure 2. Euclidean position error over frames for corn ear tracking with different filtering strategies.

Furthermore, the proposed method was compared with DeepSORT, ByteTrack, and
StrongSORT. To ensure a fair comparison, all four tracking methods were evaluated using
the detection outputs from the YOLO11-L detector. As shown in Table 3, the proposed
method achieved a MOTA of 92%, outperforming DeepSORT (88%), ByteTrack (86%),
and StrongSORT (89%). This indicates that the introduction of the IDA Kalman filter
significantly improved the accuracy of target state prediction and association. Regarding the
IDF1 metric, the proposed method achieved 90%, higher than DeepSORT (85%), ByteTrack
(82%), and StrongSORT (87%). This demonstrates enhanced identity preservation and
effectively reduces target drift. The number of ID switches was only 15, considerably
lower than DeepSORT (30), ByteTrack (40), and StrongSORT (20), further confirming stable
tracking performance under occlusion and dense-target scenarios. Moreover, the proposed
method maintained high tracking accuracy while achieving a real-time processing speed of
30 FPS, indicating a well-balanced trade-off between efficiency and performance.

Table 3. Comparison of Tracking Performances.

Tracker MOTA (%) IDF1 (%) ID Switch FPS

DI- DeepSORT 92 90 15 30
DeepSORT 88 85 30 31
ByteTrack 86 82 40 22

StrongSORT 89 87 20 15

Overall, by integrating motion information, appearance features, and independent-
dimension adaptive noise modeling, the proposed method effectively improved corn ear
tracking accuracy in complex field environments. Moreover, it enhanced the stability
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of height estimation, demonstrating a clear performance advantage over conventional
DeepSORT, ByteTrack, and StrongSORT.

2.2.3. Comparison of Height Measurement Performances

To comprehensively assess the performance of the corn ear height measurement
system, multiple detector–tracker combinations were evaluated. Three object detectors—
YOLO-HAMDF, YOLO13, and Swin-T—were selected, together with two trackers, DBC-
IDA-Deep-SORT and StrongSORT. The comparative results of these combinations are
presented in Table 4. The selection of YOLO13, Swin-T, and StrongSORT was based
on the preceding comparative experiments (Sections 2.2.1 and 2.2.2). Specifically,
YOLO13 achieved the best performance among CNN-based detectors, Swin-T performed
best among Transformer-based detectors, and StrongSORT demonstrated the strongest
tracking capability.

Table 4. Comparison of Height Measurement Performances.

Detectors Trackers MAE (cm) Pearson r Latency (ms) FPS

Swin-T StrongSORT 3.98 ± 0.07 0.875 ± 0.02 53.0 ± 0.8 18.9 ± 0.3
Swin-T DI-DeepSORT 3.91 ± 0.07 0.88 ± 0.02 49.9 ± 0.7 20.0 ± 0.3

YOLO13 StrongSORT 3.60 ± 0.06 0.895 ± 0.01 46.0 ± 0.7 21.7 ± 0.3
YOLO13 DI-DeepSORT 3.51 ± 0.06 0.90 ± 0.01 42.9 ± 0.6 23.3 ± 0.3

YOLO-HAMDF StrongSORT 3.28 ± 0.05 0.915 ± 0.01 38.5 ± 0.6 26.0 ± 0.4
YOLO-HAMDF DI-DeepSORT 3.21 ± 0.05 0.92 ± 0.01 35.4 ± 0.5 28 ± 0.4

Under the unified use of the CHSM-PCM height estimation method, the performance
of each detector–tracker combination is summarized in Table 4. Overall, the detector’s
feature representation ability and the tracker’s appearance discrimination jointly deter-
mine both the accuracy and real-time performance of height measurement. Among all
combinations, YOLO-HAMDF + DBC-IDA-Deep-SORT achieved the best results (MAE
3.21 ± 0.05 cm, Pearson r 0.92 ± 0.01, latency 35.4 ± 0.5 ms, FPS 28 ± 0.4). This superiority
mainly stems from the higher localization accuracy of YOLO-HAMDF in complex field
backgrounds and the more stable appearance matching provided by DBC-IDA-Deep-SORT,
which together maintain better temporal consistency in the height estimation process.
When YOLO-HAMDF is combined with StrongSORT, although the re-identification capa-
bility is improved, the significantly higher computational cost leads to increased latency
and reduced FPS, resulting in a slight rise in MAE. For combinations using YOLO13, the
weaker feature extraction limits detection of occluded or distant corn ears, leading to
higher height estimation errors (MAE 3.51–3.60 cm). Although Swin-T possesses a strong
global attention mechanism, its performance on small or densely distributed corn ears is
inferior. Furthermore, its slower inference speed further degrades overall results, yielding
the lowest performance among all combinations (MAE 3.91–3.98 cm, FPS < 20).

In summary, the detector primarily determines height-measurement accuracy, while
the tracker mainly affects temporal stability and real-time performance. The combination of
YOLO-HAMDF and DBC-IDA-Deep-SORT achieves the optimal balance among accuracy,
robustness, and speed, making it the most practical and application-ready solution in
this study.

2.3. Visualization

To further validate the effectiveness of the proposed enhancement modules and the
overall framework under complex field conditions, a systematic visualization analysis was
conducted from multiple perspectives, including feature attention, detection performance,
feature distribution, and spatial filtering.

https://doi.org/10.3390/plants1501003834



Plants 2026, 15, 38

First, Eigen Grad-CAM was employed to visualize the feature responses of TBDA,
GLSA, and AQE within YOLO11-L (Figure 3). The results indicate that, compared with
the baseline YOLO11-L model, the TBDA module substantially reduces attention to leaf
regions while markedly enhancing attention to mid- and long-range corn ears. This
demonstrates that TBDA effectively suppresses background interference and strengthens
target-focused representation. Although the GLSA and the AQE module exhibit slightly
weaker suppression of leaf-related responses than TBDA, their heatmaps still show clear
improvements over the baseline. Moreover, all three modules display concentrated and
continuous attention distributions over target regions, indicating significantly enhanced
feature representation capability. These findings collectively support the improved ro-
bustness of the model in accurately detecting and localizing corn ears within complex
agricultural environments.

Figure 3. Eigen Grad-CAM visual comparison of feature maps.

Based on the module-enhanced model, the performance of various mainstream de-
tection methods was compared on field images of corn ears (Figure 4). Faster R-CNN
and Cascade R-CNN exhibited false positives, missed detections, and duplicate detections
under conditions of multiple occluded ears and complex backgrounds. YOLO5-L reduced
false and missed detections but still produced duplicate detections when ears were oc-
cluded. YOLO8-L further mitigated duplicate detections, though false positives and missed
detections remained. Transformer-based detectors, including RT-DETRv3 and Swin-T,
effectively handled large ears and suppressed background noise, accurately localizing
them. However, both models showed missed detections for small or densely occluded
ears. Swin-T slightly outperformed RT-DETRv3 in small-ear localization and recognition
but remained inferior to the later YOLO models. YOLO11-L achieved notable overall
improvements, largely eliminating false and duplicate detections, though missed detec-
tions persisted in scenarios with overlapping or small ears. YOLO13-L further enhanced
feature extraction over YOLO11-L, nearly eliminating missed detections, with only minor
deviations in ear boundary localization. In contrast, the proposed YOLO-HAMDF model
demonstrated superior performance in recognizing distant small ears and heavily occluded
ears, effectively reducing missed detections while improving localization accuracy.

The spatial filtering process is visualized in Figure 5. In the original image (Figure 5a),
red bounding boxes indicate corn ears in non-target picking rows, while blue boxes denote
ears within the target row. Using the depth map acquired by the RGB-D camera (Figure 5b),
the spatial distance of each pixel from the camera was extracted. Field measurements
show that the row spacing of corn is approximately 0.6 m. Considering that the mobile
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platform travels along the centerline between rows, a depth threshold of 0.5 m was applied
to distinguish target rows from non-target rows. This threshold not only fully includes the
plants in the target row but also effectively removes plants and ears in non-target rows
beyond 0.5 m. Consequently, irrelevant information is eliminated from the original RGB
image, resulting in a background-removed image that retains only the ears in the target
row (Figure 5c).

Figure 4. Detection Results of Different Methods.

Figure 5. Detection Box Filtering Based on Depth Values. (a) Original image. (b) Depth image.
(c) Image with removed background. Red boxes: non-target row ears; blue boxes: target row ears.
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In the target-tracking section, t-SNE visualization was applied to features extracted by
the original CNN module and the proposed DBC-Net module (Figure 6). The results show
that the original CNN has limited discriminative ability for corn ear appearance features in
complex field environments, with feature distributions of different ears largely overlapping.
In contrast, DBC-Net significantly improves feature separability, producing more compact
clusters for the same ear and greater separation between different ears, thereby providing a
robust basis for stable tracking using DI-DeepSORT.

The modules function synergistically to form the corn ear height measurement frame-
work. This system not only achieves spatial focus on the target planting rows but also
demonstrates higher temporal stability in height estimation. The resulting height measure-
ments are shown in Figure 7, further validating the reliability and practical applicability of
the framework in real-world field environments.

Figure 6. Visualization of the extracted appearance features of corn ears. (a) CNN outputs visual-
ization results of corn ear appearance features (b) DBC-Net outputs visualization results of corn ear
appearance features.

Figure 7. Height Detection Result. Green boxes: detected targets.
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3. Discussion
This study developed a corn ear height measurement model based on YOLO-HAMDF

and DI-DeepSORT, effectively addressing challenges in field environments such as se-
vere occlusion, complex backgrounds, and large variations in ear size. The model en-
hances ear localization accuracy through the TBDA, GLSA, and AQE modules. Depth
information is employed to filter non-target regions, and, combined with DI-DeepSORT,
stable height sequences are obtained for each ear, providing reliable input for subsequent
mechanized operations.

However, the experiments were primarily conducted in fresh corn field scenarios and
did not include systematic benchmark testing on large-scale general-purpose datasets such
as COCO. Although YOLO-HAMDF demonstrates excellent performance in agriculture-
specific tasks, its generalizability remains to be further validated. Future work will conduct
benchmark evaluations on public datasets like COCO according to mainstream computer vi-
sion standards. Independent ablation studies of the TBDA, GLSA, and LQE modules across
tasks and datasets will also be conducted to comprehensively assess their transferability and
structural contributions, thereby strengthening the model’s novelty and generalizability.

In practical applications, the model’s output “height sequences” are not intended
for direct point-wise control of harvester parameters. Instead, they are used to construct
smoothed and robust dynamic adjustment strategies for the cutter bar. The automatic corn
ear detection and height measurement model provides real-time continuous distributions
of ear height. By applying sliding-window fusion, trend filtering, and stability evaluation,
control signals suitable for the actuator are generated, enabling adaptive adjustment of the
cutter bar. This strategy prevents frequent mechanical oscillations while optimizing opera-
tional parameters according to real-time field information, demonstrating clear engineering
value. Future work will establish a mapping model between corn ear height distributions
and cutter bar adjustment parameters, deploying it on edge devices to achieve closed-loop
control of harvester operations.

4. Materials and Methods
4.1. FCE-GBD Dataset

The study was conducted at a fresh corn planting site in Shenyang, Liaoning Province,
China, as shown in Figure 8A. Image data were collected over eight sessions from July
to August 2025, covering different dates, eight independent plots, and various lighting
conditions—including sunny, cloudy, and backlit afternoons—to ensure sufficient temporal,
spatial, and illumination diversity. RGB and depth images were simultaneously captured
using an Intel RealSense D435i depth camera (Intel Corporation, Santa Clara, CA, USA),
which operates over a range of 0.2–3 m with a depth measurement error of less than 2%
within 2 m. The fresh corn image acquisition platform and its schematic are shown in
Figure 8B,C. The platform comprises a field-walking device, the D435i depth camera, and a
laptop (Lenovo Group Ltd., Beijing, China), with the camera mounted on a gimbal fixed
to the walking device. To simulate actual harvester operating conditions, the camera was
installed at a height (h) of 1.8 m, with a pitch angle (α) of 45◦, and positioned at a horizontal
distance (d) of approximately 30–50 cm from the crop row centerline. The variable H
represents the measured height of corn ears under these conditions.

Significant variations in corn plant height and leaf density were observed across the
plots. In some plots, dense foliage partially occluded the ears, whereas sparse leaves in
other plots left ears more exposed. These variations increase the difficulty of accurate
detection. To enhance the generalization and robustness of the model under diverse field
growth conditions, images were collected to cover a range of plant heights, ear sizes,
and occlusion scenarios, as illustrated in Figure 2. In Figure 9g, ears are fully exposed,
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facilitating detection; in Figure 9h, ears are partially occluded by leaves, increasing detection
difficulty; and in Figure 9i, distant ears appear smaller with greater overlap and occlusion,
posing further challenges. A total of 4000 raw RGB images and corresponding depth maps
were collected, encompassing diverse growth conditions.

Figure 8. Test area and image acquisition platform. (A) Test area. (B) Fresh waxy corn image
acquisition mobile platform 1. D435i depth camera 2. Computer 3. Mobile car. (C) Principle
Schematic of Depth Camera.

Figure 9. Images of fresh corn under varying growth conditions. (a) Low ear, (b) Medium-height ear,
(c) High ear, (d) Small ear, (e) Medium-size ear, (f) Large ear, (g) Fully exposed ear, (h) Occluded ear,
(i) Distant and occluded ear.
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All images were manually annotated using LabelImg software (version 1.8.4) to obtain
ground-truth positions of fresh corn ears. A standardized annotation protocol was followed:
only the visible main regions of ears were labeled; heavily occluded ears that remained
partially recognizable were annotated according to their visible portions; objects that
were entirely invisible or had minimal visible parts, preventing confirmation of target
attributes, were excluded. All annotations were cross-checked by a second annotator to
ensure consistency and accuracy of bounding boxes.

The dataset was divided into training, validation, and test sets at an 8:1:1 ratio, con-
taining 3200, 400, and 400 images, respectively. Splitting strictly adhered to a sequence-
independent principle, ensuring that images from the same plot or captured consecutively
on the same day did not appear in different subsets, thereby preventing data leakage. The
resulting dataset was named the FCE-GBD Dataset.

4.2. CEHD

The framework of the proposed corn ear height detection (CEHD) is illustrated in
Figure 10. Images are first input into the YOLO-HAMDF network for ear detection, and
non-target ears in adjacent rows are filtered using depth maps to reduce false positives.
The filtered bounding boxes are then passed to the DI-DeepSORT module to achieve
continuous and stable cross-frame tracking of individual ears. For each tracked target,
the CHSM-PCM module computes the local point cloud by back-projecting depth pixels
within the predicted bounding box, removing outliers, and calculating the median height.
Combined with the camera′s extrinsic parameters, the absolute height of the ear relative
to the ground is obtained. Through the coordinated processes of detection, tracking, and
height estimation, the framework enables high-precision recognition and reliable height
measurement of corn ears under complex field conditions.

Figure 10. The architecture of CEHD. Green boxes: detected targets.

4.3. YOLO-HAMDF
4.3.1. YOLO-HAMDF Architecture

The network framework was designed based on YOLO11-L with several efficient
module innovations, resulting in the proposed YOLO-HAMDF network. The overall
architecture is illustrated in Figure 11. An innovative TBDA module was introduced to
replace the original C3 module in the backbone. By combining multi-scale convolutional
branches with channel attention, this module effectively enhances the capture of ear details
at different scales. To further strengthen feature representation, a GLSA module was
incorporated into the Neck, replacing the original YOLO11-L Concat + C3k2 modules
with Fusion + Node-Mode + GLSA modules, which were stacked three times at each
scale. Finally, the traditional detection heads were replaced with the AQE module to better
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integrate with depth camera data for corn ear height estimation. The detailed construction
of the network is described in the following sections.

Figure 11. Architecture of the proposed YOLO-HAMDF. (A) Overall architecture. (B) Architecture of
TBDA. (C) Architecture of GLSA. (D) Architecture of AQE.

4.3.2. TBDA

Attention mechanisms allow networks to focus on critical features, thereby enhancing
object recognition. To address challenges posed by complex background interference in
corn ear height detection, the TBDA module was designed. It integrates multiple attention
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mechanisms to strengthen feature representation and improve detection accuracy, as shown
in Figure 12.

Figure 12. Architecture of TBDA.

The module first introduces a dynamic convolution structure based on a gating mech-
anism to enable adaptive modeling of multi-scale features. It contains four convolutional
branches with kernel sizes of 1 × 1, 3 × 3, 5 × 5, and 7 × 7. A lightweight gating network
dynamically generates weight coefficients for each branch. Specifically, global average
pooling is applied to the input feature map to extract contextual information, followed by
a 1 × 1 convolution and a Sigmoid function to produce branch-specific weight responses.
The convolution outputs of all branches are then combined via weighted fusion along the
channel dimension, allowing selective enhancement across different receptive fields.

A three-branch attention structure further strengthens feature representation. The first
branch uses a channel attention (CA) module to emphasize important semantic channels
and suppress irrelevant or noisy channels, enabling the model to focus on spectral and
textural features critical for corn ears. The second branch employs a spatial attention
(SA) module to highlight regions with strong responses, reinforcing target areas and
suppressing background interference, thereby improving localization precision and spatial
sensitivity. The third branch applies an energy function (EF) to generate spatial weights
based on statistical differences, adaptively amplifying locally salient features and enhancing
discriminability under complex backgrounds. Finally, the outputs of the three branches are
fused using learnable parameters, providing complementary enhancement across channel,
spatial, and energy information and further improving detection performance.

4.3.3. GLSA

From an overall perspective, although the backbone integrates the innovative TBDA
convolution with efficient modules such as SPPF and C2PSA to enhance high-level semantic
feature representation and suppress background interference, it still struggles to capture
long-range dependencies. In complex field scenarios, the network remains susceptible
to background distractions, occlusions, and target deformations. To address this issue,
the Global-Local Selective Aggregation (GLSA) module was introduced (Figure 13) to
enhance feature representation at the Neck stage, thereby improving the localization and
recognition accuracy of corn ears. The GLSA module is deployed at the forefront of three
detection branches—P3 (low-to-mid level), P4 (mid-to-high level), and P5 (high level)—so
that each branch receives enhanced GL features before entering the fusion and decoding
paths, effectively improving the perceptual and discriminative capacity of the base features.

Within the GLSA module, the input feature channels are divided into two branches: the
Local branch employs a lightweight MLP-style GLSA Conv Branch to model fine-grained
features such as local textures and edges; the Global branch leverages a context block
based on contextual attention to aggregate global contextual information, complementing
the spatial-structural semantics of the target. The outputs of the two branches are then
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concatenated along the channel dimension and integrated through a convolution to produce
a unified output.

Figure 13. Architecture of GLSA.

The semantic features enhanced by the GLSA module provide stable support for the
subsequent LQE, which is based on boundary quality estimation, thereby improving the
accuracy and reliability of predicted bounding boxes. By serving as a bridge for global–local
information interaction between the backbone and detection heads, the GLSA module
demonstrates strong adaptability and robustness in real-world field detection scenarios.

4.3.4. AQE

In recent years, LQE had been widely adopted in the field of object detection. It
statistically analyzed the probability distribution of bounding box regression, extracted
key distribution features, and then employed a multi-layer perceptron to predict a quality
score, which was used to adjust and optimize the bounding box ranking in object detection.
This approach effectively improved the accuracy and reliability of the predicted bounding
boxes. The specific steps were as follows:

First, the predicted bounding box corner point distribution P ∈ RB×(4×reg)×H×W was
normalized using softmax to obtain the probability distribution prob of each regression
category at every location.

prob = so f tmax(P) (1)

From the normalized probability distribution, the top K highest probabilities are se-
lected, and their mean was computed to serve as the statistical feature stat for that location.

stat = [top− k(prob), mean(top− k(prob))] (2)

The statistical feature was then fed into a multilayer perceptron (MLP) to generate
a single-channel quality score Q, which reflected the confidence of the bounding box
prediction at that location.

Q = MLP(stat) (3)

Finally, the LQE integrated the quality score with the initial classification confidence
to refine the final bounding box score S′, thereby providing a more accurate measure of
detection quality.

S′ = S + Q (4)

Through the above process, the LQE not only relied on classification scores but also
incorporated statistical information from the regression distribution, thereby effectively
improving localization accuracy. However, the original LQE model presented a potential
issue when dealing with partially occluded or distant fresh corn ears: such hard-to-classify
targets could receive high bounding box quality scores due to relatively accurate localiza-
tion, even when their classification confidence was insufficient. As a result, these unreliable
boxes might still be output by the detector, leading to false detections that not only reduced
overall detection accuracy but also hindered subsequent corn height estimation. To address
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this issue, the LQE module was further enhanced to propose the AQE, with the module
architecture shown in Figure 14.

Figure 14. Architecture of AQE.

First, an occlusion factor O was introduced, which was derived from the initial classi-
fication score S through a Sigmoid activation:

O = σ(S) (5)

This factor was employed to adjust the confidence of the bounding box. In cases where
the classification score was low but the box quality score was high, the final score of the
detection box was reduced to support subsequent height estimation. Specifically, when
the detection score did not meet the requirement, the box was temporarily suppressed
until occlusion decreased and the classification score increased as the machine advanced.
The detection box was finally output only when the overall score S′ reached the threshold
(empirically S′ ≥ 0.75).

In addition, a dynamic adjustment strategy was introduced during training. In the
early training stage, an additive approach was adopted to encourage the model to learn as
much comprehensive information as possible.

S′ = S + Q×O (6)

In the later stage, after the model had converged, a multiplicative fusion strategy was
adopted to more strictly suppress detection responses from low-quality regions.

S′ = S× σ(Q×O) (7)

This strategy enabled the model to suppress output when detection performance was
suboptimal, and to release the corresponding prediction boxes only after the confidence
had gradually increased, thereby effectively avoiding overestimation caused by low-quality
boxes and enhancing the robustness and reliability of corn ear height detection.

4.4. DI-DeepSORT
4.4.1. DI-DeepSORT Architecture

In this study, the traditional DeepSORT tracking framework was systematically en-
hanced, resulting in the proposed DI-DeepSORT (Figure 15). First, to improve the rep-
resentation of object re-identification (ReID) features, the DBC-Net was designed. This
network, based on a dual-line convolution structure combined with a channel–spatial atten-
tion mechanism (CBAM), more effectively captures the spatial–spectral features and local
details of targets, thereby enhancing the discriminability of multi-object features. Second,
to address the sensitivity to noise and position jumps in conventional Kalman filtering for
state estimation, the Independent-Dimension Adaptive Kalman Filter (IDA-Kalman) was
introduced. This filter adaptively adjusts measurement noise along independent dimen-
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sions and applies smoothing to the position center, ensuring stable trajectory estimation
under complex conditions. The combined improvements significantly enhance the accu-
racy and robustness of multi-object tracking with the modified DeepSORT in challenging
scenarios.

Figure 15. Architecture of the proposed DI-DeepSORT. (A) Overall architecture. (B) Architecture of
DBC-Net. (C) Architecture of IDA-Kalman.

4.4.2. DBC-Net

The DBC-Net architecture is illustrated in Figure 16. In the backbone branch, three
convolution operations are sequentially applied with kernel sizes of 1, 3, and 5, and
corresponding padding sizes of 0, 1, and 2. Convolutional kernels of different scales extract
features from multiple receptive fields: the 1 × 1 convolution primarily compresses and
fuses channel information, the 3 × 3 convolution captures fine-grained local features,
and the 5 × 5 convolution encodes broader contextual information. This multi-scale
convolutional design enables the network to preserve local textural details of corn ears
while enhancing its perception of the overall structure. The features obtained from the three
convolutional branches are subsequently fused and fed into the CBAM module. Within
CBAM, channel and spatial attention mechanisms are used to weight the features. Adaptive
average pooling (AAP), a flattening layer, and a fully connected (FC) layer are applied
to generate the final feature representation. By integrating local fine-grained details with
global structural information, the network achieves a more comprehensive representation
of corn ear features.

4.4.3. IDA-Kalman

In the conventional DeepSORT framework, the Kalman filter was used to pre-
dict object states and update trajectories, with the target state vector defined as:

xk =
[

x, y, a, h,
.
x,

.
y,

.
a,

.
h
]T

.
Here, (x,y) represents the target center position, a denotes the width-to-height ratio,

h is the target height, and
.
x,

.
y,

.
a,

.
h corresponds to the respective velocities. During the
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prediction stage, the target state in the current frame was estimated by the Kalman filter
based on the state from the previous frame:

xk|k−1 = Fxk−1|k−1 + Buk (8)

Pk|k−1 = FPk−1|k−1FT + Q (9)

F is the state transition matrix, B is the control matrix, and Q is the process noise
covariance matrix. When the detector provided new observations, the Kalman filter used
these measurements to correct the predicted state:

Kk = Pk|k−1HT
(

HPk|k−1HT + R
)−1

(10)

xk|k = xk|k−1 + Kk

(
zk − Hxk|k−1

)
(11)

Pk|k=(I − Kk H)Pk|k−1 (12)

H is the observation matrix, R is the observation noise covariance matrix, and zk

represents the observation provided by the detector. In conventional Kalman filtering, Q
and R are typically set as fixed values. However, in practical object detection scenarios, the
quality of detector outputs may vary significantly due to changes in illumination, occlusion,
and target scale. A fixed R cannot adequately reflect the uncertainty of observations,
causing the filter to over-rely on noisy measurements when detection confidence is low,
which may result to bounding box instability.

Figure 16. The structure diagram of the DBC-Net in this study.

To address the insufficient targeted modeling of measurement noise in conventional
Kalman filtering, the Independent-Dimension Adaptive Kalman Filter (IDA-Kalman) was
proposed in this study, as illustrated in Figure 17.

Figure 17. The structure diagram of the IDA-Kalman in this study.

This method introduces improvements in measurement noise modeling and position
update strategies to enhance the robustness of multi-object tracking in complex scenarios.
The observation noise covariance matrix in IDA Kalman was redefined as:

Rt = diag
(

σ2
x , σ2

y , σ2
a , σ2

h

)
(13)
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Here, the measurement noise σi for each dimension is dynamically adjusted using the
weighted detection confidence c ∈ [0, 1]:

σx = max(1− c, ε) · w · ht−1

σy = max(1− 0.8c, ε) · w · ht−1

σa = max(1− 0.5c, ε) · 0.1
σh = max(1− c, ε) · w · ht−1

(14)

ht−1 represents the target height in the previous frame, w is the position normalization
weight, and ε = 0.01 denotes the noise lower bound, preventing the noise from becoming
too small as c approaches 1. In this study, the measurement noise weights are individually
defined for the four state dimensions based on empirical detection performance. Compared
with the fixed R in conventional Kalman filtering, IDA Kalman can independently adjust
the noise magnitude according to detection confidence and dimension-specific weights,
relying more on observations when detection is reliable and more on predictions when
detection is uncertain, thereby enhancing the filter’s adaptability to uncertainty. The
improved Kalman gain formula is expressed as:

Kt = Pt|t−1HT
(

HPt|t−1HT + Rt

)−1
(15)

x′t = xt|t−1 + Kt

(
zt − Hxt|t−1

)
(16)

Rt has already been dynamically adjusted according to the detection confidence. In
addition, to further suppress the jitter of the center position (x,y), an exponential smoothing
mechanism is introduced. After incorporating this mechanism, the expression for xt is as
follows, and yt is treated similarly:

xt = αxt−1 + (1− α)x′t (17)

α ∈ [0, 1] represents the smoothing coefficient, with larger values indicating a more
stable position.

By employing independent-dimension adaptive noise modeling and smoothing up-
dates of the center position, the filter’s adaptability to observation uncertainty is signifi-
cantly enhanced, effectively improving the stability and accuracy of multi-object tracking
in complex environments.

4.5. CHSM-PCM

After achieving continuous and stable tracking of corn ears, the Corn Height Solving
Module based on Point-Cloud Median (CHSM-PCM) was applied to each tracked target to
estimate its height, as illustrated in Figure 18. The predicted bounding boxes obtained from
tracking were used as input, and the corresponding depth pixels within each box were
back-projected to form a local point cloud. Depth outliers were removed, and the spatial
height of each corn ear relative to the camera was computed as the median along the height
axis of the point cloud. By incorporating the camera’s extrinsic parameters, including
installation height and tilt angle, the absolute height of each corn ear relative to the ground
was obtained, enabling reliable height estimation for all target ears in each frame.

4.6. Experimental Settings
4.6.1. Parameter Settings

In this study, the deep learning hardware platform for the fresh corn ear detection task
consisted of a laptop equipped with an Intel Core i7-11700 CPU (8 cores, Intel Corporation,
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Santa Clara, CA, USA), 16 GB of RAM, and an NVIDIA GeForce GTX 4060 GPU (16 GB
VRAM, 3584 CUDA cores, NVIDIA Corporation, Santa Clara, CA, USA). A single GPU was
used during training, with an average iteration time of approximately 30 s per epoch. The
software environment included Python 3.8.8, PyTorch 1.9.0, torchvision 0.10.0, CUDA 11.1,
and OpenCV-python 4.5.3.

Figure 18. Architecture of the proposed CHSM-PCM.

The network input size was set to 640 × 640 pixels, with a batch size of 4 and a total
of 300 training iterations. Stochastic gradient descent (SGD) served as the optimizer, with
a momentum of 0.937, weight decay of 5 × 10−4, and an initial learning rate of 0.01. A
cosine annealing schedule was applied to dynamically adjust the learning rate and improve
training stability. During training, data augmentation was performed, including random
horizontal flipping, rotation (±15◦), brightness/contrast adjustment, random cropping,
and HSV color space perturbation, to enhance model generalization. All models used for
corn ear detection were trained on the same dataset with identical parameters to ensure
fairness and consistency in comparative evaluations.

4.6.2. Evaluation Metrics

In the field of fresh maize ear detection, commonly used performance evaluation
metrics include IoU (Intersection over Union), Precision, Recall, and mAP (mean Average
Precision). In object detection tasks, a target is generally considered successfully detected
when IoU exceeds 0.5; therefore, an IoU threshold of 0.5 was adopted in this study. True
Positives (TP) are defined as the number of positive samples correctly identified as maize
ears, whereas False Positives (FP) denote the number of negative samples incorrectly
classified as maize ears. True Negative (TN) denotes the number of negative samples
correctly recognized as non-maize ears, and False Negative (FN) represents the number
of actual maize ears that were not detected. Precision is calculated as the proportion of
correctly identified maize ears among all predicted maize ears, while Recall is calculated as
the proportion of correctly identified maize ears among all actual maize ears. The formulas
for these metrics are expressed as follows:

Precision =
TP

TP + FP
(18)

Recall =
TP

TP + FN
(19)

In this study, model performance is comprehensively evaluated using multi-scale
and multi-threshold mean Average Precision (mAP) metrics, including mAP@[0.5: 0.95],
mAP@0.5, and mAP@0.75, along with average precision (AP) for targets of different sizes
according to the COCO standard. During mAP calculation, the confidence threshold for
predicted boxes is set to 0.25, and non-maximum suppression (NMS) with a threshold of
0.45 is applied to remove duplicate detections.

Furthermore, to comprehensively assess the accuracy of the corn ear height detection
model integrating object detection with depth information, mean absolute error (MAE) and

https://doi.org/10.3390/plants1501003848



Plants 2026, 15, 38

the Pearson correlation coefficient (r) are employed as evaluation metrics. MAE provides
an intuitive measure of the average deviation between predicted and manually measured
heights, expressed in the same units as corn ear height, thus serving as a suitable metric for
evaluating height measurement errors. Manual measurements were performed using a
steel tape measure (minimum scale 1 mm), from the ground at the center of the inter-row
space to the midpoint of each ear. Each sample was independently measured twice by two
experimenters, and the mean of the two measurements was used. The standard deviation
of repeated measurements was less than 0.5 cm, confirming the reliability of the ground-
truth heights. The Pearson correlation coefficient quantifies the linear relationship between
automated measurements and manual references, reflecting the consistency and stability
of the predicted trends. This metric complements MAE by providing insight into trend
agreement, thereby enabling a more comprehensive evaluation of model performance.

The specific formulas are as follows:

MAE =
1
N

N

∑
i=1
|ŷi − yi| (20)

where ŷi denotes the machine-measured height of the i − th sample, yi represents the
corresponding manually measured height, and N is the total number of samples.

r = ∑N
i=1 (ŷi − ŷ)(yi − y)√

∑N
i=1
(
ŷi − ŷ

)2
√

∑N
i=1(yi − y)2

(21)

ŷ and y denote the mean values of the machine-measured and manually measured
heights, respectively, and r ranges from−1 to 1, with values closer to 1 indicating a stronger
linear correlation between the two sets of measurements.

5. Conclusions
This study integrates RGB and depth image data to address the challenges of corn

ear detection in complex fresh corn field environments and proposes a corn ear height
measurement model based on YOLO-HAMDF and DI-DeepSORT. Compared with conven-
tional detection methods, the model employs the innovatively designed TBDA multi-scale
dynamic convolution module, GLSA global-local feature aggregation module, and the
improved AQE detection head, integrated with the DI-DeepSORT tracking module, thereby
significantly enhancing both ear recognition accuracy and height measurement precision.
The main conclusions are as follows:

(1) The synergistic integration of TBDA, GLSA, and AQE allows the model to achieve en-
hanced feature representation and discriminative capability in complex backgrounds
and densely distributed corn ear scenarios. Under the combined effect of these
modules, the model attains a detection accuracy of 97.01%, outperforming other
state-of-the-art methods.

(2) By incorporating depth information from the Intel RealSense camera, non-target row
ears can be effectively filtered, thereby reducing interference from non-target ears and
enhancing both computational efficiency and practical applicability of the system.

(3) The integration of the IDA Kalman filter with the DBC-Net feature extraction network
facilitates more stable cross-frame matching. When paired with the YOLO-HAMDF
model for height measurement, the MAE is reduced to 3.21± 0.05 cm, and the Pearson
correlation coefficient increases to 0.92 ± 0.01. This effectively mitigates detection box
jitter caused by occlusion or detection fluctuations, providing continuous and reliable
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input for height curve extraction, further enhancing the overall stability and accuracy
of the measurement.
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The following abbreviations are used in this manuscript:

RGB Red, Green, Blue
CNN Convolutional Neural Network
mAP Mean Average Precision
IoU Intersection over Union
MAE Mean Absolute Error
TBDA Three-Branch Dynamic Attention module
GLSA Global-Local Selective Aggregation module
LQE Location Quality Estimator
AQE Adaptive Quality Estimator
DI-DeepSORT DBC-IDA DeepSORT
DBC-Net Dual-Branch Convolutional Network
IDA-Kalman Independent-Dimension Adaptive Kalman Filter
CHSM-PCM Corn Height Solving Module based on Point-Cloud Median
FPS Frames per Second
CEHD Corn Ear Height Detection framework
FCE-GBD Dataset Fresh Corn Ear—Ground-Based RGB-D Dataset
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Abstract: This study sought to screen 45 maize (Zea mays L.) inbred lines for tolerance
to combined drought and heat stress (CDHS) and identify the leaf proteome patterns of
two inbred lines with contrasting stress response at early vegetative stage. Biomass accumu-
lation was significantly reduced under CDHS compared to optimum conditions. Further-
more, CDHS-tolerant inbred lines exhibited significantly lower (p < 0.05) leaf temperatures
(28.6 ◦C) and higher sub-stomatal CO2 concentration (9012 mol mol−1) and photosynthetic
yield (0.69) under stress. The tolerant (CIM18) and susceptible (QS21) inbred lines were
exposed to stress by maintaining a field capacity of 25% for 7 days and increasing the daily
ambient temperature by 5 ◦C from 25 ◦C to 40 ◦C. Conventional two-dimensional elec-
trophoresis analysis was used to compare leaf protein expression profiles, and significant
differences (p < 0.05) were observed. Out of a total of 505 proteins, 114 showed significant
quantitative variation. Of these, 62 proteins had a twofold upregulation in CIM18, while
52 were downregulated. Twenty upregulated proteins were selected for amino acid micro-
sequencing, and 11 proteins were uniquely expressed in CIM18. The other nine proteins
had ≥ twofold upregulation in CIM18 compared to QS21. The functions of the identified
proteins included defence, metabolism, photosynthesis and structure.

Keywords: combined stress; climate-resilient; physiological traits; proteomics

1. Introduction
Maize (Zea mays) is the third most important cereal crop and plays a significant role in

economic development and global food security [1]. However, its production encounters a
wide array of abiotic stressors, such as combined drought and heat stress (CDHS). Maize
is highly sensitive to severe CDHS at early vegetative stages, which can greatly reduce
total crop stand and increase its vulnerability to pests and diseases [2]. Grzesiak et al. [3]
reported a close correlation between maize seedling growth and grain yield under drought
stress. Combined drought and heat stress presents a unique set of challenges, as the
simultaneous occurrence of these conditions can exacerbate the negative effects of each
stress on maize physiology. These stressors can cause protein dysfunction, which severely
impacts maize growth and development, subsequently reducing grain yield [4]. This
necessitates the development of tolerant varieties, especially, in the Sub-Saharan region,
where both stressors are quite prominent early in the season.

Adaptability to drought or heat stress in maize has been attributed to various physio-
logical traits such as photosynthetic efficiency, stomatal conductance, leaf water potential
and antioxidant enzyme activity [4]. By investigating these physiological variables, re-
searchers can gain insights into the mechanisms underlying maize’s resilience to CDHS.
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This knowledge is essential for developing strategies to improve maize tolerance and
ensure sustainable agricultural productivity in the face of climate change.

Generally, plants respond uniquely to the occurrence and severity of abiotic stressors
at different stages of crop growth, thereby increasing the complexities of breeding for
climate-resilient varieties. However, different omics approaches, such as transcriptomics,
metabolomics, phenomics, proteomics, etc., have significantly advanced smart breeding
programs [5]. The proteomic approach is an important technique which provides great
perceptions and understanding of plant responses to abiotic stressors at the protein level [6],
capturing cell activity at a given time [5]. This method focuses on the actively translated
portion of the genome, thus providing information missing in deoxyribonucleic acid (DNA)
or messenger RNA analysis methods [7].

Proteomic analysis has been used to screen genotypes for drought and/or heat stress
tolerance [6]. Comparative protein analysis has been conducted in maize [8], wheat [9],
soybean [10] and several field crops exposed to drought stress [11,12]. Limited water
stress can result in modification of several proteins such as aquaporins, dehydrins, heat
shock proteins and late embryogenesis abundant (LEA) proteins [6]. Dehydrins are known
to accumulate during late embryogenesis and on vegetative tissues of stressed (i.e., via
drought, heat, salinity and cold) plants. They are therefore a group of LEA proteins that
are synthesized more abundantly under stress and induce accumulation of abscisic acid
(ABA). There is substantial evidence in the literature that shows how the accumulation of
dehydrins confers tolerance to several abiotic stressors, including drought [13].

Heat stress influences the structure of cell membranes and physiological processes
such as respiration and photosynthesis [14]. When temperatures increase, normal protein
synthesis declines and stress-related proteins such as heat shock proteins (HSPs) accumu-
late, allowing the plant to adjust, which is necessary for conferring tolerance [15]. These
proteins can be classified into five families based on their molecular masses: HSP100,
HSP90, HSP70, HSP60 and small HSPs. The more abundant and diverse the HSPs, the
more adapted a plant is to heat stress [16].

Proteomic analysis is increasingly becoming a biomarker of choice in marker-assisted
selection (MAS) studies, where the unique protein associated with a trait is used to identify
tolerant genotypes [17]. Proteomic research into maize plants subjected to individual abiotic
stressors is well documented, but far fewer investigations have been conducted under
combined stresses [18]. Previous proteomic studies have indicated that gene expression
maybe altered, resulting in protein expression changes in plants subjected to heat and
drought stress.

Over the years, a lot of technological advancement with regard to proteomic anal-
ysis, from conventional gel electrophoresis to label-free protein identification, has been
observed [19]. Several proteomic technologies, such as mass spectrometry, protein arrays,
affinity proteomics, ELISA and Western blot, have been developed [20]. However, the
separation of expressed proteins using the convectional two-dimensional electrophoresis
method is still useful. Proteomics relies on readily available genome sequence data to
identify proteins of interest. Where sequences are not available, the proteins can be identi-
fied through similarity searches using homologous proteins from closely related species.
Therefore, the objective of this study was to screen maize inbred lines for tolerance to CDHS
and to identify proteins associated with maize tolerance at the seedling stage.
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2. Results
2.1. Effect of Combined Drought and Heat Stress on Physiological Traits of Maize and Biomass
2.1.1. Analysis of Variance

Sub-stomatal CO2 (Ci), leaf temperature (Tleaf), photosynthetic yield (PSII) and shoot
and root dry weight were highly significantly different (p < 0.001) among inbred lines
exposed to CDHS (Table A1).

2.1.2. Sub-Stomatal CO2

Combined drought and heat stress exhibited a significant (p < 0.001) increase in
CO2 uptake compared to optimum conditions. Inbred line CIM 20 recorded the highest
sub-stomatal CO2 of 9012 mol mol−1 under CDHS (Table 1). However, QS21 recorded
significantly lower sub-stomatal CO2 (531 mol mol−1) and was part of the bottom
five lines that showed great sensitivity to combined stress (Table 1). On the other hand,
CIM 18 showed moderate tolerance by recording a sub-stomatal CO2 of 3403 mol mol−1.

Table 1. Mean physiological changes and biomass of the top ten and bottom ten genotypes under
combined drought and heat stress.

Rank PSII Ci (mol mol−1) T Leaf (◦C) SDW (g) RDW (g)

1 QS17 0.69 a CIM20 9012.00 a CIM15 35.10 a QS22 0.17 a CIM12 0.09 a

2 QS1 0.69 ab QS23 9012.00 a QS25 34.60 a CIM12 0.14 ab QS22 0.08 ab

3 QS30 0.68 a–c CIM9 5506.00 b QS1 34.35 ab CIM18 0.14 a–c CIM18 0.08 a–c

4 QS16 0.67 a–c CIM13 b 5506.00 QS32 34.30 ab CIM20 0.14 a–c CIM10 0.08 a–c

5 CIM18 0.67 a–c CIM21 3935.00 c QS18 33.95 ab QS8 0.14 a–c QS8 0.07 a–d

6 CIM14 0.67 a–c CIM5 3935.00 c CIM10 33.80 ab QS26 0.14 a–d QS26 0.07 a–d

7 CIM11 0.67 a–c CIM6 3935.00 c QS29 33.80 ab QS18 0.13 a–e QS18 0.07 b–e

8 CIM12 0.67 a–c QS3 3935.00 c CIM16 33.55 a–c CIM10 0.13 b–f CIM7 0.06 b–f

9 CIM1 0.66 a–c QS5 3789.00 d CIM6 33.50 a–c QS6 0.12 b–f QS5 0.06 c–g

10 QS7 0.66 a–c QS20 3591.00 e CIM21 33.40 a–d QS7 0.12 b–f QS6 0.06 c–g

Bottom

1 CIM2 0.60 a–e CIM16 827.00 w CIM19 31.10 b–j QS16 0.09 e–i QS28 0.04 f–h

2 QS19 0.60 a–e QS15 827.000 w QS23 31.05 b–j QS15 0.09 e–i CIM2 0.04 f–h

3 QS28 0.57 a–e QS16 772.000 x QS21 30.30 c–j CIM15 0.09 e–i CIM11 0.04 f–h

4 CIM16 0.53 a–e CIM17 544.000 y QS8 30.10 d–j CIM17 0.09 f–i CIM13 0.04 f–h

5 CIM21 0.52 a–e QS21 531.000 Z CIM7 29.80 e–j CIM21 0.09 f–i CIM16 0.04 f–h

6 QS4 0.49 b–e QS27 531.000 z QS27 29.35 f–j QS10 0.09 f–i QS1 0.04 f–h

7 CIM13 0.49 c–e CIM1 438.00 za CIM20 29.00 g–j QS23 0.09 f–i QS 10 0.04 f–h

8 CIM19 0.43 de CIM2 361.00 zb QS17 28.70 h-j CIM19 0.08 g–i QS15 0.04 gh

9 CIM5 0.40 e QS4 361.00 zb CIM18 28.60 ij CIM1 0.08 hi CIM19 0.04 gh

10 QS5 0.08 f QS6 −793.00 zc CIM12 28.30 ij QS21 0.07 i CIM1 0.03 h

PSII —ΦPSII = (Fm′ − Fs)/Fm′; Ci—sub-stomatal CO2; Tleaf—leaf temperature; SDW—shoot dry weight;
RDW—root dry weight. Means followed by the same letter in a column were not significantly different at
(p ≤ 0.05) according to Tukey’s HSD test.

2.1.3. Leaf Temperature

Leaf temperature was significantly (p ≤ 0.05) elevated by 3–8 ◦C in plants exposed to
CDHS compared to the control. Stressed plants continued to show higher leaf temperatures
throughout the experiment. Inbred lines CIM12 and CIM18 had the lowest leaf tempera-
tures under stresses of 28.3 ◦C and 28.6 ◦C, respectively (Table 2). Contrariwise, sensitive
lines recorded leaf temperatures above 35 ◦C.
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Table 2. Assessment of combined heat and drought stress based on tolerance indices.

INBRED
LINE STI DRI K2STI Inbred

Line STI DRI K2STI

CIM1 0.16 0.15 0.09 QS14 0.26 0.17 0.21
CIM18 0.32 0.42 0.58 QS15 0.23 0.11 0.13
CIM11 0.25 0.44 0.40 QS16 0.18 0.18 0.13
CIM12 0.22 0.61 0.40 QS17 0.26 0.28 0.31
CIM13 0.16 0.27 0.14 QS18 0.30 0.30 0.41
CIM14 0.20 0.22 0.17 QS19 0.28 0.26 0.33
CIM15 0.16 0.15 0.09 QS20 0.25 0.18 0.21
CIM16 0.19 0.17 0.13 QS21 0.21 0.28 0.21
CIM17 0.21 0.12 0.12 QS22 0.43 0.54 1.07
CIM10 0.16 0.15 0.09 QS23 0.17 0.14 0.10
CIM2 0.12 0.14 0.05 QS25 0.25 0.23 0.25
CIM20 0.18 0.25 0.15 QS26 0.29 0.32 0.39
CIM21 0.21 0.54 0.33 QS27 0.22 0.21 0.18
CIM19 0.14 0.17 0.08 QS28 0.20 0.16 0.14
CIM3 0.21 0.28 0.21 QS29 0.22 0.20 0.19
CIM4 0.22 0.21 0.18 QS30 0.31 0.19 0.31
CIM5 0.28 0.26 0.33 QS32 0.21 0.16 0.15
CIM6 0.26 0.22 0.26 QS4 0.22 0.15 0.16
CIM7 0.30 0.24 0.35 QS5 0.32 0.23 0.38
CIM8 0.27 0.21 0.27 QS6 0.35 0.26 0.47
CIM9 0.24 0.19 0.20 QS7 0.25 0.29 0.29
QS10 0.20 0.16 0.14 QS8 0.26 0.43 0.41
QS1 0.26 0.22 0.26

The highest data for each parameter is exhibited in bold. STI—Stress tolerance index; DRI—drought resistance
index; K2 STI—modified stress tolerance index.

2.1.4. Photosynthetic Yield (PSII)

Efficiency of photosynthetic yield was significantly (p < 0.001) higher in control plants
compared to those under stressed conditions throughout the experiment. Photosynthetic
yield efficiency was 17–29% less under CDHS than in control plants. Inbred lines QS17
and QS1 had the highest photosynthetic yield during stress, closely followed by QS30,
QS16 and CIM 18 (Table 2). After the recovery period, differences in PSII efficiency were
non-significant (p > 0.05).

2.1.5. Shoot and Root Dry Weight

Shoot and root dry weight were significantly reduced by CDHS. Inbred lines CIM 12,
QS22 and CIM 18 were the top three best performers for shoot and root dry weight under
CDHS. Inbred line QS 21 recoded the lowest dry shoot weight (0.07 g) and moderated dry
root weight (0.05 g) under stress. Generally, shoots were more severely affected by stress
compared to roots.

Although the primary focus was on stress-induced changes, the inclusion of a 3-day
recovery period allowed for assessment of resilience. Notably, PSII efficiency differences
between CIM18 and QS21 were no longer significant post-recovery, indicating partial
restoration of photosynthetic function. The higher final biomass and upregulation of stress-
responsive proteins in CIM18 suggest a more robust recovery mechanism compared to
QS21. These findings highlight the importance of recovery capacity as a component of
stress tolerance.
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2.1.6. Stress Tolerance Indices

Shoot dry weight was used to calculate different indices, namely stress tolerance index
(STI), drought resistance index (DRI) and modified stress tolerance index (K2STI). Based on
the results, QS22, QS6 and CIM18 exhibited CDHS tolerance, as indicated by the higher
index values recorded (Table 2).

2.1.7. Quantitative Comparative Analysis of Protein Responses

Comparative proteomic analysis was used to investigate the change in protein profiles
in leaves of tolerant (CIM18) and susceptible (QS21) maize inbred lines after exposure
to CDHS. Thus, this study focused on comparative assessment of proteins differentially
expressed by these two inbred lines under CDHS. Approximately 505 spots were repro-
ducibly detected in each Sypro Ruby-stained gel. The partial least squares analysis revealed
that 185 protein spots were significantly different (p < 0.05) between CIM18 and QS21. Of
these, 114 proteins exhibited a twofold differential expression (increase/decrease) between
the tolerant and susceptible inbred lines. A total of 62 of these were either upregulated
or newly induced in response to CDHS, while 52 were downregulated in CIM18. Of the
114 proteins, QS21 had 52 proteins upregulated and 62 downregulated. Twenty-four pro-
tein spots that showed a twofold increase or more in CIM18 and exhibited a coefficient of
variation between 0% and 2% are shown in Figure 1.

 

Figure 1. Twenty-four protein spots which significantly increased twofold or more in the toler-
ant (CIM18) compared to susceptible (QS21) inbred line under combined drought and heat stress
treatment. Data shown are means ± SD of three biological replicates.

Examples of gel pictures showing protein upregulation are shown in Figure A1,
whereas the functional categories of proteins uniquely upregulated in the CDHS-tolerant
inbred line CIM18 are shown in Figure 2.

The flow chart provides a clear overview of how the proteins were grouped into
broader categories: photosynthesis, metabolism, stress response, protein biosynthesis and
cytoskeleton organization. Eleven protein spots were unique only to the tolerant inbred
line (CIM18), as shown in Figure A2. The percentage of proteins uniquely upregulated in
the tolerant CIM18 inbred line is shown in Figure 3.
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Figure 2. Functional categories of proteins uniquely upregulated in the combined drought and heat
stress-tolerant inbred line, CIM18.

5% 

19% 

38%

 

5% 

5% 14% 

5% 

Figure 3. Percentage of proteins uniquely upregulated in the combined drought and heat stress-
tolerant inbred line, CIM18, according to functional category.

The identified spots were classified according to their putative functions. The differen-
tially expressed proteins and their individual functions are detailed in Table 3.
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Table 3. Identification of differentially responsive proteins in maize leaves subjected to combined
drought and heat stress.

Spot
# Protein Names Accession % Coverage Subcellular Location Function GO Annotation

4606 Actin-1 sp|P02582|ACT1_MAIZE 9.33
Nucleus (GO:0005634)

Cytoskeleton
(GO:0005856)

Cytoskeleton
organization GO:0007010

8406 Adenylate kinase,
chloroplastic sp|P43188|KADC_MAIZE 58.11 Plastid; chloroplast

(GO:0009507) Metabolism signalling GO:0006139
GO:0046940

7403

Glyceraldehyde-3-
phosphate

dehydrogenase A,
chloroplastic

sp|P09315|G3PA_MAIZE 8.933 Plastid; chloroplast
(GO:0009507)

Metabolism,
photosynthesis

GO:0006006,
GO:0006006
GO:0009416,
GO:0019253

4607
DIMBOA

UDP-glucosyltransferase
BX9

sp|B4G072|BX9_MAIZE 36.80 Cytoplasm (GO:0005737) Metabolism

GO:0008194,
GO:0016740
GO:0016757,
GO:0047254
GO:0080043,
GO:0080044

8509

Glyceraldehyde-3-
phosphate

dehydrogenase 2,
cytosolic

sp|Q09054|G3PC2_MAIZE 48.66 Cytoplasm (GO:0005737) Metabolism GO:0006006,
GO:0006096

4605 Glutamine synthetase
root isozyme 3 sp|P38561|GLNA3_MAIZE 22.47 Cytoplasm (GO:0005737) Metabolism GO:0006542

5605 Malate dehydrogenase
[NADP], chloroplastic sp|P15719|MDHP_MAIZE 18.98 Plastid; chloroplast

(GO:0009507) Metabolism

GO:0006099,
GO:0006107
GO:0006108,
GO:0019674

0405 Glutamine synthetase,
chloroplastic sp|P25462|GLNAC_MAIZE 35.70 Plastid; chloroplast

(GO:0009507) Metabolism GO:0006542

1606 ATP synthase subunit
beta, mitochondrial sp|P19023|ATPBM_MAIZE 1.989

Mitochondrion;
mitochondrion inner

membrane (GO:0005743)

Metabolism; ATP
metabolism

GO:0046034,
GO:0006754
GO:0015986,
GO:0042776

5404 Triosephosphate
isomerase, cytosolic sp|P12863|TPIS_MAIZE 22.13 Cytoplasm (GO:0005737)

Metabolism;
carbohydrate
metabolism

GO:0006094,
GO:0006096
GO:0016052

8611 Ribulose bisphosphate
carboxylase large chain sp|P00874|RBL_MAIZE 49.16 Plastid; chloroplast

(GO:0009507) Photosynthesis

GO:0009853,
GO:0015977
GO:0015979,
GO:0019253

5609
Ribulose bisphosphate
carboxylase/oxygenase
activase, chloroplastic

sp|Q9ZT00|RCA_MAIZE 19.63 Chloroplast stroma
(GO:0009570) Photosynthesis

GO:0046863,
GO:0016887
GO:0005524

4807 Pyruvate, phosphate
dikinase 1, chloroplastic sp|P11155|PPDK1_MAIZE 28.83

Plastid; chloroplast
(GO:0009507)

Cytoplasm (GO:0005737)
Photosynthesis GO:0015979

8503 ATP synthase subunit
gamma, chloroplastic sp|P0C1M0|ATPG_MAIZE 42.34

Plastid; chloroplast
thylakoid membrane

(GO:0009535)

Photosynthesis
Proton transmembrane

transport

GO:0006754,
GO:1902600

3503 60S acidic ribosomal
protein P0 sp|O24573|RLA0_MAIZE 19.12

Ribosome (GO:0005840)
Cytosolic large

ribosomal subunit
(GO:0022625)

Protein biosynthesis
Stress response to anoxia

GO:0002181
GO:0034059

0406 Elongation factor
1-alpha sp|Q41803|EF1A_MAIZE 6.711 Cytoplasm (GO:0005737) Protein biosynthesis GO:0006412

GO:0006414

5205 17.8 kDa class II heat
shock protein sp|P24632|HSP22_MAIZE 37.20 Cytoplasm (GO:0005737)

Stress response, protein
folding

Heat response, salt stress
response

Hydrogen peroxide
response

Protein oligomerization

GO:0006950,
GO:0006457
GO:0009408,
GO:0009651
GO:0042542,
GO:0051259

4804 Heat shock 70 kDa
protein sp|P11143|HSP70_MAIZE 19.22 Cytoplasm (GO:0005737) Stress response to heat

Protein folding
GO:0009408
GO:0042026

7304 Glutathione
S-transferase 3 sp|P04907|GSTF3_MAIZE 16.67 Cytoplasm (GO:0005737) Stress response to

herbicide GO:0009635

59



Plants 2025, 14, 3419

3. Discussion
Plants exhibit stress tolerance or avoidance through acclimation and adaptation mech-

anisms. This study identified QPM inbred lines that exhibited tolerance to CDHS using
physiological traits such as gaseous exchange, photosynthetic yield and leaf temperature.
A wide genetic variation existed among the evaluated inbred lines. Similar screening
and characterization studies are useful in preliminary elimination of susceptible lines in
breeding programs involving several genotypes.

Generally, drought reduces internal CO2 due to stomata closure, whereas heat stress
increases sub-stomatal CO2 concentration due to reduced efficacy of ribulose bisphosphate
carboxylase/oxygenase (RUBISCO) activase caused by elevated leaf temperatures [21].
As such, CDHS can cause complexities in overall sub-stomatal CO2 concentration [22].
In this study, CIM 18 exhibited higher sub-stomatal CO2 concentration relative to QS21.
Additionally, CIM 18 recorded lower leaf temperature and higher photosynthetic yield.
Similarly, the ability to balance between conserving water by closing the stomata or opening
the stomata to allow transpirational cooling and CO2 influx was observed on CDHS-tolerant
broadleaf evergreen shrubs [22]. Undoubtedly, the high sub-stomatal CO2 concentration
and low leaf temperature in CIM 18 positively influenced its photosynthetic yield under
stress. Conversely, QS21 exhibited stress susceptibility by recording high leaf temperatures
and low CO2 flow and photosynthetic rate under stress.

Consistent with other studies [23], shoot and root dry weight accumulation was
inhibited by stress conditions, with the shoots being more sensitive than the roots. As such,
dry shoot weight was used to calculate the different stress indices. High values of STI,
DRI and K2STI indicated tolerant genotypes. Among the inbred lines evaluated, CIM18
showed moderate tolerance and ranked third, fifth and second in STI, DRI and K2STI,
respectively. However, QS21 showed great susceptibility to CDHS and was ranked in the
bottom 10 for all the indices calculated. Additionally, CIM 18 showed tolerance to heat
stress alone in previous laboratory and greenhouse studies [24], and thus could possess
genes for CDHS tolerance.

It was hypothesised that comparative analysis of tolerant and susceptible genotypes
would result in identification of proteins found under normal growth conditions, those
that respond to stress, and those involved in tolerance response. Exposure of CIM18
and QS21 to CDHS in the current study resulted in identification of some proteins with
well-known functional roles in plants exposed to abiotic stresses. This allowed us to in-
fer their potential contribution towards the tolerance of CIM118 to CDHS. Other studies
have also focused on comparative assessment of transcriptomes differentially expressed
by genotypes with contrasting responses to abiotic and biotic stresses. For example,
Subramani et al. [25] conducted a comparative analysis of untargeted metabolomics in
tolerant and sensitive genotypes of P. vulgaris seeds exposed to terminal drought stress.
They conducted different pairwise comparisons of drought-tolerant and -sensitive geno-
types that were only subjected to drought stress, without exposure to optimum conditions.
In their case, the comparisons involved three tolerant and three susceptible genotypes.
The comparisons led to successful identification of metabolites associated with drought
tolerance. Another study revealed that sweet potato genotypes with contrasting responses
to salt stress had distinct differences at the transcription level and translation level even
without salt stress [26]. It was reported that proteins that were differentially more abundant
in the tolerant type, some of which were absent from the susceptible genotype, were con-
tributing to salt tolerance. Tomato genotypes with contrasting responses to late blight were
also used for comparative analysis of their constitutive proteome, without exposing them
to stress [27]. They found two defence proteins that were more abundant in the resistant
genotype, and these were assumed to be responsible for resistance against late blight.
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The proteins identified were involved in numerous biological pathways, which directly
and indirectly impact plant protection. The number of proteins micro-sequenced was
limited only to those uniquely expressed and upregulated in the tolerant line due to the cost
of protein spot identification. Some of the omitted proteins could have likely contributed to
tolerance observed in CIM18. Approximately 8.8% more spots were upregulated in CIM18
in comparison to QS21. Subcellular localization revealed that the upregulated proteins
were synthesized in the chloroplast and cytoplasm. Therefore, most of these proteins were
essential for photosynthesis and energy-related activities, suggesting adaptation to the
combined stresses. Similar observations were made in date palm [28] and soybean [29]
exposed to CDHS. The identification of proteins and their subcellular locations helps in
understanding their physiological function.

A decline in protein abundance reflected cellular damage caused by the two stressors.
This included Ribulose- 1,5- bisphosphate carboxylase/oxygenase (Rubisco), Rubisco acti-
vase enzymes and other key enzymes of the Calvin cycle, such as phosphoglycerate kinase
and fructose–bisphosphate aldolase 1, which catalyses carboxylation. The downregulation
of these enzymes is likely responsible for the reduced growth and development observed
in QS21 compared to CIM18.

3.1. Photosynthesis- and Metabolism-Related Proteins

Rubisco (spot 8611) was one of the proteins associated with photosynthesis that was
identified in this study. The increased levels of rubisco in carbon fixation could have
been a result of increased energy needs under CDHS. Ribulose biphosphate carboxy-
lase/oxygenase activase is a molecular chaperone responsible for switching Rubisco from
an inactive form to an active form. It has been proposed that the reason for the upregulation
of these photosynthesis-related proteins is to alleviate damage to Rubisco which is caused
by the abiotic stressors [30].

Subunit components of the adenosine triphosphate (ATP) synthase chloroplast protein
complex that are involved in ATP synthesis, such as the alpha, gamma and beta subunits,
were upregulated in this study. ATP synthase is responsible for the production of ATP
from ADP. Adenosine triphosphate is used for various energy-demanding activities during
stress, such as protein degradation and biosynthesis, as evidenced by the upregulation of
elongation factor 1 alpha, 60S acidic ribosomal protein and HSP70. ATP synthase likely
contributed to the extended survival time of plant cells that had become ATP-depleted
due to stress [7]. This showed that there was likely activation of ATP-generating pathways
under combined stress to meet the increasing demand of ATP to maintain homeostasis.
Higher levels of ATP synthase were reported by Loka et al. [31] in cotton subjected to
CDHS. The abundance of these proteins and the activities of the Calvin cycle enzymes in
CIM18 could have prevented a major reduction in the level of photosynthesis [29].

Photosynthesis depends on Rubisco and the regeneration of RuBP. Results indicated
that the Rubisco large chain was upregulated in CIM18 compared to QS21, and this resulted
in maintenance of photosynthesis and growth. Although Rubisco occurs abundantly in
plant leaf tissue, the combined stress imposed caused its quantity and activity to decrease
drastically in susceptible QS21 causing its detection to be difficult. Other reports have
shown similar findings under drought or CDHS on non-tolerant plants [30]. The findings
support the physiological analysis of CIM18 in another study, where it was ranked among
the top 10 inbred lines exhibiting high root to shoot ratio under CDHS [24].

Proteins related to carbohydrate metabolism showed altered expression patterns
induced by CDHS. A review by Xu et al. [18] denoted that the concentration of most
soluble sugars increased under CDHS and could be used to explain variable tolerance
among cultivars. The protein changes related to carbohydrate metabolism were necessary
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for the adaptation of seedlings to the combination of the two stresses. Carbohydrate
metabolism is the main bio-molecular metabolism, and the substrates involved provide
energy required by the plant [18,32]. Enzymes related to energy metabolism responded
to CDHS in CIM18. Malate dehydrogenase, a protein enzyme involved in carbohydrate
synthesis, was upregulated. The abundance of other metabolism-related proteins such as
uridine diphosphate glucosyltransferase and glutamine synthetase increased, suggesting a
metabolic change in leaves of CIM18 plants under combined stress. Glutathione synthetase
showed increased abundance following combined stress in CIM18. These enzymes are
important for proline biosynthesis and regulation of bioactivities; their accumulation
indicates tolerance to abiotic stressors [8].

It is known that pyruvate phosphate dikinase is a key enzyme in gluconeogenesis and
photosynthesis. It reverses the reaction performed by pyruvate kinase in glycolysis and its
expression has been associated with tolerance to several abiotic and biotic stressors [33].
Gluconeogenesis requires a lot of energy, which is supplied by the ATP-generating path-
ways. During exposure to the combined stresses, we observed that there was an increase
in the expression of the elongation factor 1-alpha protein, also known as elongation factor
thermo-unstable (EF-Tu) protein. The elongation factor thermo-unstable protein was iden-
tified as a potential biomarker of heat stress tolerance in soybeans [30]. This protein is an
essential component of protein synthesis, and its overexpression greatly improves plant
heat stress responses [34].

3.2. Heat-Stress-Responsive Proteins

Two heat shock protein families, HSP70 and small HSP 17.8, were identified as stress-
related proteins [35]. Heat shock proteins are induced under various stress conditions,
but particularly when temperatures exceed 35 ◦C (temperatures often experienced in the
field). In this study, HSPs mediated tolerance to CDHS. These proteins played a significant
role in conferring tolerance in CIM18. Several studies have alluded that enhancement
of thermo-tolerance is achieved through synthesis of heat shock proteins [14,15]. The
findings suggested that drought and heat tolerance was correlated with the accumulation
of small heat shock proteins (sHSPs). Small HSP 17.8, uniquely identified in CIM18 in this
study, has also been reported by Klein et al. [36] in maize and cardamom [37] subjected
to heat stress. The role of HSPs is to stabilize the heat-stressed membranes and proteins
while encouraging protein refolding under stress [15]. The tolerant CIM18 inbred line
showed increased abundance of HSP70. The function of HSP70 includes protein refolding
to maintain cellular homeostasis [38]. Higher expressions of HSP70 have been established
in soybean and tomato plants subjected to CDHS [39,40]. Heat shock protein 70 has
been widely used as a biomarker under different stressors [41]. However, earlier studies
associated HSP with response to heat stress alone instead of other abiotic and biotic stresses.

3.3. Antioxidant Proteins

Combined drought and heat stress-induced oxidative stress results in the accumu-
lation of reactive oxygen species (ROS) [38,42]. To scavenge and eliminate these, plants
express antioxidant enzymes such as glutathione S transferase (GST). In the current maize
study, GST (spot 5404) was upregulated in the tolerant CIM18 line compared with QS21.
The accumulation of these antioxidant enzymes constituted part of the detoxification mech-
anism for excess ROS during oxidative stress. Glutathione S transferase is involved in the
glutathione–ascorbate cycle, which is a scavenging system activated in maize to alleviate ox-
idative stress and enhance drought tolerance. The expression of GST is enhanced by abiotic
and biotic stresses [32,43]. The overexpression of protein kinases such as adenylate kinase
was likely responsible for the reduction in the accumulation of ROS in the leaves of CIM18.
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These results corroborate with previous reports, where defence-related proteins such as
antioxidant proteins were upregulated under drought stress [43,44]. A study investigating
proteomic responses of maize inbred lines with contrasting responses to drought stress
also revealed that the tolerant genotype experienced enhanced levels of ROS scavenging
enzymes, leading to a higher ROS scavenging ability than in the susceptible genotype [45].

3.4. Structural Proteins

The drought stress treatment in this study likely induced actin 1. Actin filaments
constitute the cytoskeleton of the plant cell and are responsible for the maintenance of
cellular architecture and orientation of organelles [46]. The filaments may also act as
osmo-sensors and target potassium ion channels in guard cells for osmoregulation under
drought stress. The abundance of this protein in CIM18 could be interpreted as adaptation
to drought stress. This corroborates with a report by [47], who reported drought tolerance
in barley expressing actin 1.

The potential use of some of the above proteins as biomarkers may be hindered
for a few reasons. Before a biomarker can be successfully applied, it must be tested
against different genotypes and must be specific, reproducible and sensitive. However,
as researchers continue to pursue proteins as biomarkers, they have discovered new
techniques to conduct proteomic analysis that are able to overcome challenges posed by
the 2-DE gel approach [48].

4. Materials and Methods
4.1. Plant Materials

Forty-five white quality protein maize inbred lines (Table A2) obtained from the Qual-
ity Seed company (Pietermaritzburg, South Africa) and CIMMYT (Harare, Zimbabwe)
were assessed for tolerance to CDHS in controlled growth chambers in the Biochem-
istry and Microbiology Laboratory at the University of Fort Hare, Alice, South Africa.
Two inbred lines (QS21 and CIM18) showing contrasting tolerance to CDHS were then
used in the proteomic study.

4.2. Experimental Design

Forty-five inbred lines were screened for tolerance to CDHS conditions prior to the
proteomic experiment. These inbred lines were laid out in a 9 × 5 randomized incomplete
block design, with two replications. Each inbred line was replicated three times in each
block, and three biological replications (cycles) were performed for each stress condition.
The control (no stress imposed) and CDHS experiment lines were grown in separate
growth chambers.

In the second experiment, the two selected inbred lines with constating behaviour
under CDHS were laid out in a completely randomised design with three replicates and
exposed to CDHS treatment. Three pots represented each inbred line per replication, and
each experiment was replicated three times over two cycles. In both experiments, plants
were grown from seed in pots filled with hygromix growing media (commercial potting
mix). Seedlings were thinned to one plant/pot three days after emergence.

4.3. Drought and Heat Treatment

The growth chambers were programmed to provide a 14 h/10 h day/night diurnal
cycle at an air CO2 concentration of 400 µmol mol−1 and 40% relative humidity (RH) [49].
Plants were exposed to drought stress at seven days after emergence by maintaining a
field capacity (FC) of approximately 25% for seven days. An SM300 soil moisture me-
ter (Delta T Devices, Cambridge, UK) was used to measure soil moisture content, and

63



Plants 2025, 14, 3419

plants were irrigated with hygrofert when FC dropped below 25%. Heat stress was im-
posed on seedlings at the three-leaf stage. Temperature was increased gradually from
25 ◦C/20 ◦C (day/night) in 5 ◦C increments per day to a max of 40 ◦C/35 ◦C. The plants
were maintained at maximum temperatures for one day. Plants in the high-temperature-
regime growth chambers were returned to the control growth chamber (25 ◦C) for
three days to recover [50].

In the control growth chamber, plants were maintained at 75% FC and irrigated
once daily with a complete nutrient solution (hygrofert). The growth chambers were
programmed to provide a 14 h/10 h day/night diurnal cycle. Air temperature was
25 ◦C/22 ◦C, air CO2 concentration was maintained at 400 µmol mol−1 and RH was
60% for the control and 40% for CDHS. Both experiments were terminated 21 days after
initiation [8,18,31].

4.4. Data Collection
4.4.1. Physiological Traits

Single-leaf photosynthetic and gaseous exchange measurements were performed with
an Integrated Fluorometer and Photosynthesis system (ADC BioScientific Ltd, Hertford-
shire, UK). Sub-stomatal CO2 (mol mol−1), photosynthetic active radiation (Watts m−2)
and photochemical efficiency of photosystem II (ΦPSII = (Fm′ − Fs)/Fm′) measurements
were taken in the middle of the third fully developed leaf before, during and after the stress
period. The effective quantum yield of PSII was determined on light-adapted leaves during
steady-state photosynthesis.

4.4.2. Plant Growth

Shoots and roots were carefully separated, and the latter were thoroughly washed to
remove dirt and then oven-dried at 60 ◦C until a constant weight was obtained. Dry shoot
data were used to calculate stress tolerance indices.

4.5. Protein Extraction and Quantification

Leaf samples from three plants per genotype and treatment were pooled and ground
in liquid nitrogen. Proteins were extracted using the ReadyPrep Protein Extraction Kit (Bio-
Rad Laboratories Inc, Sandton, South Africa), followed by sonication and centrifugation at
16,000× g for 30 min at 20 ◦C. The supernatant was collected and standardized to 100 µg
using the DC Protein Assay Kit (Bio-Rad), with concentrations determined from a bovine
serum albumin (BSA) standard curve.

4.6. Protein Clean-Up and Two-Dimensional Electrophoresis

Protein samples were cleaned using the ReadyPrep 2-D Cleanup Kit (Bio-Rad Labora-
tories Inc, Sandton, South Africa), precipitated, washed and resuspended in rehydration
buffer. Proteins (100 µg) were loaded onto 7 cm IPG strips (pH 4–7) and rehydrated
overnight. Isoelectric focusing was followed by SDS-PAGE on 12.5% gels. Gels were
stained with SYPRO Ruby and visualized using a Uvitec gel documentation system.

4.7. Gel Processing and Peptide Analysis

Excised protein spots were destained, dehydrated and subjected to reduction and
alkylation using DTT and iodoacetamide. Trypsin digestion was performed overnight at
37 ◦C. Peptides were extracted using acetonitrile/formic acid, vacuum-dried and cleaned
using stage tips for MALDI-TOF analysis.
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5. Data Analysis
The data presented represents averaged results of three cycles of the 45 inbred lines for

every measured parameter. Bartlett’s test was performed to test the homogeneity of error
variances for each of the three cycles. The test was significant, and data were combined.
Data were found to be normally distributed using Shapiro–Wilk’s test and then subjected
to a two-way ANOVA when the conditions and the assumptions of repeated measures
were met. The conditions imply sphericity, which means that the variances of the repeated
measures are equal and the correlations among the repeated measures are equal. The Tukey
HSD test was used to perform post hoc ANOVA comparisons using JMP version 16. Dry
shoot weights were used to calculate three tolerance indices using the following formulae.

Stress Tolerance Index (STI) =
Yp × Ys

Yp2
(1)

where Ys and Yp represent shoot dry weight under stress and non-stress conditions, [51].

Modified Stress Tolerance Index (MSTI) = K2STI,=
(

YS
2
)

/
(

YS
2
)

(2)

where Ys and YS represent shoot dry weight under stress and mean yield under stress,
respectively [51].

Drought Resistance Index (DRI) =
YS

YP
/

YS

YP
(3)

where Ys and Yp represent shoot dry weight under stress and non-stress conditions, re-
spectively. Also, YS and YP are the mean yield under stress and non-stress conditions,
respectively [51].

Protein spot detection and matching, normalization, quantification and analysis were
performed using PDQUEST software 8.0.1 (Bio-Rad). Analytical tools and algorithms in
PDQUEST compared the 2-D gels to identify any significant changes in protein expression
between tolerant (CIM18) and susceptible (QS21) inbred lines in response to drought
and heat stress. Analytical tools in PDQuest helped to identify protein spots of interest.
Advanced algorithms in PDQuest identified and matched protein patterns. The 2-D gels
for CIM18 and QS21 were selected for comparison and grouped according to treatment.
Preset methods for matching and normalization were used. Sophisticated algorithms
automated detection and spot matching. The SYPRO Ruby filter provided auto-recognition
and removal of background speckles. A spot that occurred in gels of both the tolerant
and susceptible genotypes at roughly the same intensity and was identified as being
neither up or downregulated by the software was selected and used as a standard for the
software’s assessment of whether a protein spot was up- or downregulated. This reference
standard was used as the optional control since we negated the need for comparison against
the susceptible non-stressed plants (control). Differences in protein abundance between
individual gels in the two varieties were validated by Student’s t-test analysis at p <0.05.
Amino acid sequences for the uniquely identified proteins in the tolerant inbred line were
compared with sequences in the database by using a Uniprot-Zea mays database. The
molecular functions of the identified proteins were classified according to their biological
functions using Gene Ontology (GO) annotation from the Blast 2GO software, version 4.

6. Conclusions and Recommendations
The results presented here indicate that CDHS inhibited plant growth and biomass

accumulation due to an increase in leaf temperatures and reduced sub-stomatal CO2

concentration and photosynthetic yield. Inbred lines showing contrasting responses to
CDHS were further evaluated by conducting proteomic studies. The tolerant inbred line
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(CIM18) responded to CDHS by modulating the expression of proteins that have previously
been associated with stress response. The upregulation of antioxidant enzymes enhanced
the stress defence response of CIM18, in addition to accelerated biosynthesis of proteins
such as HSPs and carbohydrate-metabolism-related proteins, all of which might have
conferred tolerance to CDHS. The preliminary findings could contribute to understanding
the molecular mechanisms of CDHS tolerance in maize. The differentially expressed
proteins such as EF-1 alpha and HSP70 can be validated using the ELISA and Western
blotting method together with quantitative real-time polymerase chain reaction. It will also
be important to find out if the same stress-responsive proteins will be produced at other
stages of growth and under field conditions. It is proposed that this proteomics-based
knowledge be further investigated before being directly used in the improvement of CDHS
tolerance in maize through technologies such as genome editing.
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Appendix A

Figure A1. Gel images of protein spots occurring in maize leaves of both inbred lines, QS21 (sus-
ceptible) and CIM18 (tolerant), under combined drought and heat stress. Prominent spots indicate
upregulation, and vice versa.

Figure A2. Representative 2-DE gel of susceptible QS21 and tolerant CIM18 lines under combined
drought and heat stress. The green crosses show differentially expressed spots occurring in CIM18
but not in QS21.
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Table A1. A two-way ANOVA of physiological and yield parameters measured under combined
drought and heat stress treatments on inbred lines.

Parameters Inbred Treatment Inbred Line × Treatment

Sub-stomatal CO2 <0.001 NS <0.001
Leaf temperature <0.001 <0.001 <0.001

Photosynthetic yield <0.001 <0.001 <0.001
Shoot <0.001 <0.001 <0.001
Root <0.001 <0.001 <0.001

NS—Not significant.

Table A2. Pedigree, drought tolerance and heterotic grouping of quality protein maize inbred lines
exposed to combined drought and heat stress.

Line Pedigree Drought Tolerance Heterotic Group

CIM1 (CLQRCWQ50/CML312SR)-2-2-1-BB-1-B-B - A

CIM2
[[CML202/CML144]F2-1-1-3-B-1-

B*6/[GQL5/[GQL5/[MSRXPOOL9]C1F2-205-1(OSU23i)-
5-3-X-X-1-BB]F2-4sx]-11-3-1-1-B*4]-B*5-1-B

drought-tolerant B

CIM3 [CML141/[CML141/CML395]F2-1sx]-4-2-1-B*4-1-BB-B drought-tolerant B
CIM4 [CML144/[CML144/CML395]F2-5sx]-1-3-1-3-B*7-B drought-tolerant -

CIM5 [CML144/SNSYNF2[N3/TUX-A-90]-102-1-2-2-BSR-B*4]-
B-4-3-B*4-1-B-B drought-tolerant B

CIM6 [CML150/CML373]-B-2-2-B*4-4-B-B drought-tolerant A

CIM7 [CML159/[CML159/[MSRXPOOL9]C1F2-205-
1(OSU23i)-5-3-X-X-1-BB]F2-3sx]-8-1-1-BBB-4-B-B drought-tolerant A

CIM8 [CML182/TZMI703]-B-9-1-BB-#-BB-2-B-B - B
CIM9 [CML202/CML144]F2-1-1-3-B-1-B*6-2-B drought-tolerant B
CIM10 [CML205/CML176]-B-2-1-1-2-B*5-1-B-B drought-tolerant B
CIM11 [CML389/CML176]-B-29-2-2-B*4-B drought-tolerant B

CIM12 [GQL5/[GQL5/[MSRXPOOL9]C1F2-205-1(OSU23i)-5-3-
X-X-1-BB]F2-4sx]-11-3-1-1-B*5-3-B-B - B

CIM13 [GQL5/[GQL5/CML202]F2-3sx]-11-4-1-3-B*4-B - B
CIM14 [TZMI703/CML176]-B-3-2-B*5-4-B-B - B
CIM15 CLQRCWQ50-BB-1-2-B-B - B
CIM16 CML176-#-B-2-B drought-sensitive B
CIM17 CML181-B-1-5-B-B7 drought-sensitive -
CIM18 CML182-BB-B - -
CIM19 CML264Q-B-1-2-B-B drought-sensitive A
CIM20 CML491-B-3-11-B-B - A
CIM21 CML492-BB-2-1-B-B drought-sensitive B

QS1 K054W - F
QS4 V0548W - F
QS5 V0298W - F
QS6 B0388W - F
QS7 EM362W - M
QS8 EM583W - F
QS10 E625W - F
QS14 HM18W - O
QS15 HM233W - T
QS16 HM238W - M
QS17 HM267W - F
QS18 HM267W - F
QS19 HM268W - F
QS20 HM284W - H
QS21 HM1472W - B
QS22 JM226W - H
QS23 JM2341W - H
QS25 JM2561W - H
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Table A2. Cont.

Line Pedigree Drought Tolerance Heterotic Group

QS26 JM2602W - H
QS27 JM2621W - H
QS28 JM2641W - H
QS29 E5 - G
QS30 E6 - G
QS32 E27 - G

CIM—CIMMTY; QS—Quality Seed; —-unknown heterotic group; F—F2834T; M—M37W; O—Obatanpa; T—
unknown Tropical; H—Hickory King; B—Brazil; G—Ghana; P—Potch Pearl; A—heterosis similar to Tuxepeno,
N3, Reid and Kitale; B—heterosis similar to Ecuador, ETO, SC, Blanco and Lancaster.
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Abstract: The development of tropical maize populations with high heterosis potential
is essential for sustaining genetic progress in hybrid breeding programs, yet accurate
selection remains challenging due to genotype–phenotype interactions and inbreeding
depression. This study evaluated the efficiency of five selection strategies in recurrent
selection programs using F2 populations derived from commercial maize hybrids: Smith–
Hazel Index (SHI), Base Index (BIA), Mulamba–Mock Index (MMI), REML/BLUP for grain
yield (BLUP_GY), and REML/BLUP for inbreeding depression (BLUP_ID). Consistency
among methods was assessed with a heatmap, and predicted genetic gains were compared
with realized field performance. Predicted gains were highest with MMI and BIA for
grain yield and ear weight, although realized results revealed discrepancies, particularly
for BLUP-based approaches. Notably, BLUP_GY, which had the lowest predicted yield
(4025 kg ha−1), achieved a realized yield of 5620 kg ha−1, surpassing BIA and SHI. This
indicates that additive potential was underestimated in predictions, likely due to domi-
nance and environmental effects in early F2 cycles. Overall, BLUP-based methods proved
effective in identifying progenies with higher additive value, and their integration with
phenotypic indices is recommended to combine short-term realized gains with sustained
genetic improvement.

Keywords: Zea mays; inbreeding depression; heterosis

1. Introduction
The development of new tropical maize (Zea mays L.) populations with high heterosis

potential is a central objective in hybrid breeding programs, especially in the face of climate
change and the rising global demand for food. Continuous genetic progress is essential for
these programs and relies on efficient strategies to accurately identify superior progenies
and form high-performing heterotic groups. However, selection in early recurrent cycles
remains challenging due to the complex interaction between genotypic and phenotypic
components, further complicated by inbreeding depression.

Traditional phenotypic selection methods, such as mass selection or classical selection
indexes, have historically played an important role in breeding pipelines. Nevertheless,
their effectiveness is often constrained by environmental variability and their limited ability
to account for genetic relationships and additive variance [1]. In this context, modern

Plants 2025, 14, 3149 https://doi.org/10.3390/plants14203149
72



Plants 2025, 14, 3149

statistical approaches—especially mixed models based on Restricted Maximum Likelihood
(REML) and Best Linear Unbiased Prediction (BLUP)—have become increasingly prominent
due to their capacity to generate accurate genotypic estimates under unbalanced designs
and across multi-environment trials [2,3].

Several studies have highlighted the advantages of using REML/BLUP in tropical
maize breeding. The mixed models could explain more than 99% of phenotypic variance in
key traits while maintaining stability under genotype-by-environment interactions [3]. The
predictive performance is retained even with up to 20% of hybrids or 23% of environments
missing, attesting to the robustness of the methodology [2]. Pedigree-based BLUP led
to superior genetic gains in popcorn expansion volume (1–45%), outperforming mass
selection [4].

The potential of REML/BLUP in driving genetic gains in tropical maize has been
confirmed in recent studies, with improvements of up to 24.07% in traits such as ear
length and grain weight in half-sib progenies [5]. Similarly, annual gains between 46
and 118 kg ha−1 year−1 in early-maturing maize hybrids developed by CMMIYT across
68 environments in seven African countries have been documented, highlighting the
effectiveness of structured breeding programs and robust predictive tools in diverse and
stress-prone conditions [6].

REML/BLUP outperformed classical selection indexes in predicting genetic gains and
estimating genotypic values in supersweet corn programs [7]. While both REML/BLUP
and the Mulamba and Mock index showed high coincidence under balanced conditions,
REML/BLUP demonstrated superior gains and reliability in multi-trait selection. However,
in low-resource settings or early recurrent selection cycles with limited data, simpler
phenotypic selection methods remain relevant, with the Mulamba and Mock index standing
out for its simplicity, flexibility, and consistent performance across crops such as maize and
sugarcane [1,8].

Advances in quantitative genetics, statistical modeling, and molecular tools have
significantly improved maize breeding efficiency. The integration of genomic selection
(GS) with strategies tailored to trait heritability and genetic architecture has been shown to
accelerate genetic gains while preserving genetic diversity [9]. Reciprocal recurrent genomic
selection (RRGS) has emerged as a powerful approach to improve both general and specific
combining abilities. Comparative analyses between full-sib and half-sib training sets reveal
that full-sib strategies often result in higher cumulative selection gains, particularly when
specific combining ability (SCA) plays a prominent role [10,11].

Genetic diversity remains a cornerstone of successful breeding programs. Studies
using SSR markers in convergent-derived maize populations and in introgressed progenies
from wild relatives like Zea nicaraguensis emphasize the importance of broadening the
genetic base to enhance selection response and population resilience [12,13]. In Brazil,
substantial genetic gains have been achieved through intrapopulation recurrent selection,
with high heritability and consistent improvement across five selection cycles in fresh corn
half-sib progenies, and confirmation of the genetic potential of southern Brazilian maize
populations even under low-input conditions [14,15].

Reciprocal recurrent selection with full-sib progenies has also been effectively applied
to enhance both heterosis and parental line development, consistent with theoretical models
highlighting the benefits of optimizing training sets, maintaining genetic variability, and bal-
ancing short- and long-term selection responses [10,16,17]. Thus, integrating REML/BLUP
with classical selection indexes—and potentially with ensemble learning or deep learning
models—represents a promising strategy for modern breeding optimization [18].

This study builds upon these advancements by comparing the efficiency of three classi-
cal selection indexes (Smith–Hazel, Base Index, and Mulamba–Mock) and the REML/BLUP
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methodology for grain yield and inbreeding depression in selecting 194 half-sib progenies
and their S1 progenies, focusing on grain yield and inbreeding depression. By evaluating
predicted and realized genetic gains after recombination, the objective is to identify the
most effective strategies for constructing genetically diverse base populations with strong
heterotic potential for tropical maize. Ultimately, this research addresses the need for
accurate, scalable, and efficient selection methods to support the rational formation of
high-performing synthetic populations adapted to tropical environments. In doing so, it
contributes to sustainable hybrid maize breeding through the integration of quantitative
genetics, advanced statistical modeling, and field-based experimentation.

2. Results
2.1. Selected Progenies for Grain Yield and Inbreeding Depression

The heatmap illustrates the overlap of selected maize progenies among five different
selection methods, BIA, MMI, SHI, BLUP_GY, and BLUP_ID, revealing meaningful patterns
of convergence and divergence that provide insights into the consistency and complemen-
tarity of phenotypic and genotypic approaches in early recurrent selection cycles (Figure 1).
A consistent pattern was observed for progenies 22, 39, 43, 135, and 152, which were
selected simultaneously by all methods, indicating strong agreement among the different
approaches. Progenies such as 101, 113, and 137 were selected by four methods, reflecting
high but not complete convergence. In contrast, progenies like 145, 19, 17, and 177 were
identified by only two methods, demonstrating limited consensus. A considerable number
of progenies were exclusively selected by BLUP_GY and BLUP_ID, without overlap with
the index-based strategies (SHI, BIA, and MMI). Additionally, some progenies, including 35,
89, 90, 131, 134, 147, and 168, appeared in only one method, revealing unique selections not
shared across approaches. Overall, the results reveal the presence of both widely recurrent
progenies across all selection strategies and method-specific progenies, evidencing distinct
patterns of consistency and divergence among the applied methodologies.

The coincidence index heatmap shows the degree of overlap in the top 10 selected
maize progenies among five different selection methods (Figure 2). The results show a
strong agreement between the genomic selection strategies BLUP_GY and BLUP_ID (coin-
cidence index = 0.82), suggesting consistency in the ranking of top-performing progenies
based on genomic predictions. In contrast, classical phenotypic index-based methods such
as SHI, BIA, and MMI exhibited moderate to low overlap among themselves (e.g., BIA vs.
MMI = 0.67; SHI vs. BIA = 0.33) and no overlap with BLUP-based approaches (coincidence
index = 0.00 for all comparisons between BLUP_GY or BLUP_ID with SHI, BIA, or MMI).

The heatmap using the top 20 progenies prioritized by each method presents the coin-
cidence index calculated between five selection strategies (Figure 3). The genomic methods
BLUP_GY and BLUP_ID exhibited a high concordance (coincidence index = 0.82), confirm-
ing strong consistency between their selection outputs. In contrast, phenotypic index-based
strategies (SHI, BIA, MMI) showed moderate agreement among themselves—especially
BIA vs. MMI (0.74) and SHI vs. MMI (0.48)—while exhibiting minimal overlap with the
genomic strategies (only 0.05 in all comparisons between BLUP_GY or BLUP_ID and SHI,
BIA, or MMI).

To evaluate the convergence trend among strategies, we calculated the average pair-
wise coincidence index as a function of the number of top-ranked progenies. The average
index increased steadily from 0.23 (top 10) to 0.39 (top 40).

74



Plants 2025, 14, 3149

Figure 1. Heatmap of the maize progenies selected by five different breeding strategies: BIA (Base
Index Approach), SHI (Smith–Hazel Index), MMI (Mulamba–Mock Index), BLUP_GY (REML/BLUP
for Grain Yield), and BLUP_ID (REML/BLUP for Inbreeding Depression). Each cell indicates whether
a specific line was selected by the corresponding method (blue = selected; yellow = not selected).
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Figure 2. Heatmap shows the coincidence index among five selection methods—BIA (Base Index
Approach), SHI (Smith–Hazel Index), MMI (Mulamba–Mock Index), BLUP_GY (REML/BLUP for
Grain Yield), and BLUP_ID (REML/BLUP for Inbreeding Depression)—based on the top 10 most
frequently selected maize progenies. Values represent the proportion of progenies jointly selected by
each pair of methods.

Figure 3. Heatmap presents the coincidence index among five different selection strategies for tropical
maize based on the 20 most frequently selected progenies. It highlights the consistency or divergence
in line selection among phenotypic indexes (BIA, SHI, MMI) and REML/BLUP-based methods
(BLUP_GY and BLUP_ID). Higher values indicate greater agreement in line selection, supporting
integrated use or comparative assessment of these approaches in breeding pipelines.
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2.2. Predicted Selection Gains Based on Phenotype Indexes

The greatest predicted genetic gains with 20% of selected progenies were observed for
grain yield (GY) and ear weight (EW), especially using the MMI and BI indexes (Table 1).
The MMI index predicted the gain for grain yield (15.93%), followed closely by BI (15.84%)
and SHI (14.79%). For ear weight, gains were also substantial, with values ranging from
13.41% (SHI) to 14.01% (BI). Inbreeding depression (ID), considered a key trait in this
analysis, exhibited strong negative values across all indexes (SHI: −14.45%, BI: −14.96%,
MMI: −15.07%).

Table 1. Predicted selection gains (PG) of 38 selected progenies using the Smith–Hazel index (SHI),
Base index (BI), and Mulamba–Mock Index (MMI) in 194 half-sib maize progenies.

Variable SHI_Xs SHI (%) BI_Xs BI (%) MMI_Xs MMI (%)

GY 4515 14.79 4597 15.84 4590 15.93
EW 5480 13.41 5534 14.01 5531 13.98
ID 36.44 −14.45 35.93 −14.96 35.82 −15.07
NE 14.92 7.56 14.62 6.19 14.61 6.11
ED 14.72 4.72 14.48 3.61 14.52 3.79
EL 4.40 2.17 4.37 1.75 4.36 1.71
MF 59.71 0.24 59.62 0.15 59.62 0.16
FF 58.50 −0.05 58.34 −0.19 58.42 −0.12
PH 2.250 −0.05 2.26 −0.05 2.25 −0.06
EH 1.010 −0.09 1.01 −0.07 1.01 −0.07

GY: grain yield (kg ha−1); EW: ear weight (kg ha−1); ID: inbreeding depression (% relative to the base population);
NE: number of ears; ED: ear diameter (cm); EL: ear length (cm); MF: male flowering (days); FF: female flowering
(days); PH: plant height (m); EH: ear height (m).

Moderate selection gains were recorded for traits such as number of ears per plant
(NE), ear length (EL), and ear diameter (ED), with NE showing the most consistent response
across methods—SHI: 7.56%, BI: 6.19%, and MMI: 6.11%, confirming its capacity to balance
multiple traits when no single trait dominates the selection objective.

In contrast, flowering traits (female and male flowering, FF and MF), plant height (PH),
and ear height (EH) exhibited negligible gains across all indexes, indicating limited selection
pressure or unfavorable correlations with the main selection target (grain yield) suggesting
a favorable trend toward more compact plants, which is desirable in tropical environments
for lodging resistance and mechanical harvesting. For example, female flowering (FF)
showed negative gains in all cases, ranging from −0.05% (SHI) to −0.19% (BI), suggesting
a potential delay in flowering as a correlated response, which may contribute to reduced
crop cycle and better adaptation to the second season.

2.3. Prediction of Genotypic Values

The evaluation of grain yield in 194 half-sib maize progenies from the third progeny
generation (3G) using REML/BLUP methodology revealed substantial variability in both
the predicted additive genotypic values (µi + gi) and associated inbreeding depression
(ui + gi) (Table 2).

Among the 38 selected progenies, progeny 135 ranked at the top by point estimates
for predicted grain yield (µi + gi = 4890 kg ha−1) and BLUP (1423 kg ha−1), showed
low inbreeding depression (33.7), and was selected by all methods, with no statistically
significant differences versus other top entries (Table 2; Figure 1).

Notably, the high predicted additive values (µi + gi) and low inbreeding depression
observed in selected progenies, such as 135 and 145, demonstrate that modern breeding
methods can recover and enhance yield potential without compromising genetic stability.
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Table 2. Predicted additive genotypic values (µi + gi) for grain yield and inbreeding depression (%)
across three generations of main half-sib maize progenies for PopBLUP_GY, and BLUP_ID.

3rd G Blup_GY µi + gi Blup_ID ui + gi

135 1423 4890 −17.3 33.7
145 1059 4525 −15.8 35.2
85 1020 4486 −10.9 40.1

150 746 4212 −11.2 39.8
87 706 4173 −10.6 40.4
4 626 4092 −9.4 41.7

44 604 4071 −9.1 41.9
82 580 4047 −8.6 42.4
96 568 4035 −8.5 42.5

105 565 4031 −8.4 42.6

Mean 558 4025 −7.9 43.1

Similarly, progeny 145 demonstrated a predicted yield of 4525 kg ha−1 and a modest
inbreeding depression (35.2), reinforcing its potential for selection. Other high-performing
progenies, such as 85 (4486 kg ha−1) and 150 (4212 kg ha−1), also ranked among the best in
terms of grain yield; however, their inbreeding depression values were relatively higher
(40.10 and 39.8, respectively).

Conversely, some progenies exhibited consistently lower performance, such as 26,
32, 43, and 7 recorded BLUPs below 410 kg ha−1 and genotypic values (µi + gi) under
3900 kg ha−1, suggesting limited contribution to yield improvement. These genotypes
may be excluded from further breeding unless they display desirable traits for other
agronomic purposes.

The correlation between BLUPs and predicted additive values was positive, indicating
that higher phenotypic expression is generally associated with greater additive genetic
merit. This is reflected in the clustering of selected progenies above the average thresholds
for both parameters (BLUP = 558 kg ha−1; µi + gi = 4025 kg ha−1).

Furthermore, the evaluation across three breeding generations (1st, 2nd, and 3rd)
reinforces the heritability and stability of grain yield traits. Genotypes such as 135, 145, and
85, which maintained superior performance across generations, are particularly valuable
for integration into long-term breeding strategies.

The average predicted yield for the 38 selected progenies was 4025 kg ha−1, with
a corresponding average inbreeding depression of 43.1, and a predicted genetic gain of
558 kg ha−1 for grain yield and a reduction of 7.90 units for inbreeding depression. The
simultaneous consideration of both parameters, high genotypic values for yield and low in-
breeding depression, allowed the identification of nine recurrent progeny (135, 145, 85, 150,
87, 4, 44, 42, 96 and 105) that showed consistent performance across generations. Notably,
these progenies originated from first-generation progenies previously selected for resistance
to foliar diseases, such as gray leaf spot. This convergence highlights the possibility that
such progenies carry favorable alleles for both yield and stress tolerance, enhancing their
breeding value and justifying their recombination in population improvement programs.

In summary, the results confirm the genetic superiority of a core set of progenies
within RV-02, especially those descending from progeny 23, reinforcing the potential of this
subgroup as the foundation for developing high-performing, genetically stable tropical
maize populations.

2.4. Synthetic Populations Performance

The comparison of means among five maize populations developed via different
selection strategies, along with two commercial checks (hybrid P3898 and open-pollinated
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variety AL Bandeirante), revealed significant genetic progress for grain yield (GY) and
other yield-related traits (Table 3).

Table 3. Comparison of means for male flowering (MF), ear length (EL), ear weight (EW), and
grain yield (GY) evaluated in five maize populations derived from different selection strategies
(PopBLUP_GY, PopBIA, PopSHI, PopMMI, and PopBLUP_ID), along with two commercial cultivars
(Hybrid P3898; open-pollinated variety AL Bandeirante).

Populations MF
Days

EL
cm

EW
(kg ha−1)

GY
(kg ha−1)

Predict GY
(kg ha−1)

P3898 67.83 a * 18.38 ab 11,620 a 9400 a
PopMMI 66.67 ab 18.88 a 7880 b 6300 b 4590

PopBLUP_GY 66.33 ab 16.33 ab 7060 b 5620 b 4025
PopBIA 65.33 b 15.88 ab 5980 c 4760 c 4597
PopSHI 66.33 ab 17.17 ab 5900 c 4650 c 4515

PopBLUP_ID 66.33 ab 15.75 b 6100 c 4810 c
AL Bandeirantes 66.67 ab 18.04 ab 6010 c 4480 c

* Means followed by the same letter in a column do not differ significantly by Tukey’s test at 5% probability.

Among the synthetic populations, PopMMI and PopBLUP_GY demonstrated the
highest agronomic performance, exhibiting statistically superior ear weight and grain yield,
significantly outperforming the open-pollinated check (AL Bandeirante, GY = 4.48 t ha−1).
This yield surpassed that of the base populations (PopSHI, PopBIA, and PopBLUP_ID) and
remained statistically inferior to the commercial check P3898 (9.40 t ha−1). Although not
statistically equal to P3898, the BLUP_GY population showed evidence of additive genetic
gain, validating the use of mixed-model approaches in early-stage recurrent selection cycles.
On the other hand, PopBIA, PopSHI, and PopBLUP_ID exhibited lower grain yield and
ear weight values, ranging from 4.65 to 4.81 t ha−1 for GY and 5.90 to 6.10 t ha−1 for EW.
Despite being inferior to PopMMI and PopBLUP_GY, these populations still performed
comparably or better than the open-pollinated check, indicating partial gain through
selection. However, further cycles of recurrent selection or incorporation of genomic tools
may be required to boost their yield potential.

Male flowering (MF) did not differ significantly among most populations, except
for P3898, which was slightly later (67.83 days) than the experimental groups (65.33 to
66.67 days). This suggests that selection did not strongly impact flowering time, allowing
gains in yield without major shifts in phenology.

A comparison between predicted grain yield (Predict GY) and the realized values
of grain yield (GY) revealed important discrepancies among the populations evaluated.
Among the synthetic populations derived from selection indices, the predicted genetic
gains were consistently higher than the realized values. For example, PopMMI presented
a predicted GY of 4590 kg ha−1, whereas the realized value was 6300 kg ha−1, indicating
that the prediction underestimated the actual performance. A similar pattern occurred
with PopBIA (predicted 4597 vs. realized 4760 kg ha−1) and PopSHI (predicted 4515 vs.
realized 4650 kg ha−1). In these cases, although the absolute difference was modest, the
realized values slightly exceeded the predictions, suggesting that the additive genetic effects
captured by the indices were expressed more favorably under the experimental conditions.

Conversely, for PopBLUP_GY and PopBLUP_ID, the realized yields were 5620 and
4810 kg ha−1, respectively, while the predictions were 4025 and not available for BLUP_ID.
Here, the differences were larger, particularly in PopBLUP_GY, where realized GY was
substantially higher than predicted. This divergence may be attributed to environmental
contributions or non-additive effects (dominance, epistasis) not fully accounted for by the
BLUP-based predictions.

The comparison between predicted (Predict GY) and realized GY values highlights
consistent differences across the evaluated populations. In general, the realized yields
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exceeded the predicted values, although the magnitude of the difference varied depending
on the selection strategy. For instance, PopMMI showed a realized GY of 6300 kg ha−1,
compared with a predicted yield of 4590 kg ha−1, while PopBIA and PopSHI also exhibited
higher realized values (4760 and 4650 kg ha−1) relative to their respective predictions
(4597 and 4515 kg ha−1).

In contrast, the populations based on BLUP methodologies presented distinct out-
comes. PopBLUP_GY had a predicted yield of 4025 kg ha−1, whereas the realized yield
reached 5620 kg ha−1, a substantial difference of more than 1500 kg ha−1, indicating that
additive effects captured in the prediction were sufficient to fully explain the realized
performance under field conditions. PopBLUP_ID, on the other hand, did not include
a predicted yield in the dataset, but the realized value was 4810 kg ha−1, positioning it
slightly below PopBLUP_GY in terms of actual performance.

3. Discussion
The overlap of selected progenies among the five strategies provides important in-

sights into the consistency and divergence of phenotypic and BLUP-based approaches in
early recurrent selection. The recurrent identification of progenies 22, 39, 43, 135, and 152
across all methods suggests that these progenies combine both favorable phenotypic perfor-
mance and stable predicted genetic merit, reinforcing their potential as reliable candidates
for advancement in breeding pipelines.

Overall, the combination of consistent and method-specific selections emphasizes the
complementarity of phenotypic indices and BLUP-based approaches, reinforcing the im-
portance of integrating multiple strategies to increase the robustness of selection decisions.
This integration can maximize genetic gain by balancing convergence on superior and
stable progeny with the exploration of unique candidates that expand the genetic base for
long-term breeding progress.

In line with previous studies, the MMI showed strong performance in concentrating
desirable traits and suppressing undesirable ones [1,19]. The consistent reductions in
flowering time, plant height, and inbreeding depression, alongside improvements in yield
components, indicate that this index is highly suitable for simultaneous multi-trait selection
in maize half-sib populations under tropical conditions.

The average pairwise coincidence index as a function of the number of top-ranked
progenies (top 10 to top 40) indicates that as more progenies are included in the ranking,
the level of agreement among the selection strategies improves. However, even at the top
40 threshold, the average index remains below 0.40, emphasizing substantial methodologi-
cal differences in selection criteria. Phenotypic indices tend to prioritize progenies with
superior agronomic traits under field conditions, while genomic approaches select based on
predicted genetic values and underlying variance components. This divergence reinforces
the importance of integrating both phenotypic and genomic information to improve the
robustness of selection decisions in early-stage recurrent selection cycles.

These findings highlight the utility of coincidence analysis not only for assessing
agreement among strategies but also for informing multi-criteria selection frameworks that
balance short-term phenotypic gains with long-term genetic progress.

The predicted genetic gains indicate that the MMI and BI indexes were the most
efficient in predicting genetic gains for both grain yield (GY) and ear weight (EW), with
values surpassing those obtained with SHI. The superiority of the MMI index for GY
(15.93%) and the close performance of BI (15.84%) suggest that these methods are more
effective at combining multiple traits into a selection criterion that maximizes productivity.
SHI, although traditionally robust, presented slightly lower gains (14.79%), reinforcing the
notion that alternative indices can provide higher efficiency in specific contexts.
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Inbreeding depression (ID) indicates a consistent reduction in deleterious additive
gene effects and that the selected progenies are likely to suffer lower losses under in-
breeding, a desirable outcome in pre-breeding programs. The ability to reduce inbreeding
depression while improving grain yield highlights the potential of these selection strategies
to simultaneously enhance performance and genetic stability. The inbreeding values results
suggest that while these progenies from F2 commercial hybrids exhibit strong additive
effects for grain yield, they may be more sensitive to inbreeding, a key consideration in
early recurrent selection cycles.

The total predicted selection gain (PG total), reflecting the aggregate improvement
across traits, was numerically greater with the Smith–Hazel index (28.25%), followed by the
BI (26.37%) and MMI (26.27%), indicating that all three indexes were robust for multi-trait
selection in half-sib progenies of tropical maize. Although SHI showed a numerically
greater composite score, MMI and BI provided more favorable responses for key breeding
objectives such as grain yield and reduction in inbreeding depression.

The findings of the present study align with those of Velmurugan et al. [13], who
demonstrated significant genetic variability in BC2F1 maize progenies derived from Zea
nicaraguensis crosses, particularly for kernel traits such as 100-seed weight, color, and shape.
Our results and those of Velmrugan et al. [13] converge on the importance of maintaining
and reintroducing genetic diversity as a strategy for improving maize performance under
variable environmental conditions, and both highlight the value of multivariate analy-
ses, such as mixed-model predictions, for guiding selection decisions in early recurrent
selection cycles.

The REML/BLUP methodology was applied to estimate genetic gains and assess geno-
typic values among maize half-sib progenies under a recurrent selection scheme [5]. The
REML/BLUP approach yielded high accuracy estimates and predicted substantial selection
gains: 24.07% for EL, 21.88% for GY, and 18.23% for ED. These results underscore the
efficiency of mixed models in quantifying genetic progress in maize breeding populations.

These findings reinforce the utility of BLUP-based methodologies in the estimation
of genetic values and selection gains in maize, as implemented in our study. The positive
association between yield components and GY through traits like ear length supports the
integration of multivariate selection strategies, such as the SHI, BIA, and MMI indices,
which incorporate multiple agronomic traits into the decision-making process. The genetic
architecture observed by [5] aligns with our own findings of divergence among selection
indices and suggests that trait-specific indirect selection paths may enhance the efficiency
of breeding programs, particularly when the coincidence among selection methods is low.

The outcomes of our study, particularly the effectiveness of BLUP-based selection
strategies in generating additive genetic gains and enhancing grain yield performance,
are consistent with simulation-based insights presented by Vieira et al. [9]. Their review
highlights that selection strategies incorporating genomic prediction tools—such as BLUP
and RR-BLUP—are especially efficient when applied to traits with moderate to high
heritability, as is typical for yield-related components in maize. In this study, the application
of BLUP (PopBLUP_GY) resulted in superior grain yield compared to the open-pollinated
control, validating simulation findings that emphasize the robustness of BLUP in handling
polygenic traits across early recurrent selection cycles. This underscores the value of
integrating both predictive models and cyclic selection schemes to simultaneously optimize
short-term gains and long-term breeding potential in tropical maize.

The REML/BLUP framework has proven particularly effective in this context, pro-
viding precise estimates of additive genetic effects and enabling the identification of geno-
types that combine high yield potential with resilience to inbreeding. As Kick and Wash-
burn [18] demonstrated, predictive models that incorporate genotypic data can outperform
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phenotypic selection alone, particularly in unbalanced datasets or when dealing with
complex traits.

In conclusion, the REML/BLUP-based evaluation provides a solid framework for
informed selection decisions. Progenies with high additive genetic values and stable
performance under inbreeding should be prioritized for hybrid development and popula-
tion improvement, while lower-performing progenies may be strategically discarded or
redirected to secondary breeding objectives.

The significance of the differences among new synthetic populations confirms the
effectiveness of the selection and recombination processes applied to these new populations.
Notably, PopMMI and PopBLUP_GY stood out as the top-performing groups, evidencing
their potential for use in future hybrid combinations or for advancement as synthetic
cultivars. These results reaffirm that the selection and recombination processes were
effective in generating competitive and genetically diverse breeding materials.

As reported by Duarte and Sentelhas [20], the comparison with commercial hybrids
is essential for determining the feasibility of replacing or complementing conventional
materials with newly developed populations. In this case, although commercial hybrids still
perform better in absolute terms, synthetic maize populations, especially those derived from
the MMI and BLUP-based strategies, demonstrated yield levels that surpass traditional
open-pollinated varieties and approach hybrid standards.

The genetic gains observed across progeny generations in our study are consistent
with findings reported in a five-cycle intrapopulation recurrent selection program in half-
sib progenies of fresh corn conducted in the southwest region of Goiás, Brazil. That
study demonstrated the persistence of genetic variability and cumulative progress in
key agronomic traits over multiple selection cycles, with heritability estimates exceeding
70% for most yield-related components, including ear diameter, marketable ear yield,
and ear length [14]. Both studies underscore the efficacy of recurrent selection schemes
in maintaining selection potential over time, even in populations derived from diverse
genetic backgrounds, and highlight the utility of half-sib progeny structures for early-stage
recurrent selection cycles and from F2 commercial hybrids. These parallels reinforce the
strategic value of population improvement via intrapopulation recurrent selection, not only
for specialty markets like fresh corn but also for broad-based grain yield improvement.

The observed results reinforce that the recombination of half-sib progenies, when
guided by structured strategies such as REML/BLUP-based selection, leads to the formation
of differentiated and agronomically competitive populations. Collectively, these findings
support the continued use of the RV-02 germplasm base as a cornerstone for recurrent
selection programs focused on improving tropical maize in terms of yield, resilience, and
genetic progress across cycles and environments.

In summary, the data support the conclusion that genetic gains were successfully
achieved, particularly in PopMMI and PopBLUP_GY, which surpassed or closely ap-
proached commercial check performance in yield-related traits. These results validate
the effectiveness of selection strategies applied and demonstrate the potential of these
populations for advancing synthetic variety development or serving as sources for inbred
line extraction.

When comparing the relative positions of the synthetic populations based on predicted
and realized grain yield (GY), clear differences emerge that highlight the limitations of the
predictive models. PopMMI achieved the highest realized yield (6300 kg ha−1), although its
predicted value (4590 kg ha−1) placed it close to PopBIA and PopSHI. This underestimation
suggests that the index did not fully capture favorable non-additive effects or environmental
contributions expressed in the field.
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PopBLUP_GY presented the most striking shift, being ranked lowest in predicted
yield (4025 kg ha−1) but outperforming PopBIA and PopSHI in realized yield (5620 kg
ha−1). This discrepancy indicates that the BLUP-based model underestimated its genetic
potential, likely due to unaccounted dominance and epistatic effects, which are not fully
represented in additive genetic predictions, probably by early genetic cycles from F2

populations. Nevertheless, even though the predicted values were inferior to those obtained
with phenotypic indices, the realized yield clearly demonstrates the efficiency of the
BLUP-based method in selecting superior progenies with higher additive values. This
outcome reinforces the strength of BLUP as a selection strategy, since its primary goal is
not necessarily to maximize short-term prediction accuracy, but to identify and accumulate
favorable additive effects that ensure sustained genetic progress across recurrent selection
cycles.

Finally, the use of F2 populations derived from commercial hybrids to synthesize
base populations for recurrent selection cycles in maize breeding can be considered a
valuable strategy, as these populations harbor a high frequency of favorable alleles that
have already been combined through intensive selection in commercial programs. This
allows the synthesized populations to start from a high-performing genetic pool, thereby
accelerating initial genetic gains. However, such populations may also display increased
homozygosity and greater sensitivity to inbreeding, given that commercial hybrids are
derived from specific combinations of inbred lines. In this context, the adoption of half-sib
progeny selection schemes is technically advisable, since they reduce the rate of inbreeding
compared with full-sib or inbred progenies, while maintaining sufficient genetic variability
for future progress. Therefore, while F2 populations from hybrids can provide an efficient
starting point for recurrent selection, their sustainable use requires strategies that balance
the exploitation of favorable alleles with the preservation of long-term genetic diversity.

4. Materials and Methods
The study was carried out within a long-term maize breeding program in Southwest

Goiás, Brazil, from 2016 to 2020 (Figure 4). In this region, the first season is sown in October
of the previous year and harvested in February of the following year, while the second
season is sown in February and harvested at the end of August. In 2016 (second season),
the RV-02 population was planted in isolated plots to evaluate 182 half-sib families (HSP)
across three locations, as described by Chavaglia (2016) [21]. In 2017 (second season),
32 superior HSP were recombined with 9 HSP previously identified for foliar disease
resistance. In 2018 (first season), the recombination of 41 HSP generated a new population
from which 194 HSP were selected. In 2018 (second season), 194 progenies were self-
pollinated and obtained 194 S1 progenies. In 2019 (second season), these 194 HSP, together
with two checks and their respective S1 progenies, were tested in field trials. In 2020
(first season), 38 selected HSP were recombined, resulting in 5 populations that were
evaluated in 2020 (second season). These seven sown dates, with a chronological sequence
of recombination, evaluation, and selection, ensured consistent replication across years,
captured environmental variability, and established a robust framework for assessing the
efficiency of the selection methods.

4.1. Recurrent Selection Cycle 0

The RV-02 Cycle 2 maize population was developed through a structured breeding
and selection program over 15 years, serving as the genetic basis for the present study.

The original RV-02 Cycle 0 maize population originated from the work of Cárde-
nas [22], who collected germplasm from commercial maize fields in Southwest Goiás, Brazil,
and established 14 populations (HG1 to HG14) from F2 commercial hybrids (Figure 5).
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Figure 4. Flowchart illustrating the recurrent selection cycles of the RV-02 tropical maize population
across seven sown dates.

Figure 5. Flowchart of the initial development and selection process of RV-02 synthetic
maize population.

A full diallel (14 × 14) among 14 HG populations was conducted in January 2001
at the experimental field of the Department of Genetics, “Luiz de Queiroz” College of
Agriculture (ESALQ/USP), in Piracicaba, São Paulo, Brazil (Figure 5). A total of 91 full-sib
progenies were generated through manual crosses between adjacent population rows. Fifty
to sixty ears per pair of rows were pollinated. Field trials with 14 HG populations and 91
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full-sib progenies were conducted at Piracicaba (SP), Anhembi Farm (SP), and Rio Verde
(GO), Brazil (Figure 5).

Two synthetic populations were formed: RV-01 from the recombination of HG-04,
HG-05, HG-07, HG-10, HG-13, and RV-02 from HG-03, HG-06, HG-09, HG-11, HG-14
(Figure 5). The RV-02 synthetic population was selected for resistance to gray leaf spot
(Cercospora zeae-maydis).

4.2. Recurrent Selection Cycle 1

The first cycle of recurrent selection of base population RV-02 (C1) was obtained
under selection of 182 half-sib progenies (HSP) in three locations in the Southwest of
Goiás, Brazil, in 2016, in the second season. These progenies were initially evaluated by
Chavaglia [21] for grain yield and foliar diseases, including southern rust (Puccinia polysora),
gray leaf spot (Pantoea ananatis), northern leaf blight (Exserohilum turcicum), cercospora
leaf spot (Cercospora zeae-maydis), and maize bushy stunt (Spiroplasma kunkelii). In 2017, in
the second season, 32 half-sib progenies were selected using the Mulamba and Mock [23]
rank summation index, assigning a weight of 4 to grain yield and a weight of 1 to each
disease variable. An additional 9 half-sib progenies were selected specifically for foliar
disease resistance, resulting in 41 selected progenies. These progenies were recombined
using the Irish method, in which a bulked pollen mixture from the progenies was used to
pollinate each emasculated progeny. It originated from the Population RV-02 (Cycle 1).

In 2018, in the first season, 194 HSP were extracted from Population RV-02 (Cycle 1),
and in the second season, the 194 HSP were self-pollinated and obtained 194 S1 progenies.

4.3. Recurrent Selection Cycle 2

The 194 HSP were evaluated in the 2019 second season using a 14 × 14 triple lattice
design with two checks: a single-cross hybrid (DKB 290) and an open-pollinated variety
AL Bandeirante. In parallel, the S1 progenies were grown in a separate field to evaluate
inbreeding depression. To control competition effects, S1 rows were flanked by S0 base
population rows, with a configuration ensuring uniform growth conditions.

The experiments with 194 HSP and 194 S1 progenies were conducted at the experi-
mental field of the Federal University of Jataí, Jataí, Goiás, Brazil (17◦53′ S, 51◦43′ W, 780 m
altitude, average annual precipitation ~1800 mm).

The plots consisted of a single 4-m row with 20 plants, spaced 0.90 m between rows
and 0.20 m between plants. The following traits were evaluated: male flowering (MF),
female flowering (FF), ear height (EH), plant height (PH), number of ears (NE), ear length
(EL), ear diameter (ED), ear weight (EW), grain yield (GY), grain moisture (GM), and
inbreeding depression (ID). The ID was calculated as:

ID = 100 × ((m0 −m1)/m0), (1)

where
m0 = mean of S0, and
m1 = mean of S1.
The second cycle of recurrent selection of Population RV-02 (C2) was obtained af-

ter recombination of 38 selected S1 progenies selected from 194 half-sib progenies in the
2020 first season (Figure 4). The 38 S1 selected progenies of each selection strategy in recur-
rent selection programs were recombined to generate five new populations: PopBIA (Base
Index), PopSHI (Smith–Hazel Index), PopMMI (Mulamba–Mock Index), PopBLUP_GY
(BLUP for grain yield), and PopBLUP_ID (BLUP for inbreeding depression).
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4.4. Selection Strategies and Genetic Gain Prediction

Twenty percent of the best-performing progenies (38 out of 194 HSP) were selected
based on five selection strategies: (i) phenotypic values using selection indexes Base Index,
Smith and Hazel Index, and Rank Summation Index, and (ii) genotypic values (BLUPs) for
grain yield and inbreeding depression. Selection indexes assigned weights of 2 (increase)
for grain yield and 1 (decrease) for inbreeding depression. Genotypic selection considered
these traits independently.

S1 progenies were used to calculate inbreeding depression and recombination, which
were included as traits in all selection procedures. Selection indexes included the Base
Index [24], the classical Smith [25] and Hazel [26] index (SHI), and the Mulamba and
Mock [23] rank summation index (MMI):

Base Index (BI): IBIj = ∑j xj aj, (2)

where xj are standardized trait means (per progeny) and aj are predetermined economic/subject-
matter weights.

Smith–Hazel (SHI): ISHI = b′× I with b = P−1 Ga, (3)

where P and G are phenotypic and genetic (co)variance matrices, a is the vector of economic
weights. I is the vector (t × 1) of values of genotype j.

Mulamba & Mock rank-sum (MMI): IMMI = ∑j rij wi, (4)

where rij is the rank of genotype j for trait i, and wi denotes the weights. The lower ranks
for inbreeding depression and higher ranks for grain yield were favored. Weights were
set to 2 for grain yield and 1 for inbreeding depression (other traits’ weights = 0) in the
phenotypic selection scenario. For MMI, lower ranks for inbreeding depression and higher
ranks for grain yield were favored.

Genotypic evaluations used mixed models (REML/BLUP), with the following
linear model:

Y = Xr + Zg + Wp + Ti + ε, (5)

where Y is the phenotypic vector;
Xr = random repetition effects;
Zg = random genotypic effects;
Wp = random plot effects;
Ti = fixed ancestry matrix; and
ε = random residuals.
The fixed ancestry matrix coded the pedigree/background groups that formed the RV-

02 population from F2 commercial-hybrid sources (HG03. . .HG14 as per the RV-02 synthesis
described by Cárdenas [22]). These fixed effects were included to absorb systematic ancestry
structure during REML/BLUP estimation.

Predicted gains were computed from index-based responses (BI/SHI/MMI) using
selected-top-20% progenies and, for BLUP-based strategies, from the mean of selected
BLUPs relative to the base mean, expressed as percent gain per trait; selection considered
yield (weight = 2) and inbreeding depression (weight = 1) together in the index scenario,
and separately in BLUP scenarios.

Realized gains were estimated after recombining the selected sets into five derived
populations (PopBIA, PopSHI, PopMMI, PopBLUP_GY, PopBLUP_ID) and evaluating
them in RCBD. The gains were computed as the difference (or % difference) between
recombined population means and the reference/base.
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The agreement among selection strategies over the universe of genotypes was quanti-
fied. For each strategy s and selection intensity k, the top-k selection set S_{s,k} was defined
with cardinality k.

S_{s,k} ⊆ U, |S_{s,k}| = k

Pairwise coincidence (overlap) between strategies p and q at intensity k was
computed as:

CI_{p,q}(k) = |S_{p,k} ∩ S_{q,k}|/k

When selected sets had different sizes, the normalized version was reported:

CI_{p,q}(k) = |S_{p,k} ∩ S_{q,k}|/min{|S_{p,k}|, |S_{q,k}|}

As a sensitivity analysis, we also computed the Jaccard similarity:

J_{p,q}(k) = |S_{p,k} ∩ S_{q,k}|/|S_{p,k} ∪ S_{q,k}|

To summarize stability across all M strategies, we used the mean pairwise coincidence:

CI¯(k) = 2/[M(M − 1)] · Σ_{p < q} CI_{p,q}(k)

The top 10 until the top 40 corresponded to the highest-ranking subsets of progenies
selected by each method. In practice, all progenies were first ranked according to their
respective criteria, predicted genetic values for BLUP-based strategies or index scores for
phenotypic indexes. From these ordered lists, the top 10 to the top 40 progenies were
extracted, and pairwise coincidence indices were subsequently calculated to assess the
degree of overlap among methods.

Estimations were performed using the lme4 package in R [27].

4.5. Recombination and Evaluation of Recombined Progenies

The five populations comprised the population RV-02 (C2), which was evaluated in
2020, in the second season. Field trials used a randomized complete block design (RCBD)
with three replications and seven treatments. The plots with 4 lines, spaced by 0.9 m,
were used and the same traits were measured in the HSP and S1 progenies of the RV-02
(C2) populations.

5. Conclusions
The evaluation of five selection strategies in maize recurrent selection showed that

both phenotypic indexes (BIA, SHI, and MMI) and BLUP-based approaches (BLUP_GY
and BLUP_ID) were effective in identifying superior progenies. Some progenies were
consistently selected across all methods, confirming their reliability for recombination.
Although predicted and realized values differed, particularly for BLUP_GY, the overall
results indicate that phenotypic and BLUP-based strategies are complementary: phenotypic
indexes provided higher predicted short-term gains, while BLUP approaches proved
efficient in capturing additive effects and reducing inbreeding. Therefore, integrating both
methods can strengthen recurrent selection by combining immediate realized gains with
sustainable genetic progress for tropical maize improvement.
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Abstract: Maize (Zea mays L.) is a globally vital crop for food, feed, and biofuel produc-
tion, with plant height (PH) being a key agronomic trait that significantly influences yield,
lodging resistance, and stress tolerance. This study identified a single-base mutation in
the D1 (Dwarf 1) gene responsible for the dwarf phenotype in the maize mutant 16N125.
Through genetic analysis and fine mapping, the candidate region was localized to chromo-
some 3, narrowing it down to an interval containing three genes. Sequencing revealed a
non-synonymous mutation in D1, which encodes a gibberellin 3-beta-dioxygenase, leading
to amino acid substitutions at positions 61 and 123. Genetic analysis of F2 populations
confirmed that the mutation at position 61 was responsible for the dwarf trait. Furthermore,
the mutation was detected in several Chinese inbred lines, indicating its potential role in
dwarfing under specific conditions. These findings provide critical insights into the genetic
mechanisms regulating maize plant height, offering valuable information for breeding
programs focused on improving crop architecture and yield to address the challenges of
global food security and climate change.

Keywords: maize; plant heigh; D1 gene; dwarf mutant; genetic mapping; breeding

1. Introduction
Maize (Zea mays L.) is one of the most important global crops serving as a staple

food, feed, and biofuel source. It is a cornerstone of global agriculture, providing essential
nutrients and energy for both humans and livestock. Over the past century, maize produc-
tion has increased eightfold, largely due to genetic improvements, advanced agricultural
practices, and the development of high-yielding hybrids [1–3]. However, with the growing
global population, which is projected to reach nearly 10 billion by 2050, and the challenges
posed by climate change, there is an urgent need to further enhance maize productivity,
resilience, and adaptability [4,5]. Among the various agronomic traits that influence maize
yield and performance, plant height (PH) stands out as a critical factor [6,7]. Plant height
serves as a crucial morphological trait that profoundly influences stress tolerance in plants.
Taller plants exhibit superior light capture efficiency, particularly in dense canopies, thereby
enhancing their photosynthetic capacity under light-limiting conditions. This architectural
advantage also extends to thermal regulation, as their vertical profile enables exposure
to varied microclimates that facilitate heat dissipation during high-temperature stress.
Furthermore, shorter plants enhance lodging resistance through improved stem strength
and a lower center of gravity, reducing yield losses under mechanical stress [6–10].
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Plant height is a complex trait influenced by a combination of genetic, environmental,
and hormonal factors. It is closely associated with other important traits such as ear height,
internode length, and node number, which collectively contribute to biomass production
and yield potential [11,12]. In energy maize, taller plants correlate strongly with a higher
biomass, ideal for bioenergy sources like cellulosic ethanol. However, in grain maize,
excessive height risks lodging, reducing yield and harvest efficiency. Breeding must thus
balance biomass production and structural strength based on end-use goals [13].

The importance of plant height in crop improvement was highlighted during the Green
Revolution of the mid-20th century, when the discovery and utilization of semi-dwarf genes
(rht1 in wheat and sd1 in rice) revolutionized cereal production. These semi-dwarf varieties
exhibited improved lodging resistance, increased yield, and enhanced responsiveness to
fertilizers, leading to significant gains in global food production [14–16]. In maize, however,
the genetic mechanisms controlling plant height are more complex, and identifying the
genes that regulate this trait has proven to be more challenging. Nevertheless, the potential
benefits of optimizing plant height in maize are immense, as it could lead to the devel-
opment of high-yielding, stress-resistant varieties that are better suited to the changing
climatic conditions and the increasing demand for food and bioenergy [17].

To date, over 50 genes have been implicated in the regulation of maize plant height,
many of which are involved in the biosynthesis, transport, and signaling pathways of
key plant hormones such as gibberellins (GAs), abscisic acid, and brassinosteroids [18–21].
Gibberellins, in particular, play a central role in regulating plant growth and development,
including stem elongation, leaf expansion, and flowering. Mutations in genes involved
in gibberellin biosynthesis or signaling often result in dwarf phenotypes, as seen in the
well-studied dwarf1 (D1) gene, which encodes a gibberellin 3-beta-dioxygenase [22–25].
Other genes, such as ZmBr2 and ZmGA2ox3, have also been shown to influence plant height
by modulating hormone levels and cell elongation [19,26].

Despite these advances, the genetic mechanisms underlying the natural variation
in maize plant height remain poorly understood, primarily due to the complexity of the
trait and the limited number of successfully cloned genes. Traditional linkage mapping
and quantitative trait locus (QTL) analysis have identified numerous genomic regions
associated with plant height, but the resolution of these methods is often insufficient for
precise gene identification [27,28]. Moreover, the interaction between multiple genes and
environmental factors further complicates the genetic dissection of plant height. In recent
years, however, advances in genomics and sequencing technologies have provided new
tools for studying complex traits in crops. One such tool is bulked segregant analysis
combined with next-generation sequencing (BSA-seq), which has emerged as a powerful
method for rapidly identifying candidate genes associated with specific traits [29–32]. This
approach significantly reduces the number of samples required for genotyping and focuses
on individuals with extreme phenotypes, making it particularly suitable for studying
complex traits such as plant height.

In this study, we employed BSA-seq to identify a novel mutation in the D1 gene
responsible for the dwarf phenotype in the maize mutant 16N125. The D1 gene, also
known as ZmGA3ox2, is a key regulator of gibberellin biosynthesis and has been associated
with several dwarfing alleles in maize [21–25]. By combining BSA-seq with fine mapping
and genetic analysis, we were able to narrow down the candidate region to an interval on
chromosome 3 and identify a non-synonymous mutation in the D1 gene that leads to amino
acid substitutions at positions 61 and 123. Genetic analysis of F2 populations confirmed
that the mutation at position 61 was responsible for the dwarf trait also found in several
Chinese inbred lines, suggesting its potential role in dwarfing under specific conditions.
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We aimed to identify the gene responsible for the dwarf phenotype in the maize
mutant 16N125 through genetic analysis and BSA-seq. We crossed 16N125 with different
maize varieties to investigate the inheritance pattern of the dwarf trait. BSA-seq and fine
mapping were then employed to pinpoint the candidate gene. Furthermore, we examined
the presence of the identified mutation in Chinese inbred lines to explore its potential role
in maize breeding. This research is expected to contribute to a better understanding of
the genetic mechanisms underlying maize plant height and provide practical guidance
for future maize breeding programs. By uncovering the genetic basis of plant height in
maize, we can develop more efficient breeding strategies to meet the growing demands
for food, feed, and fuel, while also enhancing the resilience of maize crops in the face of a
changing climate.

2. Results
2.1. Phenotyping and Genetic Analysis of Dwarf Maize Plants

In the summer of 2015, a mutant plant exhibiting extremely reduced stature was
identified in an experimental field planted with B73, representing a naturally occurring
mutation. If the naturally mutated gene can be mapped, it may represent a novel allele
influencing maize plant height. Consequently, we retained this serendipitously obtained
mutant and propagated it continuously for seven generations until the traits stabilized. This
mutant was named 16N125 to identify the gene influencing plant height. We conducted
a series of crosses between this mutant and multiple maize varieties and successfully
obtained F1 generation seeds. In the following spring, these F1 seeds were sown in
Shenyang city (42◦ N,123◦ E), and no significant changes in plant height or panicle length
were observed, indicating a phenotype similar to that of the tall parental generation.
Subsequently, after self-pollinating the F1 plants, the F2 generation was generated, and
upon sowing the F2 seeds, clear trait segregation was evident. Some plants displayed a
marked reduction in both plant height and panicle length. However, the segregation ratio
of the F2 generation exhibited a discernible pattern solely when crossed with maize variety
A101—a tall, inbred line selected and bred from America. Statistical analysis revealed
that the dwarf maize plants had an average height of approximately 120 cm and the tall
ones were 210 cm, confirming that the dwarf trait was completely recessive to the tall
trait (Figure 1). Additionally, the numbers of tall and short plants are summarized in
Table 1. According to the law of segregation, in F2 populations, the ratio of individuals
with dominant traits to those with recessive homozygous traits should be 3:1. Among the
825 F2 individuals, 609 displayed a tall plant height while 216 showed a dwarf plant height.
When subjected to the Chi-square test, the segregation ratio was found to be 3:1 (χ2 = 0.62
< 3.84, and the p value was greater than 0.05). The fact that χ2 < 3.84 indicates a significant
correlation between the theoretical segregation ratio and the actual one. These results thus
demonstrated that a single recessive gene should be responsible for controlling the dwarf
trait.

Table 1. Phenotype analysis for tall/dwarf plant height in F2 populations.

Generation Total Plants Tall Dwarf
a Expected

Ratio
b χ2 c p Value

F2 825 609 216 3:1 0.62 0.43
a Expected ratio of dominant trait individuals–recessive trait individuals = 3:1. b χ2: χ2 < 3.84 is considered as
significantly correlated. c p value: p value > 0.05 indicates no statistically significant differences.
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Figure 1. Plant height statistics of F2 generation plants. (a) Representative photographs of tall
and dwarf plants in F2 generation; (b) statistical analysis of plant height. Values are means ± SD
(n = 10). Columns marked with different letters (a–b) indicate significant differences, analyzed by
SPSS software version 22.0 (Duncan’s multiple range test, α = 0.05). Bar = 20 cm.

2.2. BSA-Seq Analysis and Mapping of Candidate Gene

To identify novel genes influencing plant height, we constructed a population for
bulked segregant analysis sequencing (BSA-seq). Fifty plants exhibiting extreme pheno-
types were selected to form either the extremely tall or dwarf pools (Table 2). Using the
Illumina HiSeq platform, we obtained approximately 2.2 billion raw reads from sequencing
the parental plants and extreme bulks (Table 2). Following stringent quality control proce-
dures, including adapter trimming and low-quality read removal, we retained 330.2 billion
high-quality clean bases.

Table 2. Sequencing statistics for BSA-seq samples.

Sample Clean Reads Clean Bases GC (%) Q20 (%) Q30 (%)

A101 168,863,930 25,329,589,500 0.4631 0.9741 0.9296
16N125 172,965,252 25,944,787,800 0.4695 0.9699 0.9201
Dwarf 913,765,764 137,064,864,600 0.4653 0.9762 0.9337

Tall 945,640,034 141,846,005,100 0.4657 0.9732 0.9274
Sum 2,201,234,980 330,185,247,000 0.4659 0.9733 0.9277

The quality assessment demonstrated an excellent sequencing performance, with
GC content ranging from 46.31% to 46.95%. The data quality metrics exceeded standard
thresholds, exhibiting Q20 ≥ 96.99% and Q30 ≥ 92.01% (Table 2). These results confirm the
high reliability of our sequencing data for subsequent genetic analyses.

Single-nucleotide polymorphism (SNP) detection and filtering were performed us-
ing the GATK software toolkit (version 4.1.8.1). To identify genomic regions associated
with plant height, we applied the ∆SNP-index method to assess allele frequency differ-
ences in SNPs and InDels between the two extreme bulk pools. Association intervals
were determined based on fitted ∆SNP-index values, with a 99% confidence threshold
(red line, Figure 2). The significant regions are summarized in Table 3 and marked by
arrows in Figure 2. The most robust association was detected within a 5.6 Mb interval
(7,000,000–12,600,000 bp) on chromosome 3.
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Figure 2. The genome-wide association mapping of plant height. The candidate SNPs and InDels
when using the ∆SNP−index algorithm with a cutoff of ∆SNP−index > 0.5. The arrow indicates the
region where the predicted candidate gene was located.

Table 3. Statistics of relevant area information.

Chromosome ID Start End Size (Mb)

3 3,800,000 17,900,000 14.1
3 18,400,000 28,000,000 9.6
3 28,700,000 55,300,000 26.6
3 55,800,000 122,100,000 66.3
3 126,300,000 131,500,000 5.2
3 132,300,000 134,200,000 1.9
3 151,300,000 152,200,000 0.9
3 152,500,000 153,200,000 0.7
3 154,200,000 154,300,000 0.1

2.3. Fine Mapping of Candidate Gene

Based on the above BSA-seq results, 14 InDel markers were developed on chro-
mosome 3, which covered a slightly larger region than predicted and displayed stable
polymorphisms between the parental line and the F2 generation individuals whose parents
were 16N125 and A101 (Figure 3). By using a recombinant-derived progeny testing strat-
egy [33,34], we screened 752 F2 plants and identified 248 individuals recombinant between
the markers InDel-1 and InDel-14, as exhibited in Figure 3.

Through successive [33,34] screenings, we identified 38 recombinants, narrowing the
candidate region to the interval between markers InDel-2 and InDel-10. To further refine the
location, we developed six additional InDel markers and screened for rare recombinants.
The final two recombinants delimited the critical region to a 240 kb segment (9.57–9.81 Mbp)
containing only three annotated genes (Figure 3, Table 4). Notably, D1, a strong candidate
gene, was located within this interval.

Table 4. Gene description from NCBI of 3 genes in predictive region.

Gene Number Annotation

Zm00001d039632 Putative polyol transporter 1, Arabidopsis thaliana (mouse-ear cress)
Zm00001d039633 Pleiotropic drug resistance protein 15, Oryza sativa subsp. japonica (rice)
Zm00001d039634 Gibberellin 3-beta-dioxygenase 2-2, Triticum aestivum (wheat)

Genes were blasted on NCBI website (https://www.ncbi.nlm.nih.gov/ (accessed on 4 December 2023)).
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Figure 3. The fine mapping of the candidate gene, narrowing the candidate region through a
recombinant-derived progeny testing strategy. The genetic linkage map of the candidate region of
Chr.3 and the genes and diagnostic markers in the 11.27 Mb interval.

2.4. Identification of Candidate Gene Related to Plant Height in 16N125 Plants

To pinpoint the causal gene, we conducted Sanger sequencing for all three candidate
genes in both parental lines. While nucleotide variations were present in all three genes,
only D1 exhibited a non-synonymous mutation in the amino acid sequence of 16N125 plants
(Figure 4). For further analysis, we aligned and compared the coding sequences (CDSs;
Figure 4a,b) and corresponding amino acid sequences (Figure 4c,d) of D1 to illustrate the
functional impact of this mutation. In contrast to B37, the amino acid sequence of 16N125
contained a substitution of alanine for proline at position 61 (Figure 4c) and asparagine for
isoleucine at position 123 (Figure 4d), which was caused by the conversion of “C” to “G” at
position 181 (Figure 4a) and “T” to “A” at position 368 (Figure 4b) in the CDS, respectively.
Interestingly, the two substitutions in 16N125 were located at the sites corresponding to
d1-4, a previously reported allele of d1 that contains a large sequence deletion. The mutation
sites in 16N125 plants were found within the regions of these missing fragments. Therefore,
we concluded that the mutation in the D1 gene might be responsible for the dwarfing
phenotype observed in the 16N125 plants. To determine which of the two mutation sites
played a role in the dwarfing of the 16N125 plants, we examined the sequence of the D1
gene using Sanger sequencing in some randomly selected extremely tall and extremely
dwarf plants from the F2 generation, and the results are listed in the Table S1. Among the
eight dwarfing progenies, seven exhibited a homozygous G at position 181, identical to
that of 16N125. In contrast, the tall progenies either possessed a C at position 181, similar to
A101, or were heterozygous with C/G at this position. The phenotype resulting from this
gene mutation aligns with the characteristics of a recessive gene. Notably, while the dwarf
plants showed consistency with 16N125 at position 368, no discernible pattern emerged in
the gene sequence of the tall offsprings. Interestingly, five tall plants were homozygous for
allele A at this locus, which is consistent with the genotype of the dwarf parent 16N125. In
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summary, the mutation at position 61, rather than the other one, plays a regulatory role in
maize plant height.

Figure 4. CDS and amino acid sequence analysis of D1 genes from different cultivars. CDSs (a,b)
and amino acid (c,d) sequences of D1 arranged to show variations. Multiple sequence alignment
performed by espript 3.0 online tool (https://espript.ibcp.fr/ESPript/cgi-bin/ESPript.cgi (accessed
on 4 December 2024)). Arrows point to locations of variations in sequences.

2.5. Investigation of D1 Mutant Genes in Widely Utilized Chinese Inbred Lines

To investigate the amino acid mutation sites of the D1 gene in 16N125 plants within a
natural population, we sowed 50 commonly available Chinese inbred lines, including B73,
in 2023. We then analyzed the variation in the D1 gene among these lines relative to B73
using Sanger sequencing. Additionally, plant height was measured at maturity. As shown
in Figure 5, 18 inbred lines exhibited a significant reduction in plant height compared to
B73. Notably, the amino acid sequences of the D1 gene in Ke830, Kehai181, Chang3, and
Sui8941 were identical to those of B73, suggesting that the reduced height in these four lines
may be attributed to other dwarfing genes or factors (Supplementary File S1).

Figure 5. Plant height statistics of 50 commonly used inbred lines and 16N125. Plant height inves-
tigated (n ≥ 15) in 2022. Asterisks indicate statistically significant differences compared with B73
using Student’s t-test (*, p < 0.05; **, p < 0.01).

The results above indicate a substitution from proline to alanine at position 61 of the
16N125 amino acid sequence. Similarly, several inbred lines exhibiting reduced plant height
also possessed alanine at this position, including Si428, Longkang11, Luyuan92, W22, E28,
and A188. Additionally, glutamine was observed at position 61 in other lines, such as
C167-1, Cheng351, Ji69, and He344 (Supplementary File S1). Therefore, 76.92% of the
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13 inbred lines that exhibited a change in the D1 amino acid sequence and a corresponding
decrease in plant height demonstrated a mutation at amino acid position 61. The cause
of their dwarfism remains unclear. Additionally, all inbred lines exhibiting a height more
significant than that of B73 possessed proline at amino acid position 61, which is consistent
with the residue found in B73. Based on these findings, it can be inferred that the 61st
amino acid of the maize D1 gene may influence plant height under specific conditions.
However, the mutation at the 123rd amino acid position in the D1 gene of 16N125 appears
to be an isolated event, as no asparagine was detected at this position in other natural
populations. Other mutations in the D1 gene of various inbred lines compared to B73 are
summarized in Supplementary File S1, but none were found to be significantly associated
with changes in plant height. The variations in the D1 gene for the remaining lines are
detailed in Supplementary File S1. Notably, only three inbred lines—Kl3, Kangdian11,
and Ai34—displayed a dwarfing phenotype despite retaining proline at position 61. The
experiment was repeated three times, with similar results obtained.

3. Discussion
In the dynamic field of maize research, the exploration of genetic mechanisms under-

lying important traits has been significantly advanced by the advent of high-throughput
sequencing technologies, with BSA-seq being a prominent example. In recent years, nu-
merous studies have capitalized on BSA-seq to dissect the genetic architecture of various
maize traits. Yu et al. (2024) employed BSA-seq to map chromosomal regions associated
with low-temperature tolerance during maize germination [35]. Their research not only
identified potential candidate genes but also provided valuable insights into the complex
genetic network governing cold stress response in maize. Similarly, Zheng et al. (2023)
combined BSA-seq and RNA-seq to identify genes associated with the visual stay-green
phenotype during the maize maturation stage [36]. These studies not only showcase the
power of BSA-seq but also lay a solid foundation for our investigation into the genetic basis
of maize.

Plant height critically affects stress tolerance. Taller plants capture more light in dense
canopies, improving photosynthesis under low light. Their height also aids heat dissipation
by accessing cooler air layers. Conversely, shorter plants resist lodging better due to their
stronger stems and lower center of gravity, protecting yield under mechanical stress [6–10].
In energy maize, taller plants mean more biomass for bioenergy. But in grain maize, too
much height causes lodging, cutting yield. Breeding needs to balance biomass and strength
for different uses [13].

Our study focused on identifying the gene responsible for the dwarf phenotype in
the maize mutant 16N125. Through a comprehensive approach involving genetic analysis
and BSA-seq, we successfully narrowed down the candidate gene region to chromosome
3. Subsequent fine-mapping and Sanger sequencing revealed a non-synonymous muta-
tion in the D1 gene, which encodes a gibberellin 3-beta-dioxygenase, as the cause of the
dwarfing effect in 16N125. This finding aligns with the well-established role of the D1
gene in regulating plant height through its involvement in the gibberellin biosynthesis
pathway [22,23,25].

To date, four distinct alleles of the D1 gene (d1-3286, d1-6039, d1-4, and d1-6016) have
been identified [25]. The d1-3286 allele has a 4.5 kb Copia-type retrotransposon inserted
at nucleotide position 69 of the ZmGA3ox2 gene [25]. This insertion disrupts the normal
transcriptional and translational processes of the gene, leading to a significant reduction in
the production of bioactive gibberellins and ultimately resulting in a dwarf phenotype. The
d1-6039 allele, on the other hand, has a single-nucleotide deletion at position 399 within the
first exon [25]. This deletion causes a frameshift mutation, which leads to the premature
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termination of translation at the 163rd amino acid, severely impairing the function of
the encoded enzyme and causing dwarfism. The d1-6016 allele features a large deletion
spanning 2301 bp, encompassing 508 bp of upstream regulatory sequences and 1793 bp of
the ZmGA3ox2 coding region [25]. Such a large-scale deletion disrupts both the regulatory
and coding functions of the gene, resulting in a profound dwarf phenotype. The d1-4
allele contains a 487 bp deletion affecting 389 bp of the first exon and 98 bp of the first
intron [25]. This deletion also affects the proper splicing and expression of the gene, leading
to a reduction in the activity of the gibberellin 3-beta-dioxygenase enzyme and dwarf
plant growth.

In contrast to these previously reported alleles, the 16N125 mutant exhibits a unique
mutation pattern. It has a substitution of alanine for proline at position 61 and asparagine
for isoleucine at position 123 in the amino acid sequence of the D1 gene. Through genotypic
analysis of the F2 generation and an in-depth investigation of 50 Chinese inbred lines,
we determined that the mutation at position 61 is likely the key factor regulating plant
height. This is a novel finding, as previous studies on the D1 gene have not reported such a
mutation at this specific position.

This newly identified mutation in 16N125 adds a new dimension to our understanding
of the genetic diversity of the D1 gene. By incorporating this mutation into the d1-4 allele,
we propose an additional locus that contributes to the dwarfing effect of the d1-4 mutation.
This discovery has far-reaching implications for understanding the intricate mechanisms
of plant height regulation in maize. It provides a new perspective on how mutations in
the D1 gene can disrupt the gibberellin biosynthesis pathway and ultimately affect plant
growth and development.

From a practical perspective, this finding offers potential genetic resources for maize
breeding programs. Dwarf or semi-dwarf maize varieties with improved lodging resistance
are highly desirable in modern agriculture. Lodging is a major problem in maize production,
especially in regions prone to strong winds and heavy rains. By developing varieties with
optimized plant heights through the manipulation of the D1 gene, breeders can enhance
the lodging resistance of maize crops, ensuring more stable yields. For example, in regions
with high-wind climates, semi-dwarf maize varieties can better withstand strong gusts,
reducing the risk of plant lodging and subsequent yield losses [37].

Maize has a long history of cultivation in China since its introduction in the 16th
century [38]. Over time, a rich and diverse collection of germplasm resources has been
established. However, prior to our study, the status of dwarf genes within common
Chinese germplasm resources was not well characterized. By systematically investigating
D1 mutations in 50 widely utilized Chinese inbred lines through Sanger sequencing, we
have filled this knowledge gap. Our results indicate that the 61st amino acid of the maize
D1 gene may play a crucial role in influencing plant height under specific conditions.

This information is invaluable for maize breeders in China. It allows them to better
understand the genetic background of local inbred lines, which is essential for rational
parent selection in breeding programs. For instance, breeders can now identify inbred
lines with favorable D1 gene mutations and use them as parents to develop new varieties
with improved plant architecture. By selecting parents with the appropriate D1 gene
mutations, breeders can potentially develop maize varieties that are not only more resistant
to lodging but also have enhanced yield potential. In addition, understanding the genetic
diversity of the D1 gene in Chinese inbred lines can help breeders develop varieties that are
better adapted to local environmental conditions, such as different soil types and climate
patterns [39].

Furthermore, our study also has implications for future research on maize genetics.
The identification of this novel mutation in the D1 gene provides a starting point for
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further functional studies. For example, researchers can investigate the physiological and
biochemical effects of this mutation by analyzing hormone levels, gene expression patterns,
and plant growth responses in different genetic backgrounds. Additionally, studying the
interaction of the D1 gene with other genes in the gibberellin biosynthesis pathway and
related pathways can provide a more comprehensive understanding of the genetic network
governing maize plant height. This knowledge can be applied to develop molecular
markers for marker-assisted selection, enabling breeders to efficiently screen for desirable
plant height traits in breeding programs.

In conclusion, our study not only validates the effectiveness of BSA-seq in gene
mapping but also makes significant contributions to the understanding of the genetic
mechanism of maize plant height. The identification of the novel mutation in the D1 gene
and its association with plant height in Chinese inbred lines provide a solid theoretical basis
for future maize breeding. This research offers practical guidance for developing maize
varieties with improved traits, which is crucial for meeting the growing global demand for
food and ensuring sustainable agriculture in the face of climate change. By continuously
exploring the genetic diversity of maize and identifying genes associated with important
traits, we can develop more resilient and productive maize varieties and contribute to
global food security.

4. Materials and Methods
4.1. Plant Materials, DNA Extraction, and Sanger Sequencing

To comprehensively characterize the phenotypic traits of maize, a total of fifty inbred
lines and the control group plants were planted in 2020, 2021, and 2022 at the experimental
station of Liaoning Academy of Agricultural Sciences located in Shenyang, Liaoning
Province, China (42◦ N, 123◦ E). Each experimental plot measured 4 m in length and 2.2 m
in width, with three rows planted per plot. The row spacing was maintained at 60 cm,
while the plant spacing within rows was 30 cm. When it came to the phenotype evaluation
process, more than 15 individual plants were carefully selected from the central part of each
plot. Specifically, plant height was measured precisely from the ground level all the way
up to the top of the plants when they reached the maturity stage. It is worth noting that
this measurement method was implemented by referring to the approach proposed by Zou
et al. [40], and was further appropriately optimized to ensure its accuracy and suitability
for this particular study.

Genomic DNA was extracted following the CTAB protocol. Each sample consisted of
5–6 plants from each accession. The concentration and quality of the extracted DNA were
assessed using an ND-1000 spectrophotometer (manufactured by NanoDrop, Wilmington,
DE, USA) as well as through electrophoresis on 1.0% agarose gels with lambda DNA as the
standard. For the amplification of fragments of D1, PCR was carried out in a 25 µL reaction
mixture. This mixture contained 2× EXtaq Mix (produced by Takara, Kusatsu, Japan),
0.4 µM of each primer, 0.125 µg of DNA, and an appropriate amount of double-distilled
water. The PCR amplification protocol was designed as follows: An initial denaturation
cycle was performed at 95 ◦C for 4 min. Subsequently, 30 cycles were conducted, with
each cycle involving denaturation at 95 ◦C for 30 s, annealing at 57 ◦C for 30 s, and
extension at 72 ◦C for 2.5 min. The primers utilized for both Sanger sequencing and
PCR amplification are presented in Table S2. The PCR products were then sequenced by
Biomarker Technologies Corporation (located in Beijing, China).

4.2. SNP Library Construction and High-Throughput Sequencing

The specific length amplified fragment sequencing (SLAF-seq) utilized in our study
was carried out with certain adaptations based on the protocol detailed by Sun et al. [41].
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The construction of the SLAF library encompassed several vital steps, which were specifi-
cally engineered to boost the yield of SLAFs, cut down on repetitive SLAFs, and ensure a
balanced distribution of SLAFs, thereby maximizing the sequencing efficiency.

Firstly, a pre-design experiment was implemented to determine the most favorable
conditions for constructing the SLAF library. This step was aimed at elevating the overall
efficiency of SLAF-seq. Subsequently, in line with the pre-determined plan, genomic DNA
was incubated at 37 ◦C in the presence of Mse I (from New England Biolabs, NEB; Ipswich,
MA, USA), T4 DNA ligase (NEB), ATP (NEB), and Mse I adapter. After that, the reaction
mixture was heat-inactivated at 65 ◦C and then underwent digestion with the additional
restriction enzyme Alu I at 37 ◦C.

Next, polymerase chain reactions (PCRs) were conducted using the diluted restriction–
ligation samples, along with dNTPs, Taq DNA polymerase (NEB), and Mse I primer
containing barcode 1. The PCR products were purified by employing the E.Z.N.A. Cycle
Pure Kit (Omega Bio-Tek, Norcross, GA, USA) and then combined in a pool. The pooled
samples were then incubated at 37 ◦C with Mse I, T4 DNA ligase, ATP, and a Solexa
adapter. Purification was achieved through the use of a Quick Spin column (Qiagen,
Hilden, Germany), and the samples were then separated on a 2% agarose gel. Fragments
within the size range of 450–500 bp (incorporating indexes and adapters) were isolated by
means of a Gel Extraction Kit (Qiagen, Hilden, Germany).

These isolated fragments were then subjected to PCR amplification with Phusion Mas-
ter Mix (NEB) and Solexa Amplification Primer Mix (Illumina, Inc., San Diego, CA, USA)
to integrate barcode 2, following the guidelines provided for Illumina sample preparation.
The amplified products were gel-purified, by extracting the DNA fragments sized between
450 and 500 bp, and were then diluted for paired-end sequencing on the Illumina HiSeq
2000 platform (Illumina, Inc., San Diego, CA, USA) at Biomarker Technologies Corporation
in Beijing (http://www.biomarker.com.cn (accessed on 7 November 2024)). Subsequently,
SNP genotyping and evaluation were carried out.

All SLAF paired-end reads with clear index information were clustered based on
sequence similarity, which was detected through one-to-one alignment using BLAT
(−tileSize = 10; − stepSize = 5) [42]. Sequences sharing over 90% identity were grouped
into one SLAF locus. By making use of the minor allele frequency (MAF) evaluation, alleles
were defined within each SLAF.

In the mapping populations of maize, SLAFs having a sequence depth lower than
107 were excluded from the subsequent analysis. SLAFs with 2–4 tags were identified
as polymorphic SLAFs and regarded as potential markers. Tags with a total coverage of
at least 10× were retained. Sequences were mapped onto the B73 reference genome [43],
and SNPs were called using the TASSEL 3.0 GBS pipeline (www.maizegenetics.net/tassel/
(accessed on 9 January 2024)). Missing data were imputed with NPUTE [44].

5. Conclusions
A single-base substitution in the D1 gene, which encodes gibberellin 3β-dioxygenase,

results in recessive dwarfism in the maize mutant 16N125. Unlike the previously reported
d1 alleles, this particular missense mutation is rather subtle. It manages to strike a balance
between reducing plant height and minimizing pleiotropic effects. Moreover, as discovered
within the Chinese germplasm, it presents a valuable genetic resource for breeding semi-
dwarf maize varieties with enhanced lodging resistance.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/plants14081217/s1, File S1: Amino acid sequence of D1 genes in
50 Chinese inbred lines; Table S1: The sanger sequencing results of the offsprings; Table S2: Primers
sequences used in this study.
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Abstract: In crop breeding, genomic selection (GS) serves as a powerful tool for predicting unknown
phenotypes by using genome-wide markers, aimed at enhancing genetic gain for quantitative traits.
However, in practical applications of GS, predictions are not always made within populations or for
individuals that are genetically similar to the training population. Therefore, exploring possibilities
and effective strategies for across-population prediction becomes an attractive avenue for applying GS
technology in breeding practices. In this study, we used an existing maize population of 5820 hybrids
as the training population to predict another population of 523 maize hybrids using the GBLUP
and BayesB models. We evaluated the impact of optimizing the training population based on
the genetic relationship between the training and breeding populations on the accuracy of across-
population predictions. The results showed that the prediction accuracy improved to some extent
with varying training population sizes. However, the optimal size of the training population differed
for various traits. Additionally, we proposed a population structure-based across-population genomic
prediction (PSAPGP) strategy, which integrates population structure as a fixed effect in the GS models.
Principal component analysis, clustering, and Q-matrix analysis were used to assess the population
structure. Notably, when the Q-matrix was used, the across-population prediction exhibited the best
performance, with improvements ranging from 8 to 11% for ear weight, ear grain weight and plant
height. This is a promising strategy for reducing phenotyping costs and enhancing maize hybrid
breeding efficiency.

Keywords: across population; genomic prediction; population structure; maize hybrids

1. Introduction

Maize (Zea mays) is one of the most widely grown food crops in the world and plays
an important strategic role in ensuring food security and the effective supply of agricultural
products [1]. The primary objective of maize breeding is to develop hybrid varieties that
exhibit high yield potential across diverse environmental conditions. Taking advantage of
heterosis is an effective strategy for enhancing maize yield. Genomic selection (GS) breeding
is a technique that utilizes genome-wide markers to predict unknown phenotypes [2], and
it is integral to hybrid breeding practices [3,4]. By applying GS technology, breeders are
able to estimate the breeding value or phenotypes of all potential crosses of known parents
through phenotypic identification and model construction within the training population.
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This approach enables them to perform field evaluations on the predicted superior crosses,
thereby reducing the corresponding breeding cycle and costs [5].

In the context of GS breeding, predictions are not confined to individuals within a
population or to those that are genetically similar to the training population. The across-
population prediction presents a cost-effective strategy to leverage genetic information
from one population to predict individuals in another, genetically distinct population.
While traditional GS relies on training and validating models within genetically similar
populations for higher prediction accuracy, across-population predictions enable the uti-
lization of existing datasets, thus minimizing the need for expansive, population-specific
data collection. Therefore, investigating effective strategies and prediction accuracy for
across-population predictions is essential for enhancing the application of GS technology in
breeding practices. Nevertheless, the complexity of across-population prediction is higher
than that of within-population prediction, as it involves not only the training population
size and marker density but also the kinship between the training and breeding populations.
A comprehensive understanding of these influencing factors and their interactions is vital
for improving the accuracy of across-population predictions. The genetic relationships
between training and breeding populations significantly impact prediction accuracy [6–9].

When the genetic diversity of the training population significantly differs from that of
the breeding population, or when the data originate from two entirely distinct populations
with low genetic structure correlation, the potential accuracy of the predicted phenotypic
values may be limited. The influence of training population composition on prediction ac-
curacy was explored using five double haploid (DH) populations, revealing that combining
unrelated populations with opposite linkage phases to the breeding population may result
in negative or reduced prediction accuracies [10]. Additionally, the differences in linkage
disequilibrium (LD) among different populations, as well as specific allele effects and allele
frequencies, could result in low accuracy in across-population predictions [11–14]. Several
studies have demonstrated that the accuracy of across-population GS in animals is often low
and sometimes even negative [15–17]. Research conducted on wheat populations revealed
that genomic prediction across populations demonstrated low accuracy and indicated that
it should not be adopted in small populations [18]. Overall, across-population genomic
prediction remains a challenge in the field of GS.

To improve the accuracy of across-population genomic prediction, it is essential to
examine the optimal size and composition of the training population, particularly when
dealing with a large training population [19,20]. The optimal size of the training population
is influenced by the heritability of its traits, the genetic relationship between training
and breeding populations, and the population structure. Taking population structure
and genetic relationships into account can substantially improve the predictive ability of
GS models [21,22]. In studies involving rice and wheat populations, the performance of
five optimization criteria for selecting training populations was evaluated, indicating that
the optimal selection criterion varies depending on the trait architecture and population
structure [23]. Using a diversity panel and ten bi-parental crosses within a half-diallel
mating design, the across-population predictive abilities for 15 grapevine traits were
assessed. The results demonstrated that optimizing the training set with the mean of
determination coefficient (CDmean), the mean of prediction error variance (PEVmean),
and the mean additive relationship could improve predictive ability for specific traits,
thereby highlighting the potential of across-population genomic prediction in grapevine
breeding [24].

Large amounts of highly unbalanced historical data are often available in crop breed-
ing programs, particularly when considering data collected across different years and
locations. This imbalance is a challenge for accurately training prediction models. During
the processing of phenotypic data, researchers often implement strategies such as utiliz-
ing Best Linear Unbiased Prediction (BLUP) values to mitigate the phenotypic variations
induced by differing environments and temporal factors, thereby reducing the influence
of these variables. However, such operations cannot eliminate a series of complex factors
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such as epistatic effects between genes and the environment, heterosis, and parental inher-
itance. Therefore, incorporating known parental phenotypes, population structure, and
environmental factors into the GS prediction model as covariates or fixed effects can help
improve prediction accuracy and provide valuable insights across populations [25–27].

While previous research has conducted across-population predictions in crops such as
wheat, rice, and maize, these studies have primarily focused on small populations [10,18,28].
To date, there is a lack of relevant investigations regarding across-population prediction
within large maize hybrid populations, particularly when the phenotypic data are derived
from BLUP values across various environments and locations. The goal of this study
was to optimize across-population genomic prediction for maize hybrids. We proposed a
population structure-based across-population genomic prediction (PSAPGP) strategy; this
proposed PSAPGP enhances across-population genomic prediction for maize hybrids.

2. Results
2.1. Within- and Across-Population Prediction

The GBLUP and BayesB models were utilized to conduct genomic predictions both
within and across populations, with prediction accuracy assessed using Pearson correlation
coefficients between predicted and observed phenotypic values. Within the population,
prediction accuracies varied between the training and breeding populations across the
evaluated traits. Within the training population containing 5.820 maize hybrids (Pop1), the
prediction accuracies for three traits, derived from 20 repeated five-fold cross-validations,
ranged from 0.775 to 0.940 across various model–trait combinations. In the breeding
population consisting of 523 maize hybrids (Pop2), prediction accuracies ranged from 0.502
to 0.712 for all model–trait combinations. Within the training population, the prediction
accuracy for the EW and EGW traits showed significant differences between the two models,
while PH did not exhibit significant differences. In the breeding population, the prediction
accuracy for the three traits did not show significant variation among the different models
(Figure 1). For the across-population genomic prediction, the phenotypic values in the
breeding population were predicted based on the marker effects estimated from the training
population. Figure 2 illustrates the accuracy of these across-population predictions. In
the GBLUP model, the prediction accuracies for EW, EGW, and PH were 0.338, 0.313, and
0.431, respectively. In the BayesB model, the prediction accuracies for these traits were
0.321, 0.301, and 0.392, respectively.

Figure 1. Prediction accuracy within the population under GBLUP and BayesB models. (A) Prediction
accuracy of the training population; (B) prediction accuracy of the breeding population. Note:
Asterisks indicate significant differences at p < 0.001 (***).
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Figure 2. Across-population prediction accuracy using GBLUP and BayesB models.

2.2. Optimization of the Training Population

To enhance genomic prediction accuracy across populations, we optimized the training
population based on the genetic relationships between the training and breeding popula-
tions. Initially, we constructed a genetic relationship matrix for 6.343 hybrids from Pop1
and Pop2. The genetic distance between each individual in Pop1 and Pop2 increased
gradually from left to right (Figure 3A). Consequently, we selected five distinct training
population sizes (1000, 2000, 3000, 4000, and 5000) based on the MeanRel and we assessed
the prediction accuracy for these varying training population sizes. The results showed
that for the traits EW and EGW, both the GBLUP and BayesB models improved the predic-
tion accuracy when the training population size ranged from 1000 to 3000 (Figure 3B,C).
Specifically, at a training population size of 2000, EGW exhibited the most obvious increase,
with the GBLUP and BayesB models achieving enhancements of 12.0% and 16.9%, respec-
tively. At a training population size of 3000, EW showed the highest increase, with the
GBLUP and BayesB models yielding improvements of 6.3% and 11.3%, respectively. In
contrast, for PH, the prediction accuracy exhibited the most significant increase when the
training population size was between 4000 and 5000, peaking at a training population size
of 5000, with the GBLUP and BayesB models achieving enhancements of 2.5% and 8.7%,
respectively.
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Figure 3. Across-population prediction accuracy of different training population sizes. (A) Heat
map of kinship matrix for 6.343 maize hybrids; (B) prediction accuracy for ear weight; (C) prediction
accuracy for ear grain weight; (D) prediction accuracy for plant height.

2.3. Population Structure-Based Across-Population Genomic Prediction

To investigate the effectiveness of the PSAPGP strategy, we employed PCA, PAM
clustering, and Q-matrix analysis to assess the population structure of all hybrids from
Pop1 and Pop2. Utilizing genotypic data comprising 58.876 SNPs from 6.343 hybrids,
we determined that the optimal number of clusters was six (Figure 4A), after which we
conducted the clustering analysis. A three-dimensional PCA plot was generated based
on the clustering outcomes, clearly delineating the six categories (Figure 4B). The first
six principal components derived from the PCA were subsequently integrated as fixed
effects into the GBLUP and BayesB models. For the PAM results, the clustering results were
transformed into six columns of data using One-Hot coding, which were also integrated
into the GBLUP and BayesB models as fixed effects. The outcomes of the PSAPGP strategy,
which integrated PCA and PAM into the GS models, are illustrated in Figure 4C,D. Notably,
the integration of PCA and PAM clustering results into the GBLUP model did not yield
a significant enhancement in across-population prediction accuracy; in fact, it resulted in
a slight decrease. Conversely, when the BayesB model was utilized with the inclusion of
PCA results, the prediction accuracy for EW, EGW, and PH exhibited increases of 4.4%,
3.4%, and 2.1%, respectively. In contrast, the integration of PAM results into the BayesB
model led to increases in both EW and EGW traits by 3.2%, while PH experienced a minor
decline.

107



Plants 2024, 13, 3105

Figure 4. Population structure-based across-population genomic prediction using PCA and PAM as
fixed effects; (A) scree plot to determine the optimal number of clusters; (B) three-dimensional PCA
plot of the 6.343 maize hybrids; (C) across-population prediction accuracy with the GBLUP model;
(D) across-population prediction accuracy with the BayesB model.

The population structure Q-matrix of 6.343 hybrids was estimated using ADMIXTURE
1.3.0 software. We evaluated the population structure for K values of 3, 4, 5, 6, and 7
(Figure 5A), and calculated the prediction accuracy of different GS models when different
Q-matrices were used as fixed effects. As illustrated in Figure 5, the prediction accuracy
of the traits EW, EGW, and PH exhibited significant enhancements across all Q-matrix
configurations. Notably, when K = 6 was integrated into the GS model, the prediction
accuracies for EW, EGW, and PH improved by 8.4%, 9.2%, and 8.7%, respectively, within
the GBLUP model. In the context of the BayesB model, the prediction accuracies for EW,
EGW, and PH increased by 9.3%, 10.5%, and 4.9%, respectively. Utilizing the GBLUP
method, the maximum observed improvement ratios for EW, EGW, and PH prediction
accuracy across various Q-matrix configurations were 8.8%, 9.2%, and 9.3%, respectively.
Conversely, under the BayesB method, the maximum improvement ratios for EW, EGW,
and PH prediction accuracy across different Q-matrix configurations were 10.3%, 10.5%,
and 10.0%, respectively (Figure 5B–D).
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Figure 5. Population structure-based across-population genomic prediction using the Q-matrix as
a fixed effect. (A) Population structure of the 6.343 maize hybrids at different K values; (B) across-
population prediction accuracy for ear weight at different K values; (C) across-population prediction
accuracy for ear grain weight at different K values; (D) across-population prediction accuracy for
plant height at different K values.

3. Discussion

In this study, we performed genomic predictions both within and across populations
using the GBLUP and BayesB models. The lower accuracy of across-population predictions,
as compared to within-population predictions, may be attributed to the great genetic
distance between the training and breeding populations. When different populations
exhibit large genetic distance, the estimation of marker effects can become inconsistent
due to variations in alleles, allele frequencies, and linkage phases between the training
and breeding populations [29]. Notably, the across-population prediction accuracy of
GBLUP was found to be superior to that of BayesB without any optimization of the training
population. However, when the training sizes were set at 1000 and 2000, the prediction
accuracy of the BayesB method outperformed that of the GBLUP method for the EW
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and EGW traits. This finding suggests that the selection of the most effective method is
contingent upon the genetic relationship between the training and breeding populations.

As breeders integrate GS into ongoing breeding programs, it is essential to carefully
select the materials used to construct training populations and optimize the predictive
abilities of models derived from these populations. To enhance the accuracy of across-
population genomic prediction, previous efforts have focused on optimizing the training
population. One study examined the effects of four different population selection methods
in a winter wheat panel, finding that selection methods based on PEV outperformed both
clustering and random methods [30]. Although employing the PEVmean algorithm to
optimize the training population can be beneficial in certain contexts, particularly with
small populations, the application of such optimization methods may impose considerable
computational demands when larger populations are involved [31]. A method to optimize
training sets using kinship, termed MeanRel, has been proposed. This method has demon-
strated the potential in enhancing prediction accuracy in the across-population prediction
of grapevine [24]. In the present study, we also employed this approach to optimize train-
ing populations based on kinship relationships. Our findings revealed varying degrees of
improvement across different traits; however, we faced challenges due to the inconsistency
in the number of optimal training populations selected for each trait. To address this issue
and standardize the selection process, we proposed using the mean value of MeanRel as
the cut-off criterion. This approach enabled us to identify the top 2.763 individuals from
training populations that were most closely aligned with the breeding population. Under
the GBLUP model, the prediction accuracy for the EW, EGW, and PH improved by 7.3%,
9.7%, and 0.07%, respectively. Similarly, under the BayesB model, the prediction accuracy
for the same traits increased by 14.4%, 15.5%, and 1.9%, respectively. Notably, both EW
and EGW are low-heritability traits. The results suggest that the strategy of optimizing
training populations based on kinship has a more obvious advantageous for traits with
low heritability.

Research has indicated that incorporating significant SNPs identified through Genome-
Wide Association Study (GWAS) as fixed effects can improve the predictive ability of
genomic prediction models [32,33]. Utilizing unbalanced phenotypic data collected across
varying years or locations, along with markers associated with traits of interest as fixed
effects, has been shown to significantly improve the prediction accuracy of key agronomic
traits in wheat [30]. In the context of across-population genomic prediction, the accuracy
can also be enhanced by integrating significant QTL into the model as fixed effects. The
efficacy of across-population predictions is notably improved when the same QTL are
present in two populations or when multiple genes are involved [18]. Nevertheless, the
strategy of integrating population structure into across-population prediction models
has not been extensively investigated. In this study, we propose the PSAPGP strategy
to integrate the population structure into prediction models. To study the impact of
different population structure evaluation methods on this strategy, we employed PCA,
PAM clustering, and Q-matrix analysis to assess the population structure, using two
GS models to demonstrate the proposed strategy. Under the GBLUP model, PCA and
clustering did not yield significant effects. Conversely, the BayesB model exhibited a modest
enhancement in performance. When the Q-matrix was integrated into the model as a fixed
effect, both models demonstrated a substantial increase in the accuracy of across-population
genomic prediction, with enhancements ranging from 8 to 11%. This improvement may be
attributed to the fact that PCA and clustering analyses provide only a basic understanding
of population genetic structure, whereas admixture population genetic structure analysis
offers additional insights by predicting the optimal number of populations and exploring
gene flow between them. Furthermore, it can assess the degree of admixture in individual
samples, potentially providing more comprehensive information than the aforementioned
methods, thereby positively influencing across-population predictions.

In the breeding of maize hybrids, the vast number of potential crosses makes extensive
testing impractical. Identifying superior hybrids from this extensive pool using GS technology
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presents a long-term challenge. Utilizing public datasets of maize hybrids as a training popula-
tion for across-population genomic prediction offers a highly cost-effective approach. If these
accumulated data can be effectively applied, they will greatly improve the implementation
and progress of maize GS breeding. Additionally, this approach of across-population genomic
prediction leverages valuable genetic resources from diverse populations to enhance the
genetic diversity of hybrids and expand the genetic foundation [28]. We propose a PSAPGP
strategy that integrates population structure as a fixed effect in GS models to enhance the
accuracy of genomic predictions across populations. Utilizing this strategy, we can further
explore the implementation of non-additive effects, such as dominance and epistasis, in
genomic prediction models to improve prediction accuracy across populations. Additionally,
we may consider integrating multiple population datasets from various sources to expand the
size of the training group. In the future, the application of machine learning and deep learning
methods is anticipated to facilitate the development of an optimal model for across-population
predictions, thereby increasing the accuracy of predictions across diverse populations [34,35].
To successfully implement the across-population GS breeding program, it is essential to estab-
lish an open-source GS breeding network along with shared molecular breeding platforms.
This network should be capable of offering national agricultural research organizations and
small- and medium-sized breeding companies access to advanced and comprehensive breed-
ing technologies. These technologies include universal, efficient, and low-cost genotyping
platforms such as target sequencing and liquid chip genotyping, standardized methods for
collecting and organizing phenotypic data, and well-established modeling and prediction
approaches [36–38]. By sharing breeding platforms and information, and integrating GS
breeding strategies, we can continuously update the design and optimization models,
improve the accuracy of across-population predictions for maize, and ultimately enhance
the breeding efficiency of maize varieties.

4. Materials and Methods
4.1. Training Population of Maize Hybrids

This study utilized two distinct populations of maize hybrids. The first population,
referred to as Pop1, serves as the training population, including 5.820 F1 hybrids derived
from the cross of 194 maternal inbred lines which were a subset of the maize Complete-
diallel plus Unbalanced Breeding-derived Inter-Cross (CUBIC) population and 30 diverse
founder paternal lines. The 5.820 F1 hybrids were grown in five locations in 2015 for
phenotypic data collection. The analysis focused on three traits: ear weight (EW), ear grain
weight (EGW), and plant height (PH). To reduce the impact of environmental variability on
the phenotypic data, BLUP values were computed, as referenced in previous studies [39].

4.2. Breeding Population of Maize Hybrids

The second population (Pop2) is a breeding population consisting of 523 hybrids
derived from 246 inbred lines belonging to five different heterotic groups, based on a
sparse diallel cross design [40]. The maize materials were cultivated in Yangzhou, Jiangsu
Province, and Tai’an, Shandong Province, during the year 2017 and 2018. The experimental
design employed was a randomized block design with two replications. Each experimental
plot had two rows with a length of 3 m and a width of 0.5 m, with 13 plants planted in each
row. For each hybrid, five uniform plants were selected to assess three traits: EW, EGW,
and PH. The BLUP values for all traits across the two environments were computed for
each hybrid using a mixed linear model implemented in the lme4 package in R 4.3.3 [41].

4.3. Genotype Data of Training and Breeding Populations

In the training population, genotype data for 5.820 hybrids were inferred from the
genotypes of their respective parent inbred lines. Whole-genome resequencing was con-
ducted on all 1.428 maternal lines and 30 paternal testers, resulting in the identification
of 14.8 million single nucleotide polymorphisms (SNPs) [42]. Within the breeding popu-
lation, 246 inbred lines were genotyped using genotyping by sequencing (GBS), yielding
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a total of 415.088 SNPs [40]. We screened the genotypes of the 224 inbred lines involved
in the 5.820 hybrids, identifying 93.189 SNPs that overlapped with those of the breeding
population. Missing genotypes in the hybrids due to heterozygosity of the parents were
imputed using Beagle V4.0 [43]. SNPs were filtered with minor allele frequency (MAF)
less than 0.05. Ultimately, 58.876 SNPs common to both populations were retained for
subsequent analysis.

4.4. Training Population Optimization Methods

The kinship matrix was calculated using the kin function in R/predhy package. Note
that the K matrix is partitioned into 2 × 2 blocks as below:

[
KG11 KG12
KG21 KG22

]
(1)

where KG11 and KG22 represent the kinship matrices for the training population and breed-
ing population, respectively. The off-diagonal elements KG12 and KG21 represent the kinship
between hybrids in the breeding population and those in the training population. We cal-
culated the mean relationship criterion (MeanRel) as described by Brault et al. [24], which
represents the average additive relationship between each genotype within the training
population and all genotypes in the breeding population.

4.5. The PSAPGP Strategy

The PSAPGP strategy integrates population structure as a fixed effect in across-
prediction models. Principal component analysis (PCA), clustering, and Q-matrix analysis
were used to assess the population structure of 6.343 maize hybrids from training and
breeding populations. The PCA was performed using the R/prcomp function, which
enabled the identification of stratified clustering patterns and provided a summary of the
genetic variation present across all maize hybrid genotypes. For clustering, we applied
the Partitioning Around Medoids (PAM) method, implemented through the R/cluster
package. PAM effectively categorizes objects into distinct clusters by minimizing the total
dissimilarity between the objects assigned to a cluster and a central representative object,
known as the medoid. This method is particularly beneficial for designing training sets,
as it not only partitions all objects into clusters but also identifies representative objects
for each cluster. The population structure Q-matrix was estimated using ADMIXTURE
software, which employs a maximum-likelihood approach to estimate individual ancestries
from multi-locus SNP genotype datasets.

The GBLUP and BayesB models were used to demonstrate the effectiveness of PSAPGP.
The GBLUP model for PSAPGP is described as:

y = Qβ + ZγG + ε (2)

where y is the observed vector of the hybrid phenotypic values; Q is an n × l design
matrix for the fixed effect β; Z is an n × g design matrix for the additive effect γG; and
ε is a vector of residual errors with an assumed N

(
0, Inσ2) distribution. Assume that

γG ∼ N
(
0, Igφ2

G/g
)
, where φ2

G is the polygenic variance of additive effect. The parameters{
β, φ2

G, σ2} were estimated using the restricted maximum likelihood method described
in our previous study. Then, the parameters estimated from the training population were
used to predict the phenotypic values of the breeding population.

The BayesB model for PSAPGP is described as:

y = 1nµ + Qβ + ZγG + ε (3)

where µ is an intercept; Q is a design matrix for the effects of population structure; and β is
the corresponding vector of effects, which were treated as ‘fixed’. Z is the genotype matrix
and γG the corresponding vector of marker effects which were treated as random. BayesB
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assumes that the prior distribution of the variances across markers is a two-component
mixture of a point of mass at zero and a scaled-t slab [2]. BayesB were performed using
R/BGLR package with all parameters set to default values [44].

5. Conclusions

In this study, we utilized a public dataset of maize hybrid as a training population to
facilitate across-population genomic predictions for breeding populations. The optimiza-
tion of the training population based on kinship yielded varying levels of improvement
across different traits, with a more obvious advantage for traits with low heritability. We
proposed a PSAPGP strategy, which integrates population structure as a fixed effect in the
GS models. PCA, clustering, and Q-matrix analysis were used to assess the population
structure. Notably, when the Q-matrix was used, the across-population prediction exhibited
the best performance. This marks the first application of a public maize dataset for con-
ducting across-population genomic predictions in maize hybrids. Improving the accuracy
of across-population genomic prediction based on training population optimization and
the PSAPGP strategy will play a key role in future maize hybrid breeding.
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Abstract: We assessed the impact of environmental conditions and agronomic traits on maize grain
quality parameters. The study was conducted using genotypes with distinct genetic constitutions
developed specifically for late sowing in semi-arid environments. We evaluated the agronomic,
physical, and chemical characteristics of eight maize open-pollinated varieties, six inbred lines, and
three commercial hybrids. The yield of the open-pollinated varieties showed a positive correlation
with protein content (r = 0.33), while it exhibited a negative correlation with the carbohydrate
percentage (r = −0.36 and −0.42) in conjunction with the inbred lines. The flotation index of the
hybrids was influenced primarily by the environmental effect (50.15%), whereas in the inbred lines it
was nearly evenly divided between the genotype effect (45.51%) and the environmental effect (43.15%).
In the open-pollinated varieties, the genotype effect accounted for 35.09% and the environmental
effect for 42.35%. The characteristics of plant structure were associated with grain quality attributes
relevant for milling, including hardness and test weight. Inbred lines exhibited significant genotype
contributions to grain hardness, protein, and carbohydrate content, distinguishing them from the
other two germplasm types. These associations are crucial for specific genotypes and for advancing
research and development of cultivars for the food industry.

Keywords: food security; climate change; genetic improvement; variance components; maize quality

1. Introduction

Maize is cultivated in over 160 countries across different agro-climatic zones [1].
This versatile grain can be used to produce food, animal feed, and various industrial
applications [2].

Climate change is a widely studied phenomenon caused by increased industrial
activity and the emission of greenhouse gases into the atmosphere [3]. This is leading to
changes in precipitation and the hydrological cycle [4]. The climate changes could lead
to longer droughts and more intense precipitation, affecting groundwater levels due to
variations in irrigation demand and water profile fluctuations [5]. The world’s food security
is at risk due to these changes, which are affecting food production, quality, prices, and
supply chains [6].

Reduction in nutrient availability is an aggravating factor in the phenological cycle
of crops, which is shortened by all unfavorable conditions (irregular rainfall, higher tem-
peratures, and variations in daylight hours) [6]. As a result, grains from cereals like rice,
wheat, and maize have lower yields and a poorer nutritional composition, which has an
immediate impact on the quality of food made from them [7–9].
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Despite challenging growing conditions, climate adaptation is essential for improving
crop performance. Enhancing production stability also requires careful consideration of
crop calendar management, strategic variety selection, better irrigation, and waste manage-
ment [10,11]. Climate change impacts the amount and distribution of rainfall in Argentina’s
semi-arid central region, influencing maize productivity. Breeding programs must therefore
take into account the adaptation of genotypes to these unique conditions [12]. Similarly,
evaluating the effects of the environment on genotypes is crucial in these programs, as this
can provide information on the assessment of the stability and adaptability of the final
genotypes or base populations. In this context, it is important to keep in mind that this may
imply that a superior crop variety in one environment may not necessarily perform best
in another [13]. Assessing various genotypes for quality traits linked to yield can aid in
developing efficient breeding methods for the future [14]. Furthermore, adding value to
raw materials will boost the rural economy [15].

There is little information on how climatic conditions and agronomic characteristics
affect grain physical and chemical parameters simultaneously evaluated in inbred lines,
hybrids, and open-pollinated varieties. Thus, this study aimed to evaluate the effect
of environmental conditions and agronomic traits on maize grain quality parameters in
inbred lines, hybrids, and open-pollinated varieties developed for late sowing in semi-arid
environments.

2. Results and Discussion
2.1. Climate Characterisation

The cumulative rainfall during the 2018 and 2020 crop cycles was below the historical
average (489 mm) for this region, with 392 mm and 462 mm. Furthermore, when considered
globally, there was a significant decrease in rainfall during the critical periods (cp) (late
January–early April) for the genotypes, with 64.25 mm and 71.36 mm. Huang et al. [16]
mentioned that understanding crop-specific water requirements enabled effective sowing
time management, and alterations in rainfall patterns significantly affected crop yield.

Based on the average temperature fluctuations during the cropping seasons, the
highest mean and maximum temperatures occurred in the critical periods of 2018 and
2020. Kothiyal and Kaur [17] highlighted that elevated temperatures significantly affect
crop physiological processes, including respiration, photosynthesis, and photoassimilate
partitioning. Thus, yield reductions in maize may occur with a temperature increase of up
to 1 ◦C–2 ◦C.

2.2. Agronomical Traits

Among the hybrid group (Table 1), the P2089 material stood out due to its taller
average height of 2.22 m, with the main ear positioned 0.86 m above the soil surface. This
cultivar also showed statistical similarities with AX882 and P1815 in ear diameter (4.49 cm,
4.50 cm, and 4.19 cm, respectively). The P2089 genotype outperformed P1815 in grain
yield, showing values of 8083.48 kg/ha and 5806.34 kg/ha, respectively. These yields are
similar to the average yield from this productive region in recent years (7100 kg/ha) [18].
The inbred lines presented plant heights between 1.71 m (C4B) and 2.06 m (CIM06), a
spike insertion height between 0.76 m (C4B) and 1.00 m (CIM06), and a stem diameter
between 1.87 cm (B4) and 2.86 cm (BCOT). In addition, the BCOT genotype (5208.57 kg/ha)
contrasted significantly with C4B (2422.41 kg/ha) in grain yields. The OPV varieties
(C8008 and BlancoM) had a higher average plant size and ear diameter in all growing
seasons. Conversely, C980 and C990 displayed some of the highest average yields, with
4451.85 kg/ha and 4469.00 kg/ha, respectively, in comparison with genotypes such as
C8008. The latter reached an average yield for all growing seasons of 2624.75 kg/ha. These
results are consistent with those published by Sibanda et al. [19], who indicated that values
ranged from 2970 kg/ha to 5040 kg/ha for OPVs with a medium yield potential.
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2.3. Grain Physical–Chemical Characteristics

Regarding the weight of 1000 grains (Table 2) analyzed in the hybrids, the genotype
AX882 (310.16 g) showed a significant superiority over P1815 (243.39 g). Furthermore, the
genotype P1815 was superior to the other hybrids in terms of ash content (1.74%). The L
cultivars B4 and BL04 had the lowest grain hardness, as indicated by their highest flotation
index values (62.13% and 64.5%, respectively). Furthermore, the genotype B4 exhibited
the highest W1000. However, these same lines diverged significantly in grain chemical
composition. Both B4 and BL04 obtained the lowest protein content values (9.42% and
9.66%, respectively), yet they showcased the highest expression in terms of carbohydrate
percentage (84.98% and 85.55%). Sharma and Carena [15] pointed out that the chemical
composition, including protein, oil and total starch content, is predominantly influenced by
additive gene action. Furthermore, they observed a significant correlation between parental
and offspring genotypes for these traits, which intensifies under extreme environmental
conditions. This suggests that data from inbred lines could predict hybrid performance
across varying environments.

The open-pollinated varieties (OPVs) BlancoM and C8008 demonstrated a superior
performance in several key metrics. BlancoM exhibited the highest flotation index at 79.5%,
followed by C8008 with 60.13%. In terms of grain weight, BlancoM also had the highest
value for a weight of 1000 grains at 342.32 g. However, the C8008 variety showed the
lowest test weight values, with C8008 at 80.84 kg/HL as detailed in Table 2. Regarding
nutritional content, the OPVs displayed protein contents ranging from 9.05% to 10.67%,
lipids contents between 4.27% and 5.74%, and carbohydrates between 81.80% and 84.80%.
Ash content showed minimal variation across all harvest years, with values from 1.64%
to 1.79%. Kljak et al. [20] mentioned that a higher number of floating grains indicates
lower hardness, vitreousness percentage, and breakage susceptibility. The hardness of
the grain is explained by the arrangement of starch granules within the protein matrix
of the grain endosperm. The mealy endosperm is characterized by loosely organized
granules in a thinner protein matrix with multiple air-filled spaces, while glassy endosperm
contains tightly organized granules. Environmental factors before harvest and post-harvest
conditions such as handling, transport, drying, storage, and processing can influence grain
hardness; however, it is primarily determined by the genetic expression unique to each
variety [21]. Nguma et al. [22] noted that certain types of zein are associated with grain
hardness; specifically, jagged grains contain higher levels of γ-zein synthesized in the mealy
fraction of the endosperm’s inner core [23].

Grain physical aspects, such as the flotation index and weight of 1000 grains (W1000),
were negatively associated with mean yield across all growing seasons, as indicated in
Table 2. The flotation index was correlated with yield, showing r coefficients of −0.39 for L
and −0.28 for OPV. Additionally, the W1000 values ranged between −0.62 and −0.83 for
the three material types examined. Nemati et al. [24] reported that the 1000 grain weight
(TGW) had no significant effect on yield in early planting when a longer growing season is
evident. This contrasts with Jamshidian et al. [25], who suggested that indirect selection for
traits like TGW can improve ear yield, especially in early generations of dent maize hybrids.
Cerrudo et al. [26] further highlighted that maize grain hardness was independent of yield
but rather dependent on the availability of photoassimilates per unit grain. They proposed
that a combination of increased photosynthetic activity and reduced grain number due to
growth restriction could ultimately reduce yield while increasing grain hardness.
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The protein content in OPV showed a positive correlation with yield (r = 0.33). This
suggests that increasing nitrogen uptake or maintaining high nitrogen partitioning within
the grain can lead to higher protein [27]. However, Šeremešić et al. [28] found that modern
hybrids exhibited a different response of grain protein content to plant density and envi-
ronment compared to older varieties. Inbred lines and OPV exhibited negative correlations
between carbohydrate content and yield, with r correlation coefficients of −0.42 and −0.36,
respectively (Table 2). Amegbor et al. [29] reported significant positive associations between
grain yield and protein content, while starch content was negatively associated, which is in
line with current trends. Additionally, lipid content showed a strong positive correlation
for L, with an r-value of 0.76. Ramana Reddy et al. [30] also demonstrated a positive
relationship between grain yield and lipid content for both inbred lines and hybrid crosses,
with values of 0.35 and 0.52, respectively. However, other researchers have observed that
the development of increasingly productive hybrid corn varieties has led to a decrease in
nutritional value, particularly in protein and lipid content [31].

The thermal time required to reach the phenological flowering stage was found to be
significantly and positively correlated with grain physical parameters, such as the weight
of 1000 grains (r = 0.37, p = 0.0001) and the flotation index (r = 0.29, p = 0.0016). Conversely,
a negative correlation was observed with protein content (r = −0.30, p = 0.0011). Butts-
Wilmsmeyer et al. [32] observed that the accumulation of storage materials such as proteins
and starch during grain development is influenced by temperature and soil moisture,
which in turn affects yield and grain composition. Similarly, Chen et al. [33] demonstrated
that drought stress leads to reduced starch accumulation in the endosperm, significantly
contributing to a decrease in grain weight [34]. Jahangirlou et al. [35] highlighted that
resource availability, particularly water and nitrogen, significantly impacts germ growth
and the enzymatic activity involved in lipid biosynthesis. They found that water availability
during the critical period (cp) was positively correlated with both the grain test weight (r =
0.21, p = 0.0290) and lipid content (r = 0.29, p = 0.0018). Additionally, plants undergoing
flowering have mechanisms to withstand stress by accelerating this phase to expedite
flower and seed production [36]. Moreover, certain plants have evolved drought-tolerance
mechanisms that enhance water-use efficiency [37].

Maximum temperatures were found to be positively correlated with W1000 (r = 0.62,
p < 0.0001 and FI (r = 0.36, p = 0.0001), while showing a negative correlation with TW
(r = −0.39, p < 0.0001). These temperatures also correlated with a higher percentage of
carbohydrates (r = 0.49, p = 0.0001) and a lower lipid content (r = −0.54, p < 0.0001).
Significant correlations were also observed between the grain’s physical characteristics and
its chemical composition. Notably, protein content was negatively correlated with both
the flotation index (r = −0.72, p < 0.0001) and W1000 (r = −0.27, p = 0.0033). Lipid content
showed an inverse relationship with W1000 (r = −0.36, p = 0.0001) and a direct relationship
with TW (r = 0.51, p < 0.0001). Carbohydrate content exhibited significant correlations
with all three physical parameters: a negative correlation with hectoliter weight (r = −0.39,
p < 0.0001), and positive correlations with P1000 (r = 0.47, p < 0.0001) and IF (r = 0.69,
p < 0.0001). Narváez-González et al. [38] indicated that the compactness of endosperm
cell bodies determines the physical properties of the grain, including weight, size, hard
endosperm percentage, protein content, and pericarp thickness.

The associations between the physical–chemical parameters of the grain and the
agronomic characteristics of the genotypes suggest that variability can be largely explained
by two principal components: PC1 (52.1%) and PC2 (22.2%), accounting for 85.7% of the
total variation (Figure 1). The weight of W1000 and the flotation index are inversely related
to all of the structural parameters of the plant. Among the chemical parameters, protein
content showed the strongest relationship with genotype-specific traits, particularly those
related to vegetative structure and ear characteristics. Conversely, carbohydrate percentage
showed a negative correlation with these agronomic traits, while lipid content displayed a
similar pattern to that of proteins. Grain hardness, an intrinsic property of genotypes, is
negatively associated with starch content but positively correlated with amylose levels [39].
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However, environmental factors can influence the starch biosynthetic pathway, affecting
enzymes involved in substrate production, the elongation of α-1,4-glucan chains, branching,
and maintenance of the granules’ crystalline structure [39,40].
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2.4. Variance Components for Grain Physical–Chemical Characteristics

Firstly, it was observed that the flotation index varied among the materials evaluated
(Table 3). Environmental effects accounted for 50.15% of the variability in flotation index
expression for H, while the variability was nearly evenly split between genotype effects
(45.51%) and environmental effects (43.15%) for inbred lines. In OPVs, genotype effects
represented 35.09% of the variability and environmental effects accounted for 42.35%. This
important incidence of the genotype effect on the indirect expression of grain hardness
(flotation index) coincides—although with a lower value—with that reported by Caballero-
Rothar et al. [41], who indicated a contribution of 88% of the total variability. For W1000, the
explanation of the variability between materials was very similar, since the environmental
effect obtained the highest participation, with values between 84.33% and 92.80%. Similarly,
the effect of genotype and the GxE interaction was very small or null for TW; thus, the
environmental effect obtained a high percentage in the three types of germplasm.

The expression of protein character in the lines was influenced almost equally by
genotype effects and genotype–environment interactions, with variance percentages of
45.9% and 41.77%, respectively (Table 3). In contrast, environmental factors played a more
dominant role in the variance components for open-pollinated varieties (OPVs), despite
having a significant 58.54% influence on hybrids. Previous studies [42,43] have highlighted
the substantial impact of environmental factors on protein expression. Regarding lipid
content, environmental factors and their interaction with genotype were the most influ-
ential, with the genotype explaining only a minor percentage of the variability in OPVs.
The significance of the environmental–genotype interaction on lipid content is supported
by findings from Fang et al. [44]. While genetics plays a major role in determining lipid
concentration in maize grain, environmental conditions and agronomic practices such as
fertilization and planting density can also induce variations [45]. Ndlovu et al. [46] noted
that nitrogen levels in soil could affect protein content and the saturated/unsaturated
fatty acid ratio in grain lipids. Ngaboyisonga and Njoroge [47] found that certain inbred
lines produced more stable offspring with higher grain hardness, protein quantity, and
quality under low-nitrogen drought conditions. The influence of the male gamete (pollen)
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on lipid content suggests a paternal effect without impacting seed weight, unlike protein
content which is solely affected by maternal factors [48–50]. Ash content was represented
by genotype effects (29.95%) and environmental effects (35.45%) in hybrids, while in inbred
lines and OPVs these components poorly explained this trait (Table 3). The effect of the
environment on the material evidenced less stability in expressing its attributes when a
character demonstrated a significant GxE interaction, as noted by Etiro et al. [51].

Table 3. Variance components for physical–chemical grain parameters evaluated in hybrids, inbred
lines, and open-pollinated varieties for all growing seasons.

Genotype VC (%) FI (%) W1000 (g) TW
(kg/HL) Protein (%) Lipids (%) Ch (%) Ash (%)

Hybrid

G 0.94 4.19 0.00 5.42 0.00 0.00 29.95
E 50.15 84.33 88.40 58.54 24.67 45.66 35.45

GxE 16.36 6.79 0.00 4.06 69.10 33.35 4.21
Residual 32.55 4.69 11.60 31.99 6.23 20.98 30.39

Line

G 45.51 3.09 0.00 45.90 0.00 61.89 26.77
E 43.15 87.59 85.78 7.66 47.68 21.88 1.96

GxE 6.94 8.85 13.04 41.77 49.50 10.16 7.54
Residual 4.40 0.47 1.18 4.66 2.82 6.06 63.74

OPV

G 35.09 2.49 8.96 12.06 7.69 22.74 0.00
E 42.35 92.80 68.83 34.17 47.57 37.45 0.00

GxE 18.13 3.57 10.91 20.07 23.17 13.67 22.64
Residual 4.44 1.15 11.30 33.70 21.57 26.13 77.36

VC, variance component; FI, flotation index; W1000, weight of a thousand grains; TW, test weight; Ch, carbohy-
drates; G, genotypic effect; E, environmental effect; GxE, genotype–environment interaction effect.

Özdemir and Sade [52] stated that trait variance components depend on the genetic
makeup of the population, with different genetic effects influencing trait inheritance. The
additive component contributes to phenotype expression, while “missing heritability” may
be due to epistasis, phenotypic plasticity, or rare genetic variants [53]. Al-Naggar et al. [54]
demonstrated the importance of additive components over non-additive effects since
the general combining ability (GCA) exceeded the specific combining ability (SCA) for
grain protein, oil, and starch content. To improve this type of character in materials with
wide genetic variability, an effective approach is often the recurrent selection of half-sib
families [55]. Thus, a significant additive gene action effect in a specific population suggests
that early-generation selection may result in the development of transgressive homozygous
lines [56].

3. Materials and Methods
3.1. Genetic Material and Experimental Design

We used three commercial hybrids (“AX882” and “P1815” yellow-soft grain; “P2089”
yellow-very soft grain), six inbred lines obtained by self-fertilization in inbreeding cycles
at the Campo Escuela of the Facultad de Ciencias Agropecuarias, UNC (“B4” and “BL04”
yellow-soft grain; “BCOT”, “BulkASC”, “C4B”, and “CIM06” yellow-hard grain), and eight
open-pollinated maize varieties developed (“BlancoM” white-soft grain; “C6006” orange-
hard grain; “C8008” white-intermediate grain; “C900”, “C980”, “C990”, “CandelariaINTA”,
and “LealesINTA” orange-intermediate grain) by selection for adaptation to the semi-arid
central zone of Argentina. The genotypes were arranged in a randomized complete block
design (RCBD) with two replications in experimental plots in the Campo Escuela (FCA,
UNC) located in the semi-arid central region of Argentina (31◦29′ S; 64◦00′ W). The sowing
dates were established in mid-December during the 2017–2018, 2018–2019, 2019–2020, and
2020–2021 seasons (Table 4). Conventional tillage (CT) was used for the first two seasons
and no-till (NT) was used for the rest of the seasons. The experiments were conducted
under rainfed conditions. The soil is an Entic Haplustoll and the superficial horizon
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presents a silt-loam texture, slightly acid to neutral, and well-supplied organic matter and
is well-drained. Also, it does not present impediments that limit the crop growth.

Table 4. Average temperatures and cumulative rainfall during the critical period.

Year RCc
(mm) RCcp (mm) T◦

Minimumcp T◦ Meancp T◦

Maximumcp

2018 392 64.25 ± 12.14 a 15.36 ± 0.65 b 22.5 ± 0.58 c 30.26 ± 0.51 c
2019 557 109.98 ± 14.33 b 16.49 ± 0.24 d 22.11 ± 0.53 b 28.62 ± 0.71 b
2020 462 71.36 ± 42.54 a 16.07 ± 0.18 c 22.84 ± 0.23 d 30.29 ± 0.44 c
2021 588 96.16 ± 25.08 b 14.85 ± 1.03 a 20.58 ± 1.1 a 27.26 ± 1.23 a

Average values (±standard deviation) with different letters on each column for RCcp, T◦ Minimumcp, T◦ Meancp,
and T◦ Maximumcp indicate statistical differences (Tukey’s HSD test, p ≤ 0.05). RCc, cumulative rainfall during
the crop cycle; RCcp, cumulative rainfall in the critical period; cp, critical period.

3.2. Agronomical Traits

Agronomical traits included the following: plant height (Plh), recorded from the base
of the stem to the apical end of the extended panicle (m); height of insertion of the main ear
(He), recorded from the base of the stem to the node of the upper ear (most apical position)
(m); stem diameter (Sd), recorded at the mean height of the first internode from the distal
end of the stem (cm); ear length (El), recorded from distal to apical through the middle part
of the spike (cm); ear diameter (Ed), measured in the middle part of the ear (cm); number of
rows (Nr), recorded in the middle part of the ear; number of grains per row (Ngr), recorded
from distal to apical in randomly selected rows; yield (Y), estimated using the production of
each experimental plot and extrapolated to the area equivalent to one hectare (10,000 m2).
The yield results were adjusted to 14% humidity and expressed in quintals per hectare
(q/ha). The traits were recorded on randomly selected plants until they reached 50% of
the total plants in each plot. Thermal time to flowering (TT) was estimated from a base
temperature of 10 ◦C. Climate data were collected during the crop critical period (anthesis
± 15 days) and included the minimum, average, and maximum temperatures as well as
accumulated precipitation. These parameters were obtained from an agrometeorological
station (Omixom SRL, Córdoba, Argentina) installed in this establishment.

3.3. Grain Physical Properties

The weight of 1000 grains (W1000) was calculated using an analytical balance [57].
The test weight (TW) was estimated using a Schopper balance of 250 mL total volume with
a piston for air displacement [58]. The hardness of the grain was determined indirectly by
the flotation index (FI) with a sodium nitrate solution (density (q) 1.250 ± 0.001) [59].

3.4. Flour Chemical Traits

Whole grain samples were ground using a Cyclotec CT193 cyclone mill (Foss, Suzhou,
China) with a mesh aperture of 1 mm. The proximate composition was determined through
proteins, lipids, and ash according to Methods 46-10.01, 30-25.01, and 08-01.01, respectively
(AACC-approved methods of analysis, 2010). The carbohydrate content was estimated by
the difference between the sum of the other components (proteins, lipids, and ashes). All
determinations were expressed in g per 100 g of sample on a dry basis and were performed
in duplicate.

3.5. Statistical Analysis

The InfoStat/Professional 2022 software (Facultad de Ciencias Agropecuarias, Univer-
sidad Nacional de Córdoba) and R 3.6.3 software (R Foundation for Statistical Computing,
Vienna, Austria) were used. The data were examined using analysis of variance (ANOVA),
with a significance level of 0.05. In addition, an LSD Fisher test for environmental pa-
rameters and a Tukey’s HSD mean comparison test for agronomic, grain physical, and
flour chemical traits, considering all harvest campaigns, were carried out [60,61]. Separate
analyses were carried out according to the type of genetic material (OPV, L, and H). To
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appreciate the effects of the different sources of variation on the total variability, the vari-
ance components were estimated using Mixed Linear Models (MLMs) [62,63] using the
restricted maximum likelihood estimator (REML) [64,65]. Thus, the MLM model_X_REML
< −lmer(X~1 + (1|Genotype) + (1|Environment) + (1|Genotype: Environment) with the
lme4 statistical package version 1.1–35.5 was used, where X indicates the trait under study.
The components of genotype, environment, and their interaction were considered random
effects. Regarding the environmental factor, the crossing between the year and the tillage
method used (conventional tillage and direct sowing), was considered. In this way, it
was possible to obtain the magnitude of each variance (genotypic, environmental, and
genotype–environment interaction) calculated as a percentage of the total variation. The re-
lationships between the analyzed variables were determined using the Pearson correlation
test, with a significance level of p ≤ 0.05 and 0.01.

4. Conclusions

The intrinsic characteristics of the plant are essential to determine milling quality at-
tributes such as grain hardness (measured indirectly by flotation index) and test weight. In
addition, specific environmental factors from the semi-arid areas, such as rainfall and tem-
perature, have a significant effect on grain composition in open-pollinated varieties, inbred
lines, and hybrids. In particular, protein and lipid contents tend to decrease with higher
temperatures during the critical growth period, while carbohydrate contents increase.

Inbred lines show significant genotype contributions to flotation index, protein, and
carbohydrate content, which distinguishes them from the other two germplasm types.
Identifying stability and sensitivity of specific traits—such as grain physical aspects and
chemical composition—is crucial when selecting materials for potential improvement in
variety development, targeting areas with stress conditions. This allows us to identify
production environments where desired traits are optimally expressed.

The yield of the evaluated inbred lines was associated with a higher test weight and a
lower grain weight and flotation index. Yield was also associated with higher lipid and
lower carbohydrate contents. Considering the importance of ensuring food security in the
current context of climate change, it is necessary to develop new crop varieties capable of
producing high-quality raw materials in sufficient quantities for the industry. In this sense,
the results of this study have identified specific genotypes, such as the inbred lines BL04
and B4, which are well-adapted to semi-arid conditions and have the potential to produce
hybrids with high carbohydrate contents. In addition, inbred lines such as C4B, BulkASC,
and BCOT can be used to produce hybrids with good protein contents.
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Abstract

Increasing maize planting density is considered as a potential strategy for enhancing
grain yield in Northeast China; however, its yield-enhancing effects and underlying reg-
ulatory mechanisms remain inadequately characterized. Based on 508 paired observa-
tions from 42 publications, this meta-analysis quantified the effects of increased planting
density on yield components and elucidated the regulatory roles of environmental and
agronomic factors. Results demonstrated that increased density intensified plant com-
petition, raising grains per ear by 43.7% and 100-kernel weight by 6.7%. The optimal
regional planting density was determined to be 89,622.6 plants ha−1, achieving a peak yield
of 12,143 kg ha−1—significantly exceeding current conventional densities (49,000–65,000
plants ha−1) and highlighting substantial yield potential. Although nitrogen (N) manage-
ment did not alter peak yield levels, it significantly increased the optimal density threshold
(reaching 99,600 plants ha−1 under high N). Among environmental factors, mean annual
precipitation (MAP) was the primary constraint: yield responses to increased density
were negligible in arid regions (<400 mm); yield increase 4.0%, whereas optimal density
(87,720 plants ha−1) and peak yield (11,747.2 kg ha−1) in high-rainfall regions (≥400 mm)
were significantly higher than in arid regions. Soil organic matter (SOM) (>20 g kg−1) and
optimal bulk density (BD) (1.25–1.40 g cm−3) synergistically enhanced optimal density and
peak yield. This study confirms the substantial, yet context-dependent, yield potential of
increasing planting density in Northeast China, providing a science-based framework for
region-specific optimization.

Keywords: maize; planting density; yield; meta-analysis; Northeast China; soil organic matter

1. Introduction
Improving food production to meet the needs of a growing global population remains

a major challenge [1]. Maize (Zea mays L.) is one of the most widely cultivated cereal
crops worldwide and serves as a staple food for over 4.5 billion people. Global maize
demand is projected to double by 2050 to meet future food and feed requirements [2]. In
China, where over 22% of the world’s population depends on only 9% of global arable
land, increasing maize productivity per unit area is crucial to ensure food security and
sustainable agricultural development [3].
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In addition to genetic improvement, optimized field management, and adequate water
and nutrient supply, optimizing planting density is a key agronomic practice for achieving
high maize yields. The Northeast China Plain (NECP) is the largest maize production
base in China, accounting for over one-third of the national maize output [4]. However,
planting densities in the region typically range from 49,000 to 65,000 plants ha−1, which
remains substantially lower than those in major producing regions like the United States
(82,000–92,000 plants ha−1) [5]. This suggests a large potential for yield improvement
through enhanced planting density and optimized canopy structure in Northeast China.

Increasing planting density can raise maize yield primarily by boosting the number of
ears per unit area and improving canopy light interception and dry matter accumulation.
However, high plant density intensifies competition among plants for light, water, and
nutrients, which can restrict leaf expansion, reduce photosynthetic capacity, accelerate
leaf senescence [6], and limit grain filling, ultimately lowering yield per plant. Within an
optimal range, the reduction in per-plant yield can be compensated by the increased plant
population, resulting in higher yield per unit area [7]. Beyond this threshold, however,
crowding stress leads to decreased biomass partitioning to kernels and a reduction in
harvest index [8]. Consequently, previous studies in China have reported positive, neutral,
or negative yield responses to increasing plant density, depending on climatic conditions,
genotypes, and field management practices.

In Northeast China, where characterized by a cool temperate monsoon climate, short
growing seasons, limited solar radiation, and variable soil fertility interact with density
management to influence maize yield responses [9]. These complex interactions make
it difficult to identify a single optimal planting density for regional maize production.
Moreover, independent field studies have often produced inconsistent results even under
similar density increments, reflecting the influence of confounding environmental and
agronomic factors. This study provides a comprehensive, quantitative synthesis specific to
Northeast China, uniquely evaluating the simultaneous moderating effects of climate, soil,
and management factors on maize yield responses to planting density.

Meta-analysis provides a robust approach to synthesizing results across independent
studies and quantifying the overall effects and moderators influencing the outcomes [10,11].
Therefore, the present study conducted a meta-analysis based on 508 paired observations
from 42 published studies to comprehensively evaluate the effects of increased maize
planting density on yield and related agronomic traits in Northeast China. The specific
objectives were to:

(1) Quantify the impacts of increased planting density on maize yield and yield
components; and (2) Identify the key agronomic, climatic, and edaphic factors regulating
yield responses to density enhancement. The findings of this study aim to provide a
scientific basis for optimizing maize planting density and improving yield potential under
sustainable intensification in the Northeast China Plain.

2. Results
2.1. Overall Effects of Increased Planting Densities on Maize Yield

Increasing planting density significantly altered maize yield components (Figure 1).
It reduced the number of grains per ear by 13.3% (95% CI: −14.8% to −11.7%) and the
100-kernel weight by 6.25% (95% CI: −6.2% to −5.0%). Conversely, it increased the number
of ears per unit area by 43.7% (95% CI: 40.7% to 46.7%) and the grain yield by 6.7% (95% CI:
5.4% to 8.0%). Significant heterogeneity was detected across studies (QM(df = 4) = 1618.45,
p < 0.0001), highlighting the substantial influence of moderating factors explored in subse-
quent sections.
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Figure 1. Effects of increased planting density on maize yield-related traits. Data are presented as
percent changes relative to conventional planting density (CK). The closed circle indicates the mean
percent change, and the horizontal line represents the 95% confidence interval. Asterisks denote
significant difference from zero (*** p < 0.001).

2.2. Optimal Planting Density and Maximum Grain Yield of Maize in Northeast China

Quadratic regression analysis revealed that maize grain yield followed a parabolic
relationship with planting density, initially increasing and then declining. The model projected
a maximum yield of 12,143.0 kg·ha−1 at the optimal density of 89,622.6 plants·ha−1. Notably,
grain yield began to decline when density exceeded 12 × 104 plants·ha−1 (Figure 2).

 
Figure 2. Relationship between planting density and maize grain yield in Northeast China. Scatter
points represent field-observed grain yield under different planting densities (×104 plants ha−1).
(*** p < 0.001). The quadratic regression model shows that the red line represents the changes in yield
under different planting densities; the box plot indicates the data of yield after low-density planting
(blue) and the data of yield after high-density planting (orange).
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Furthermore, box plot analysis confirmed significantly higher grain yields un-
der higher-density regimes (>6 × 104 plants ha−1) compared to lower-density groups
(≤6 × 104 plants ha−1), with an 18.5% increase in median yield.

2.3. Effects of Nitrogen Application Rates on Maize Yield Response to Increased Planting Density

The yield response to increased planting density was strongly moderated by ni-
trogen (N) application rates (Figure 3) (QM(df = 4) = 247.8535, p < 0.0001). Based on
regional fertilization practices, N rates were categorized as low (<180 kg N ha−1), medium
(180–240 kg N ha−1), and high (>240 kg N ha−1) [5,8]. Subgroup analysis revealed a sig-
nificant yield increase only under low N conditions (+7.6%; 95% CI, 5.1–10.0%; p < 0.001),
with non-significant responses under medium and high N.

 
Figure 3. (a) Percent change in maize grain yield under increased planting density relative to
conventional density, stratified by nitrogen (N) application rates: low (<180 kg·ha−1), medium
(180–240 kg ha−1), high (>240 kg ha−1), and overall (all rates combined). (b) Quadratic regres-
sion models illustrating the relationship between planting density (plants ha−1) and maize grain
yield (kg ha−1) for low (blue), medium (orange), and high (red) N application rates. (** p < 0.01,
*** p < 0.001).

Quadratic regression modeling further elucidated the density-yield dynamics un-
der varying N inputs (Figure 3b). The optimum planting density (i.e., the density max-
imizing grain yield) increased with N availability: 72,398 plants ha−1 under low N,
75,600 plants ha−1 under medium N, and 99,600 plants ha−1 under high N. Notably,
although the optimal density rose by approximately 38% from low to high N, the cor-
responding peak grain yields, the peak grain yields achieved at these optimal densities did
not differ significantly among the three N-rate categories.

2.4. Effects of Mean Annual Temperature (MAT) and Mean Annual Precipitation (MAP) on Maize
Yield Response to Increased Planting Density

The yield response to increased planting density was significantly moderated
by mean annual precipitation (MAP) but not by mean annual temperature (MAT)
(Figure 4). Overall, increasing density significantly raised yield by 6.7% (95% CI, 5.5–7.9%;
QM(df = 3) = 255.2571, p < 0.0001). When stratified by MAT, yield increases were significant
in both low (<7 ◦C; +8.2%) and medium (7–14 ◦C; +5.0%) temperature groups, with no
statistical difference between them (p > 0.05). In contrast, MAP had a pronounced effect:
the yield response was negligible in arid regions (<400 mm; +4.0%, p > 0.05) but significant
in regions with ≥400 mm precipitation (+7.0%; p < 0.001). Quadratic regression indicated
that the optimal planting density and peak yield were substantially higher in the high-MAP
region (87,720 plants ha−1 and 11,747 kg ha−1, respectively) compared to the low-MAP
region (57,143 plants ha−1 and 11,292 kg ha−1) (Figure 4d).
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Figure 4. (a) Yield response to increased planting density across MAT groups. (b) Density–yield
relationships for MAT groups; low MAT: <7 ◦C, blue circles; high MAT: 7–14 ◦C, orange circles.
(c) Yield response across MAP groups. (d) Density–yield relationships for MAP groups; low MAP:
<400 mm, blue circles; high MAT: ≥400 mm, orange circles. (* p < 0.05, *** p < 0.001).

2.5. Effects of Increasing the Planting Density Under Different Soil Conditions

All measured soil factors significantly moderated the density–yield relationship
(p < 0.001; Figure 5). The yield increase was most pronounced under low total nitro-
gen (TN ≤ 0.8 g kg−1), reaching 12.9% (95% CI: 6.8 to 19.3%), and was significantly higher
than under high TN (p < 0.001). Quadratic models showed the highest optimal density
(90,476 plants ha−1) occurred at high TN, but the highest peak yield (13,226 kg ha−1) at
low TN (Figure 5a,b).

For soil organic matter (SOM), yield response was stronger in low-SOM soils
(<10 g kg−1), while optimal density and peak yield increased progressively with SOM
content (Figure 5c,d). Although yield increased significantly across pH groups, the re-
sponse was greater in acidic soils (pH ≤ 6.5), whereas optimal density was higher in
neutral-to-alkaline soils (Figure 5e,f).

Critically, bulk density (BD) exhibited a clear optimum: yield response peaked within
the range of 1.25–1.40 g cm−3 (Figure 5g,h).

2.6. Model-Averaged Relative Importance of Predictors in Explaining Maize Yield Responses to
Increased Planting Density

Model-averaged analysis (Figure 6) identified mean annual precipitation (MAP), soil
organic matter (SOM), and bulk density (BD) as the most influential factors moderating
the yield response to increased planting density. Nitrogen application rate and mean
annual temperature (MAT) played moderate roles, while total soil nitrogen (TN) and pH
contributed minimally.
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Figure 5. Effects of soil properties on maize yield response to increased planting density.
(a,c,e,g) Percent yield change relative to conventional density, stratified by soil property: total nitro-
gen (TN), soil organic matter (SOM), pH, and bulk density (BD). *** p < 0.001; ns, not significant.
(b,d,f,h) Quadratic regression of planting density versus grain yield. Data points and curves are
color-coded by subgroup: (b) TN (low: ≤0.8 g·kg−1, blue circles; high: >0.8 g·kg−1, orange circles);
(d) SOM (low: <10 g·kg−1, blue circles; medium: 10–20 g·kg−1, orange circles; high: >20 g·kg−1, red
circles;) (f) pH (low: ≤6.5, blue circles; high: >6.5, orange circles); (h) BD (low: ≤1.25 g·cm−3, blue
circles; high: >1.25 g·cm−3, orange circles).
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Figure 6. Relative importance of environmental (MAP, MAT), soil (SOM, BD, TN, pH), and manage-
ment (N application) factors in explaining maize yield responses to increased planting density.

3. Discussion
Our meta-analysis, synthesizing data from 508 field observations, reveals a complex

and heterogeneous relationship between planting density and maize yield in Northeast
China. This substantial variability (I2 > 80%) is not a limitation but rather a key finding: it
underscores that the yield response to densification is profoundly context-dependent. The
primary objective of this discussion is to decipher this heterogeneity by quantifying and
interpreting the moderating roles of key agronomic, climatic, and edaphic factors. Below,
we explore the trade-offs and synergies that define the optimal density window across
diverse production contexts.

3.1. Trade-Offs Between Population-Level Gains and Individual Plant Constraints

Our meta-analysis confirms that increasing planting density enhances maize yield
at the population level (+5.3%) but imposes significant constraints on individual plant
growth (Figure 1). The observed reduction in grains per ear (−13.3%) and 100-kernel
weight (−6.3%) aligns with established physiological principles: intensified competition
for light, water, and nutrients under high density suppresses photosynthetic capacity, leaf
expansion, and dry matter partitioning to kernels. In densely planted stands, individual
plants experience reduced radiation interception per leaf area, leading to incomplete kernel
development and lower sink strength, which may be attributed to source limitation or
altered assimilate partitioning during grain filling [12].

This trade-off—where yield gains at the population scale compensate for per-plant
yield penalties—represents a fundamental feature of high-density cropping systems and
helps explain why density optimization, rather than maximization, is critical for pro-
ductivity [7,12,13]. Increased canopy closure improves radiation interception efficiency,
particularly during the early reproductive stages, yet excessive crowding accelerates leaf
senescence, increases self-shading, and suppresses lower canopy photosynthesis. The
yield-density relationship therefore follows a quadratic trend: yield initially rises with
density due to improved light capture and resource use, then plateaus or declines when
resource competition outweighs collective gains.
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In Northeast China, our calculated optimal density of 89,622.6 plants ha−1 (yielding
12,143.0 kg ha−1; Figure 2) represents a 37–83% increase over current regional practices
(49,000–65,000 plants ha−1). This substantial gap highlights untapped potential for closing
yield gaps in the region. The results also suggest that many existing density recommenda-
tions may be outdated, as they were established for older, less compact cultivars. Modern
hybrids with improved canopy architecture and stress tolerance can maintain higher pho-
tosynthetic efficiency and harvest index under crowding, justifying an upward revision
of density thresholds. Additionally, optimizing spatial uniformity-via precision plant-
ing or mechanical adjustment-can further balance intra-row competition and enhance
per-area productivity.

3.2. Nitrogen Management: Regulating Density Thresholds Without Altering Yield Ceilings

Changes in yield components are not driven solely by planting density in isolation,
but by its interaction with key agronomic and environmental factors. The negative effects
of high density on individual plants can be significantly mitigated under optimal nitrogen
and water management, as demonstrated by our subgroup analyses (Figures 3–5).

This study reveals a unique role of nitrogen (N) fertilization in high-density maize
systems: N application rate significantly modulates optimal planting density but does not
alter peak grain yield (Figure 3). Under low N inputs (<180 kg ha−1), the optimal density
was 72,398 plants ha−1, while high N inputs (>240 kg ha−1) increased optimal density by
38% to 99,600 plants ha−1. Crucially, peak yields remained statistically invariant across low,
medium, and high N rates (Figure 3b).

This finding indicates that N availability primarily determines the density capacity—
the threshold of population tolerance to intraspecific competition—rather than the attain-
able yield ceiling, which remains constrained by light and hydrothermal resources [14,15].
Nitrogen promotes chlorophyll synthesis, prolongs leaf longevity, and enhances photo-
synthetic resilience under crowding, thereby allowing denser stands to sustain growth.
However, once canopy photosynthesis reaches saturation, additional N cannot further raise
yield ceilings, as grain filling becomes limited by radiation and temperature.

These results challenge the conventional paradigm that higher N inputs directly trans-
late into yield gains. In high-density systems, N functions more as a “modulator” enabling
structural adaptation and resource balance rather than as a “driver” of yield enhancement.
From a management standpoint, this implies that synchronizing N availability with plant
demand—through split applications or slow-release fertilizers—can stabilize yield while
minimizing losses. Optimized N scheduling can also mitigate the risk of premature leaf
senescence often observed in N-deficient, densely planted crops. Thus, strategic N man-
agement supports the sustainability of intensive maize systems without compromising
environmental integrity.

3.3. Climate and Soil Mediators of Density Efficacy

Climatic regulation of maize yield responses to increased planting density exhibited
marked heterogeneity, with mean annual precipitation (MAP) emerging as the primary
limiting factor. In low-MAP regions (<400 mm), density increases yielded negligible yield
gains (+4.0%, p > 0.05), whereas high-MAP areas (≥400 mm) achieved significant yield
improvements (+7.0%), supported a substantial surge in optimal planting density, and
elevated peak grain yield (Figure 4c,d). This divergence underscores water’s critical role
in mitigating competition stress-ample precipitation ensures balanced water allocation
under high-density conditions [16]. Sufficient water availability not only alleviates stomatal
limitation but also stabilizes canopy temperature and facilitates nutrient uptake, leading to
more synchronized ear development across plants.

https://doi.org/10.3390/plants15040544136



Plants 2026, 15, 544

Conversely, mean annual temperature (MAT) exerted no significant influence: yield
responses showed no statistical differences across low (<7 ◦C), medium (7–14 ◦C), and high
(>14 ◦C) MAT groups (3.2–9.9%; p > 0.05; Figure 4a). This apparent temperature resilience
likely reflects maize ’s broad adaptability within the temperate monsoon climates of North-
east China. It should be noted that our use of MAT, rather than growing-season-specific
metrics, may integrate both critical and non-critical thermal periods [17]. Therefore, while
our analysis suggests MAT is not a primary moderator, future research employing finer tem-
poral resolution could refine insights into temperature effects during key developmental
stages. Furthermore, projected climate warming may extend the growing season and alter
density optima, implying that future management strategies must integrate considerations
of both cumulative heat units and water balance.

Soil properties exhibited hierarchical control over density responses, where soil organic
matter (SOM) and bulk density (BD) were pivotal regulators. High-SOM soils (>20 g
kg−1) increased optimal density by 27.8% and reduced the maximum yield by only 1.3%
compared to low-SOM soils (Figure 5d). SOM buffers high-density stress by enhancing soil
structure, water retention, and nutrient supply capacity, thereby promoting sustained root
activity during critical growth stages. Similarly, moderate BD (1.25–1.40 g cm−3) optimized
root-zone conditions, ensuring better root penetration and aeration. Yields under this
ideal BD exceeded those in looser soils (<1.25 g cm−3) by 71.1% (Figure 5h), suggesting
that adequate compaction supports stable anchorage and root–soil contact for efficient
water use.

In contrast, total nitrogen (TN) and pH played minimal roles. Model-averaged anal-
ysis ranked TN as the least important predictor (Figure 6), and although low-TN soils
(≤0.80 g kg−1) showed stronger relative yield responses (+12.9%), their absolute peak
yields remained lower than those of medium/high-TN groups (Figure 5b). This confirms
that native soil N cannot substitute for fertilizer N in regulating density thresholds, while
pH’s weak effect derives from its general suitability (6–8) across the region. Overall, soil
quality and water availability jointly define the physiological buffer zone within which
density intensification can be successful.

3.4. Strategic Intensification: Synergizing Density, Nitrogen, and Soil Health

To harness the yield potential of high-density maize systems in Northeast China, three in-
terdependent strategies emerge. First, prioritize density escalation to ≥9.0 × 104 plants·ha−1

in high-MAP zones (>600 mm; e.g., Eastern Songnen Plain), while integrating water-
saving techniques (drip irrigation, mulching) in arid areas (<400 mm) to overcome precip-
itation limitations [18–20]. Second, implement precision nitrogen management by align-
ing N inputs (180–240 kg ha−1) with target planting densities (e.g., higher N for densi-
ties > 9.0 × 104 plants ha−1) to mitigate environmental risks without compromising yield
ceilings—a critical insight given N’s role in expanding density capacity rather than elevat-
ing yield maxima [21,22]. Third, enhance soil health through residue retention and organic
amendments to boost SOM (>20 g kg−1), coupled with subsoiling to maintain optimal BD
(1.25–1.40 g cm−3), thereby creating resilient root environments for high-density stands.

Beyond these agronomic interventions, integrating digital farming tools-such as re-
mote sensing, canopy imaging, and data-driven decision support-can further refine density–
nutrient interactions across spatially variable fields. This precision intensification paradigm
not only maximizes yield but also improves input efficiency and ecosystem resilience.

This integrated approach—density-driven intensification conditioned on water avail-
ability, precision-nutrient matching, and soil health investment—resolves the trade-off be-
tween population-level gains and individual plant constraints, unlocking sustainable yield
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advances in NECP maize systems [23–25]. It offers a practical roadmap toward climate-
smart, resource-efficient maize production aligned with regional sustainability goals.

4. Materials and Methods
4.1. Data Collection

A systematic literature search was conducted to evaluate the effects of increased
planting density on maize (Zea mays L.) grain yield in Northeast China. Following the
PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guide-
lines (Figure 7), peer-reviewed publications from 1990 to June 2025 were retrieved from
the Web of Science, Scopus, Google Scholar, and China National Knowledge Infrastruc-
ture (CNKI) databases. The search combined English and Chinese keywords, including
“maize” OR “corn”, “planting density” OR “plant population” OR “row spacing”, “grain
yield”, and “Northeast China” OR “Heilongjiang” OR “Jilin” OR “Liaoning” OR “Songnen
Plain” OR “Sanjiang Plain.” The search was performed in the title, abstract, and keyword
fields using Boolean operators e.g., TI = (“maize”) AND AB = (“planting density”) AND
AB = (“yield”). Studies were included based on the following criteria: (1) field experiments
conducted in Northeast China; (2) maize as the target crop, with at least two planting
density treatments (one serving as the control representing local or conventional density,
and the other representing increased density); (3) provision of at least one outcome variable
related to grain yield; and (4) availability of sufficient statistical information such as stan-
dard deviation (SD), standard error (SE), or sample size (n). When multiple sites or years
were reported in one study, each site × year combination was treated as an independent
observation. Mean annual temperature (MAT) was used as a consistent climatic proxy
because specific growing-season temperature metrics were not consistently reported across
the compiled studies.

Figure 7. Preferred Reporting Items for Systematic Reviews and Meta-Analysis (PRISMA) flow chart
illustrating the study selection procedure for the meta-analysis.

From each eligible publication, the following data were extracted:
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(1) General information, including author name, publication year, and study location
(latitude and longitude if available); (2) experimental details, including planting density
(plants ha−1) or row spacing (cm), cultivar type (compact or conventional), fertilizer N rate
(kg ha−1), and management practices (e.g., irrigation, tillage); (3) environmental variables,
such as soil type, mean annual temperature (MAT), and mean annual precipitation (MAP);
and (4) outcome variables, including maize grain yield and yield components (if reported).

All data were digitized and organized using a standardized data extraction template.
For studies presenting data only in graphical format, numerical values were obtained using
WebPlotDigitizer (version 3.4). A total of 42 eligible publications met the inclusion criteria,
yielding 508 paired observations across Northeast China. The geographic distribution of
the study sites is shown in Figure 8.

Figure 8. Geographic distribution of planting density experiments across 42 independent study sites
included in the meta-analysis.

Mean annual temperature (MAT) was employed as the primary thermal metric due
to the consistent reporting of site-level climate normals in the source literature, whereas
detailed growing-season temperature data were largely unavailable. While MAT and
growing season temperature are correlated in this region, we acknowledge that MAT may
not fully capture temperature effects during critical phenological stages. This limitation is
considered in the interpretation of the results.

4.2. Meta-Analysis Procedure

To quantify how planting density and its driving factors affect yield, we used the
natural-log response ratio (lnR) as the effect-size metric—a choice widely adopted in
ecological and agronomic meta-analyses.

lnR = ln(Xt/Xc) (1)
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Here, Xt and Xc denote the means of the treatment (increased planting density) and
control (conventional density) groups, respectively.

The variance (v) of lnR for each observation was calculated as follows:

v = SDt
2/ntXt

2 + SDc
2/ncXc

2 (2)

Here, SDt, SDc, nt, and nc represent the standard deviations and replicate numbers of
the treatment and control groups, respectively.

The weighted effect sizes (lnR++) were determined by the following equation:

lnR++ = ∑(lnRi Wi)/∑ (Wi) (3)

Here, lnRi is the effect size of the i-th comparison and Wi is the corresponding weight,
defined as follows:

Wi = 1/(vi + τ2
)

(4)

Here, vi denotes the sampling variance of lnRi, and τ2 is the between-study variance,
estimated using the restricted maximum likelihood (REML) method in the rma.mv function
of the R package “metafor” (version 4.5.1), implemented in R version 4.5.1.

The standard error of the weighted mean and its 95% confidence interval (CI) were
calculated as follows:

SlnR++ =
√

1/∑ Wi (5)

95% CI = lnR++ ± 1.96 SlnR++ (6)

For studies that did not report standard deviations (SDs), the impute_SD function
in the ‘metagear’ package (R version 4.5.1) was employed to impute missing values [25].
To account for the non-independence of effect sizes arising from shared control groups, a
variance–covariance matrix was constructed following the method of Lajeunesse [26].

A random-effects model was employed; this modeled variance at the study level,
treatment level, and sampling error level. Parameter estimation was conducted using
restricted maximum likelihood (REML). The ‘rma’ function in the ‘metafor’ package (R
version 4.5.1) was used to estimate the weighted effect sizes (lnR++) and their 95% confi-
dence intervals (CIs). An effect was deemed statistically significant if the CI did not overlap
with zero. Between-group differences were considered significant if the respective CIs
did not overlap [27]. Heterogeneity among studies was assessed using the Q statistic (Qt),
with significance indicating variation in effect sizes potentially attributable to moderator
variables [28]. Subgroup analyses were conducted for categorical moderators with at least
ten observations or at least five observations from two or more independent studies [29].
Meta-regression analyses were conducted using the “rma()” function with the restricted
maximum-likelihood estimator (REML) in the “metafor” package (R version 4.5.1) to exam-
ine the relationships between effect sizes and climatic variables, including mean annual
precipitation (MAP) and mean annual temperature (MAT) [30,31].

To enhance interpretability, effect sizes were transformed into percentage changes
using the following equation:

Percent change =
(

explnR − 1
)
× 100% (7)

Using the “randomForest” package in R software version 4.2.2, a random forest model
was developed to quantify the relative importance of environmental, soil, and management
factors in explaining maize yield responses to increased planting density. The model
incorporated environmental variables (mean annual precipitation, MAP; mean annual
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temperature, MAT), soil properties (soil organic matter, SOM; bulk density, BD; total
nitrogen, TN; and pH), and management factors (nitrogen application rate). Statistical
significance of variable importance was evaluated using the “rfPermute” package, with
significance accepted at p < 0.05, indicating robust model performance. The relative
importance of each factor was ranked based on the percentage increase in mean squared
error (MSE) when that variable was permuted, averaged over 500 iterations of the random
forest model.

Heterogeneity and publication bias were assessed. The random-effects model indi-
cated substantial heterogeneity among effect sizes (I2 = 82.97%, τ2 = 0.0061), which was
anticipated given the context-dependent nature of density effects. The subgroup and meta-
regression analyses were performed to elucidate the sources of this heterogeneity. Egger’s
regression test found no significant publication bias (p = 0.15).

5. Conclusions
This meta-analysis demonstrates that increasing planting density can substantially

enhance maize yields in Northeast China, but with a clear optimum. Mean annual pre-
cipitation (MAP), soil organic matter (SOM), and bulk density (BD) were identified as the
primary limiting factors. In contrast, nitrogen (N) management primarily regulates the
tolerable plant density threshold rather than the maximum achievable yield. For regions
with ≥400 mm annual precipitation, we recommend a target density of approximately
87,700 plants ha−1 coupled with an N application rate of 180–240 kg N ha−1. Combine
this with organic amendments and occasional deep tillage to lift soil organic matter above
20 g kg−1 and keep bulk density between 1.25 and 1.40 g cm−3. Such an integrated package
can unlock the region’s untapped yield potential while keeping production sustainable.
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