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Abstract
Maize (Zea mays L.) grain moisture content (GMC) at harvest is a key determinant of seed preservation, grain 
quality, and drying costs, with the grain dehydration rate (GDR) playing a critical role in determining GMC. This 
study focused on understanding the genetic basis of GDR by utilizing a recombinant inbred line population of 310 
lines derived from PB80 and PHJ65, assessed across three environments with high-density SNP markers. A genetic 
linkage map spanning 1237.36 cM with 5235 bin markers was constructed, leading to the identification of 23 
quantitative trait loci (QTLs) associated with GMC and Area Under the Dry Down Curve (AUDDC) across multiple 
chromosomes, with several QTLs explaining over 10% of the phenotypic variance. Significant QTLs, including 
qGMC1.1, qGMC2.2, and qAUDDC2.2, were consistently detected across various environments and developmental 
stages. Transcriptomic analysis identified 21 candidate genes within these QTL regions, including key transcription 
factors and metabolism-related genes. These findings contribute to a better understanding of the genetic control 
of GMC and GDR, may serve as a foundation for future breeding efforts in maize breeding to enhance mechanized 
production efficiency and reduce post-harvest drying costs.
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Introduction
Maize (Zea mays L.) stands as one of the most vital crops 
globally, not only for its productivity but also for its eco-
nomic significance. The shift towards whole-process 
mechanization in agriculture, aimed at reducing produc-
tion costs and enhancing efficiency, has underscored the 
critical need to optimize various aspects of maize pro-
duction. Among these, the dehydration of maize kernels 
is particularly important, as it directly affects the grain 
moisture content (GMC) at harvest—a key determinant 
for mechanical harvesting efficiency, seed preservation, 
and overall grain quality [1].

Maintaining low GMC is essential to minimizing the 
costs associated with artificial drying, transportation, 
and storage of maize [2]. In regions characterized by low 
temperatures, high humidity, and limited daylight, high 
GMC poses significant challenges by impeding rapid 
grain dehydration, increasing the risk of grain spoil-
age due to mildew, and ultimately leading to substantial 
economic losses for growers [3, 4]. Even when artificial 
drying is employed, high GMC can prolong drying times, 
thereby increasing labor and financial costs [5]. There-
fore, optimizing GMC at harvest is of paramount impor-
tance, particularly in temperate regions, to ensure the 
safe and cost-effective production, transport, and stor-
age of maize [6]. Beyond direct agricultural impacts, the 
optimization of GMC and grain dehydration rate (GDR) 
holds broader significance for postharvest processing and 
mechanized agricultural systems. Achieving low GMC at 
harvest not only reduces the energy and cost demands of 
artificial drying but also mitigates spoilage risks associ-
ated with high moisture, such as fungal contamination, 
which can compromise grain quality and storage stabil-
ity [4]. Additionally, in large-scale, mechanized opera-
tions, rapid grain dehydration is essential for achieving 
moisture levels suitable for efficient harvesting and stor-
age, thereby lowering logistical burdens and economic 
costs [7, 8]. Consequently, enhancing our understanding 
of GMC and GDR has practical implications, promoting 
sustainability and efficiency in maize production across 
diverse agricultural systems.

GMC at harvest is largely determined by two factors: 
the initial moisture content at physiological maturity and 
the GDR during the post-maturity drying period [4, 8]. 
GDR is a critical trait that reflects the rate of moisture 
loss in maize kernels and is closely associated with final 
GMC levels. Identifying and selecting maize hybrids that 
combine low GMC with high GDR is crucial for enabling 
efficient mechanical harvesting—a key component of 
modern, mechanized maize production [9, 10]. Over 
the past decade, significant research efforts have been 
directed towards understanding the genetic foundations 
of GMC and GDR. However, the low density of genetic 
markers in earlier studies has limited the fine-mapping of 

quantitative trait loci (QTLs) associated with these traits. 
For example, only qGwc1.1, a QTL for grain moisture 
content, has been successfully fine-mapped to a narrow 
region using traditional markers [11]. The challenges of 
accurately measuring GMC and efficiently quantify-
ing GDR have further complicated the identification of 
genetic loci and their regulatory mechanisms, highlight-
ing the need for more advanced genetic tools and high-
efficiency phenotypic indicators [2, 6, 12–17]. In recent 
years, advances in QTL mapping have shed light on the 
genetic basis of GMC and GDR, yet many studies remain 
constrained by the limitations of low marker density, 
leading to reduced resolution in pinpointing key loci. 
Recent advancements in high-density genetic mapping 
techniques, such as genotyping-by-sequencing (GBS), 
now offer a more refined approach by increasing marker 
density, enabling more accurate QTL mapping, and facili-
tating a deeper understanding of the genetic architecture 
of GMC and GDR [18–20].

In this study, we investigated the genetic and envi-
ronmental factors influencing GMC and GDR using a 
recombinant inbred line (RIL) population derived from a 
cross between PB80 and PHJ65 to provide insights into 
their underlying regulatory mechanisms. Using a GBS 
approach, we generated a high-density SNP marker set 
and constructed a detailed linkage map. This map facili-
tated the identification of QTLs associated with GMC 
and GDR across three different environments and devel-
opmental stages. Additionally, we integrated QTL map-
ping with transcriptomic analysis to identify candidate 
genes involved in grain dehydration. Finally, eight can-
didate genes were identified. These findings provide 
insights into the genetic control of maize dehydration 
traits and may have potential applications in developing 
maize varieties better suited for mechanized production. 
Furthermore, this study could contribute to greater effi-
ciency and profitability in maize cultivation.

Materials and methods
Genetic materials and growing conditions
A RIL population comprising 310 lines was developed 
using the single seed descent method from a cross 
between two maize lines, PB80 and PHJ65, known for 
their contrasting dehydration characteristics [21]. PHJ65 
exhibits high grain GDR and low final moisture levels, 
while PB80 has a lower GDR and higher final moisture 
levels [16]. Both parental lines were publicly released by 
the National Maize Industry Technical System, ensuring 
their standardized genetic background and broad acces-
sibility for research and breeding. The RIL population, 
alongside the parental lines, was grown in three distinct 
geographical locations in Henan province, China: Xinx-
iang (E113°97′, N35°05′), Anyang (E114°38′, N36°10′), 
and Zhoukou (E115°07′, N33°41′) during the summer 
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season of 2020 and 2021. These locations represent the 
varied agro-ecological conditions in northern, central, 
and southern Henan. All the maize lines were designed 
using a randomized complete block design with one-row 
plots and two replications. The plants were manually 
sown in rows of 3.00 m in length, with intra-row spacing 
of 0.60 m and inter-row spacing of 0.25 m, with a total of 
17 plants at a density of 60,000 plants/ha. Standard irriga-
tion and fertilization management were applied through-
out the growing period, including to the guard rows.

Determination of GMC and GDR
GMC was assessed for each line at three developmen-
tal stages: 35, 45, and 55 days after pollination (DAP), 
using a portable HB-300 moisture meter (Kett Elec-
tric Laboratory). The time points for moisture content 
measurements were selected in each line multiple times 
(every ten days) beginning at 35 days after pollination 
to cover the entire period of kernel development from 
the early stage to the maturity or post-maturity stage [4, 
22]. These stages capture critical dynamics in GMC and 
GDR for genetic analysis. This analysis allowed us to sys-
tematically dissect the dynamics of grain moisture dur-
ing kernel development. Following the manufacturer’s 
instructions, the moisture meter probes were inserted 
through the husks into the kernels of the sampled ears. 
To ensure uniform ear development, both primary and 
subsequent ears of each line were bagged prior to silk 
emergence, and pollination was conducted simultane-
ously across all lines. For each developmental stage, five 
uniformly grown plants per line were selected, and three 
replicate measurements were taken from the midsec-
tion of the ears. The average value obtained from these 
measurements was used as the phenotypic value for each 
line. The mean value derived from two replications was 
considered as the final phenotypic value for use in QTL 
mapping.

In addition, the GDR was evaluated using the Area 
Under the Dry Down Curve (AUDDC) method, which 
provides an efficient metric for assessing GDR (Yang et 
al., 2010). A lower AUDDC value corresponds to a higher 
GDR, indicating more efficient water loss from the grain. 
The AUDDC was calculated using the formula:

	
AUDDC =

∑
n−1
i

[yi + yi+1

2

]
(ti+1 − ti)

where n is the number of observations, y is the converted 
meter reading, i represents the ith rating date, and t is 
time (in days). Three AUDDC traits were derived based 
on measurements at three time points: AUDDC1 (35–
45 DAP), AUDDC2 (45–55 DAP), and AUDDC (35–55 
DAP).

Phenotypic data analysis
For each line, phenotypic measurements were collected 
from five plants per line across three locations to account 
for environmental variation. For each developmental 
stage (35, 45, and 55 days after pollination), the moisture 
content was recorded from three replicates. The experi-
ment was conducted across three geographically distinct 
environments in Henan province (Xinxiang, Anyang and 
Zhoukou) to capture environmental variation. Data anal-
ysis was performed using analysis of variance (ANOVA), 
examining the effects of genotype, environment, and gen-
otype × environment interactions. Broad-sense heritabil-
ity was also calculated to assess the genetic contribution 
to these traits. Statistical analysis was conducted using 
the AOV tool in IciMapping software (version 4.2; ​h​t​t​p​:​
/​/​w​w​w​.​i​s​b​r​e​e​d​i​n​g​.​n​e​t​​​​​) and IBM SPSS Statistics. The best 
linear unbiased predictors (BLUPs) were estimated using 
META-R software for multi-environment analysis [23].

DNA extraction, library preparation, and sequencing
Total genomic DNA was extracted from fresh leaf sam-
ples of the two parental lines and 310 RIL individuals 
using a Plant Genomic DNA kit (TIANGEN, Beijing, 
China). The DNA purity and concentration were assessed 
using a NanoPhotometer® spectrophotometer (IMPLEN, 
CA, USA) and a Qubit® 2.0 Fluorometer (Life Technolo-
gies, CA, USA). DNA integrity and quality were evalu-
ated via 1% agarose gel electrophoresis. Qualified DNA 
samples were then digested, sequenced, purified, and 
PCR-amplified to complete the library preparation pro-
cess. Illumina paired-end libraries of 300–500  bp were 
constructed for the 310 RILs and the two parental lines. 
Paired-end sequencing of selected tags was performed 
using a NovaSeq6000 high-throughput sequencing plat-
form at the Novogene Bioinformatics Institute, Beijing, 
China.

To ensure data reliability and minimize bias, raw fastq 
data were processed through a series of quality control 
(QC) steps using custom in-house scripts. QC crite-
ria included: (1) removal of reads with ≥ 10% unidenti-
fied nucleotides (N), (2) discarding reads where 50% of 
bases had Phred scores of < 5, (3) including reads with 
> 10 nucleotides aligned to the adapter, allowing ≤ 10% 
mismatches, and (4) eliminating reads containing cut 
site remnant sequences. High-quality clean data were 
obtained following stringent filtering. These clean reads 
were aligned to the maize reference genome using BWA 
software [24]. Population SNP detection was performed 
using SAMtools software [25]. A Bayesian model was 
employed to identify polymorphic sites within the pop-
ulation, and subsequent filtering and screening yielded 
high-quality SNPs, which were then annotated using 
ANNOVAR [26].

http://www.isbreeding.net
http://www.isbreeding.net
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Bin map construction and QTL analyses
A bin map for this study was constructed using the Maxi-
mum Parsimonious Inference of Recombination (MPR) 
method [27]. The key steps are as follows: Initially, SNPs 
were identified to define the genotypes of the parental 
lines, PB80 and PHJ65, with an emphasis on maximiz-
ing the use of available SNP information. To ensure high 
data quality, SNPs of lower quality were then filtered 
out through permutation resampling of SNP windows 
and Bayesian inference. Subsequently, genotyping of the 
RIL population was performed using high-quality SNPs, 
with error correction applied via a hidden Markov model 
(function: correctGeno; parameter: “correctFUN = cor-
rectFUNHMM”; error rate: 0.0103). Finally, consecutive 
SNPs sharing the same genotype from one parent were 
grouped into bins using a sliding window approach (func-
tion: genoToBin). The window size was set at 500 kb, with 
a minimum of 20 SNPs per window, and the bins shorter 
than 100 kb or containing fewer than 20 SNPs were con-
sidered incomplete and were excluded from further 
analysis.

QTL analyses were conducted using QTL IciMap-
ping version 4.2 software [28]. The QTL scan was per-
formed with a 1  cM interval and an LOD threshold of 
2.5. To minimize the loss of QTLs with small effects, 
LOD thresholds were empirically set to 2.5, following 
previous studies [5, 11, 29]. QTLs identified in multiple 
environments and located within overlapping 1.5-LOD 
confidence intervals (as provided by the software) were 
considered identical [30]. QTLs consistently detected 
across environments and accounting for over 10% of the 
phenotypic variation were classified as major QTLs [31]. 
Initial QTL mapping was conducted separately for each 
of the three field trials, integrating data from two repli-
cates to capture all potential QTLs. Additionally, the 
BLUP method was applied to predict the trait expecta-
tion for each RIL across the three trials, supporting com-
prehensive QTL mapping [11].

Candidate gene prediction
Based on the physical positions of SNP markers flanking 
each QTL, physical intervals were defined. Genes within 
these intervals were predicted using the MaizeGDB data-
base (https://maizegdb.org/) to identify corresponding 
protein sequences. The predicted protein sequences were 
then aligned with those in the National Center for Bio-
technology Information (NCBI) database (​h​t​t​p​​:​/​/​​b​l​a​s​​t​.​​n​c​
b​​i​.​n​​l​m​.​n​​i​h​​.​g​o​v​/) to analyze homologous proteins in other 
species, suggesting potential biological functions of these 
genes in Arabidopsis and rice.

Transcriptomic analysis for parental RNA isolation
Kernel tissues from PB80 and PHJ65 were collected at 
35, 45, and 55 days after pollination (DAP) during kernel 

development. The tissues were immediately frozen in 
liquid nitrogen and stored at -80  °C. Three biological 
replicates were established for each stage. Total RNA 
was extracted following the manufacturer’s instructions 
using a Plant RNA Purification Kit (Tiangen, Beijing, 
China). RNA sequencing was conducted using the Illu-
mina NovaSeq-PE150 Platform at Novogene (Novogene 
Co., Ltd., Tianjin, China). Sequencing reads were quality-
trimmed using Trimmomatic 0.38, with low-quality reads 
removed. High-quality reads were aligned to the maize 
B73 reference genome (RefGen_v4; sequence assembly ​
h​t​t​p​​:​/​/​​f​t​p​.​​e​n​​s​e​m​​b​l​g​​e​n​o​m​​e​s​​.​o​r​​g​/​p​​u​b​/​p​​l​a​​n​t​s​​/​r​e​​l​e​a​s​​e​-​​4​1​/​
f​a​s​t​a​/​z​e​a​_​m​a​y​s​/​d​n​a​/) using HISAT2 version 2.0.5. Gene 
expression levels were normalized and quantified as frag-
ments per kilobase of transcript per million mapped 
reads (FPKM) using StringTie version 1.3.5 (​h​t​t​p​​s​:​/​​/​c​c​b​​.​j​​
h​u​.​​e​d​u​​/​s​o​f​​t​w​​a​r​e​/​s​t​r​i​n​g​t​i​e). Differentially expressed genes 
(DEGs) were identified using edgeR, based on a false 
discovery rate (FDR)-adjusted P-value ≤ 0.05 and fold 
changes ≥ 2 or ≤ 0.5. Functional and pathway enrichment 
analysis was performed using the OmicShare tools, a free 
online platform for data analysis (www.omicshare.com/
tools).

Results
Construction of a high-density bin map confirms robust 
collinearity and accurate recombination rates
The genetic linkage map was constructed using 2,218,988 
high-quality, biallelic, homozygous SNP markers identi-
fied between the parental lines PB80 and PHJ65 (Fig. 1A; 
Table 1, Figure. S2). These markers were processed using 
a sliding window approach, resulting in 5,235 bin mark-
ers. The length of the bin markers mainly ranged from 
100  kb to 400  kb, with an average physical interval of 
404.70  kb between adjacent bins (Table  1, Figure. S1A). 
The final genetic map spanned 1,237.36 centiMorgans 
(cM) across 10 linkage groups (LGs), with an average of 
523 bin markers per chromosome. Chromosome 1 con-
tained the most bin markers (821), while chromosome 10 
contained the fewest (345). Chromosome lengths ranged 
from 99.56 cM (chromosome 10) to 183.44 cM (chromo-
some 1), and the overall map density was 4.23 bins per 
cM (Table 1). The genetic distance between neighboring 
bins was approximately 0.25 cM, mainly ranging from 0.0 
to 1.25 cM (Figure. S1B). Collinearity analysis confirmed 
strong alignment between genetic and physical positions 
on the reference genome, ensuring accurate recombina-
tion rate calculations (Figure. S3B, C). Pairwise recom-
bination fractions indicated no significant anomalies, 
validating the map’s suitability for downstream QTL 
analysis (Fig. S1B).

https://maizegdb.org/
http://blast.ncbi.nlm.nih.gov/
http://blast.ncbi.nlm.nih.gov/
http://ftp.ensemblgenomes.org/pub/plants/release-41/fasta/zea_mays/dna/
http://ftp.ensemblgenomes.org/pub/plants/release-41/fasta/zea_mays/dna/
http://ftp.ensemblgenomes.org/pub/plants/release-41/fasta/zea_mays/dna/
https://ccb.jhu.edu/software/stringtie
https://ccb.jhu.edu/software/stringtie
http://www.omicshare.com/tools
http://www.omicshare.com/tools
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Significant phenotypic variation in GMC and AUDDC 
reflects genetic diversity and environmental influence
GMC and the AUDDC were measured at three devel-
opmental stages across three distinct environments to 
evaluate phenotypic variation within the RIL population. 
The parental lines, PB80 (P1) and PHJ65 (P2), exhibited 
significant differences in GMC and AUDDC across all 
environments (p < 0.01) (Fig.  2). The result showed that 
PB80 consistently exhibits higher GMC and AUDDC val-
ues compared to PHJ65.

The RIL population displayed transgressive segrega-
tion, with several lines surpassing the parental GMC 
levels. As kernel development advanced, average GMC 
decreased from 31.84 to 18.60%, while the coefficient of 
variation (CV) increased from 6.25 to 12.04%. A paral-
lel trend was observed for AUDDC, where the average 
value increased from 287.09 to 508.06, and the CV rose 
from 6.49 to 9.39% (Table 2). This increase in phenotypic 

variation over time was attributed to differential dehy-
dration rates among the RILs (Fig.  3). Shapiro-Wilk 
normality tests confirmed that GMC and AUDDC data 
approximated normal distributions across all environ-
ments and BLUPs (Table 2, Table S1), consistent with the 
distribution curves typical of quantitative traits (Fig.  3, 
Figure S4). Analysis of variance (ANOVA) revealed sig-
nificant effects of genotype, environment, and genotype 
× environment interactions on GMC and AUDDC (Table 
S2), with broad-sense heritability estimates ranging from 
0.75 to 0.89 for GMC and from 0.82 to 0.85 for AUDDC 
(Fig. 4, Table S1). These findings indicate a genetic basis 
for these traits while also highlighting the significant 
influence of environmental factors.

Table 1  Summary statistics of the genetic linkage map for the RIL population
Linkage group Number of 

SNPs
Number of 
bins

Genetic dis-
tance (cM)

Average 
bins/cM

Average dis-
tance (cM)

Average 
length of bin 
(kb)

Recombination 
rate (cM/Mb)

< 5 cM 
Gap

Max. 
gap 
(cM)

LG1 23,346 821 183.44 4.48 0.22 373.95 0.6 821 1.76
LG2 22,100 632 132.86 4.76 0.21 386.73 0.54 632 2.10
LG3 18,797 576 132.58 4.34 0.23 409.06 0.56 576 1.38
LG4 18,826 527 124.73 4.27 0.24 468.58 0.5 527 2.30
LG5 15,924 530 124.25 4.23 0.23 422.09 0.55 530 1.95
LG6 13,281 483 109.36 4.27 0.23 360.09 0.63 483 3.27
LG7 15,880 449 109.53 4.10 0.24 406.17 0.6 449 2.27
LG8 11,754 429 105.51 4.07 0.25 422.17 0.58 429 2.09
LG9 12,538 443 115.54 3.83 0.26 360.60 0.72 443 1.93
LG10 13,332 345 99.56 3.47 0.29 437.58 0.66 345 2.33
Total 165,778 5235 1237.36 4.23 0.24 402.25 0.594 5235 3.27
Average 16577.8 523.5 123.74 4.23 0.24 404.70 0.594 523.5 2.14

Fig. 1  Whole-genome bin construction in RIL population. (A) The bin map of the RIL population. Each column represents a RIL. red indicates PB80 geno-
type, blue is PHJ65 genotype, and white shows heterozygote. (B) Pairwise recombination fractions of bins. The upper left shows recombination fractions 
between bin pairs, while the lower right displays the logarithm (base 10) of odds (LOD) scores from linkage testing. The primary alignment of signals along 
the diagonal line suggests a well-constructed bin map
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Fig. 2  Comparison of morphological and grain moisture traits among parents “PB80 (P1)”, “PHJ65 (P2)”. (A) Kernel morphology comparison between 
PB80 and PHJ65. (B-D) Boxplots showing differences in grain moisture content (GMC) and area under the drying curve (AUDDC) between parents across 
three locations: Anyang (B), Xinxiang (C), and Zhoukou (D). Asterisks (“*”) indicate highly significant differences between parents based on independent 
samples t-tests (***p < 0.001, **p < 0.01)
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Consistent identification of key QTLs for GMC and AUDDC 
across multiple environments
QTL mapping was performed using the inclusive com-
posite interval mapping (ICIM) method, resulting in 

the identification of 23 QTLs associated with GMC and 
AUDDC—9 for GMC and 14 for AUDDC—across three 
environments (Table  3). The GMC QTLs were located 
on chromosomes 1, 2, 5, 6, 9, and 10, while AUDDC 

Table 2  Description of phenotype analysis for GMC and AUDDC in the RIL population (BLUP value)
Trait Stage Parents RIL population Normality analysis

Male Female Mean ± SD Rang CV (%) Skewa Kurtb Wc (p value)
GMC 35DAP 34.35 ± 2.33 28.31 ± 1.75 31.84 ± 1.99 23.98–42.16 6.25% 0.49 0.9 0.969(0.000)

45DAP 26.07 ± 1.57 20.3 ± 1.81 25.55 ± 2.38 15.43–32.37 9.32% -0.65 1.37 0.975(0.000)
55DAP 22.43 ± 2.28 16.51 ± 1.81 18.60 ± 2.24 9.14–24.56 12.04% -0.14 0.58 0.993(0.032)

AUDDC 35-45DAP 292.27 ± 14.1 242.31 ± 15.26 287.09 ± 18.64 225.99-357.16 6.49% -0.23 1.65 0.978(0.000)
45-55DAP 241.04 ± 14.43 183.4 ± 12.46 220.83 ± 20.74 133.99-282.51 9.39% -0.33 0.83 0.990(0.035)
35-55DAP 533.3 ± 23.33 425.7 ± 24.67 508.06 ± 37.61 342.18-632.26 7.40% -0.33 1.58 0.982(0.001)

a Kurt, kurtosis
b Skew, skewness
c W, Shariro–Wilk statistic value

Fig. 4  Variation in GMC35, GMC45, GMC55, AUDDC1, AUDDC2 and AUDDC was attributed to genetic and environmental factors across the RIL popula-
tion. The different shades of grey in the stacked bar diagram in the stacked bar diagram indicated the various factors that explain phenotypic variance

 

Fig. 3  The phenotypic distribution of grain moisture content (GMC) and dehydration rate (AUDDC) for the RILs at different time points from BLUP value 
analysis in three field trials. Arrows indicate groups with GMC and AUDDC values similar to those of the parents (P1: PB80 and P2: PHJ65). Red lines repre-
sent theoretical normal distribution curve
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QTLs were distributed across chromosomes 1, 2, 3, 4, 5, 
6, and 10. The phenotypic variance explained by individ-
ual QTLs ranged from 3.11 to 18.15%, with LOD scores 
between 2.51 and 13.73. Among these QTLs, 16 trait-
enhancing alleles—6 for GMC and 10 for AUDDC—orig-
inated from PHJ65, while the remaining 7 alleles—3 for 
GMC and 4 for AUDDC—were derived from PB80.

Two major GMC-related QTLs, qGMC1.1 and 
qGMC2.2, were consistently detected across all environ-
ments and developmental stages, explaining between 
5.80% and 13.66% of phenotypic variance. Additionally, 
two other QTLs, qGMC2.1 and qGMC6.1, were identified 

in two environments, contributing 4.63–14.68% of the 
GMC variance. For AUDDC, the major QTL qAUDDC2.2 
was consistently observed across environments and 
developmental stages, accounting for 8.14–18.15% of 
the phenotypic variation. Five other AUDDC QTLs—
qAUDDC1.1, qAUDDC1.2, qAUDDC1.4, qAUDDC3, 
qAUDDC4.2, and qAUDDC10.1—were detected in mul-
tiple environments, each explaining 3.11–12.58% of 
the variance. Notably, two GMC QTLs, qGMC1.1 and 
qGMC2.2, overlapped with AUDDC QTLs qAUDDC1.2 
and qAUDDC2.2, respectively, suggesting a shared 
genetic basis for these traits. The best linear unbiased 

Table 3  The common QTL related to GMC and AUDDC in three field trials
QTL Chr Field triala DAP Flanking SNPs Physical Location (Mb) LOD R2b AEc

qGMC1.1 1 XX 35 chr1_194244018-chr1_194374619 194.24-194.37 6.96 8.75 0.46
AY 35 8.68 10.72 2.57
ZK 35 4.26 5.80 0.50

qGMC1.2 1 AY 45 chr1_290312240-chr1_290401547 290.31–290.40 5.69 6.59 0.60
qGMC2.1 2 AY 35 chr2_11625725-chr2_11658780 116.26-116.59 4.42 5.11 -0.44

ZK 35 3.40 4.63 -0.45
qGMC2.2 2 AY 35 chr2_212831691-chr2_213913274 212.83-213.91 5.90 8.02 -1.89

AY 55 10.31 13.66 -5.57
ZK 45 9.75 12.98 -3.54

qGMC5.1 5 XX 55 chr5_8089739-chr5_8237769 8.09–8.24 3.66 6.26 0.61
qGMC5.2 5 XX 45 chr5_82543758-chr5_82809360 82.54–82.81 3.04 6.48 0.41
qGMC6.1 6 AY 35 chr6_36034446-chr6_38134067 36.03–38.13 11.27 14.68 -5.20

XX 35 4.32 4.97 -0.48
qGMC6.2 6 AY 45 chr6_134177797-chr6_134879403 134.18-134.88 3.96 4.55 0.49
qGMC10 10 XX 35 chr10_2218596-chr10_2237123 2.22–2.24 3.31 4.00 0.42
qAUDDC1.1 1 AY 35–45 chr1_35333078-chr1_35973365 35.33–35.97 2.57 3.63 3.30

ZK 35–45 3.02 4.42 4.21
qAUDDC1.2 1 XX 35–45 chr1_194244018-chr1_194374619 194.24-194.37 6.41 8.88 13.77

ZK 35–45 9.42 12.58 33.75
qAUDDC1.3 1 AY 35–45 chr1_270704541-chr1_271018694 270.70-271.02 3.21 4.56 3.81
qAUDDC1.4 1 AY 35–55 chr1_290312240-chr1_290401547 290.31–290.40 3.63 4.54 10.57

AY 45–55 3.17 4.01 6.99
qAUDDC2.1 2 XX 35–45 chr2_26169676-chr2_26861155 26.17–26.86 5.88 7.87 -5.01
qAUDDC2.2 2 XX 35–55 chr2_212831691-chr2_213913274 212.83-213.91 13.73 18.15 54.29

XX 35–45 9.02 11.46 30.55
ZK 45–55 6.01 8.14 14.89

qAUDDC3 3 AY 35–55 chr3_231158054-chr3_231225890 231.16-231.23 2.62 3.77 -8.77
AY 45–55 2.66 3.38 -6.28

qAUDDC4.1 4 AY 35–45 chr4_190313976-chr4_190332634 191.30-190.33 2.73 3.86 -3.38
qAUDDC4.2 4 AY 35–55 chr4_206345467-chr4_206685902 206.35-206.69 3.55 4.45 -10.21

AY 45–55 2.60 3.68 -6.17
qAUDDC5 5 XX 35–55 chr5_82543758-chr5_82809360 82.54–82.81 3.61 4.14 9.31
qAUDDC6.1 6 AY 35–55 chr6_134177797-chr6_134879403 134.18-134.88 2.86 3.58 9.18
qAUDDC6.2 6 AY 45–55 chr6_145405296-chr6_145506072 145.41-145.51 3.05 3.88 6.71
qAUDDC10.1 10 XX 35–55 chr10_2218596-chr10_2237123 2.22–2.24 2.85 3.11 8.24

XX 35–45 3.11 3.62 3.64
qAUDDC10.2 10 XX 35–55 chr10_133859005-chr10_134030377 133.86-134.03 3.20 4.13 8.73
a XX, Xinxiang; AY, Anyang; ZK, Zhoukou
b Coefficient of determination: percentage of phenotypic variance explained by the QTL

c Additive effects of QTLs with a negative sign indicate the contribution of the parent, PB80, while positive values indicate the contribution of the parent, PHJ65
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prediction (BLUP) model, used to estimate GMC and 
AUDDC at 35, 45, and 55 days after pollination (DAP) 
across environments, confirmed the stability of these 
QTLs in different field conditions.

Transcriptomic analysis correlates differential gene 
expression with dehydration rates
To further investigate the genetic basis of GMC and 
dehydration rate (GDR), transcriptomic analysis was per-
formed on seeds from the parental lines PB80 and PHJ65 
at 35, 45, and 55 DAP. RNA sequencing revealed signifi-
cant differential gene expression between the two paren-
tal lines. In PHJ65, which exhibited faster dehydration 
rates, 958 and 6,151 genes were upregulated at 45 and 55 
DAP, respectively, compared to PB80, which had fewer 
upregulated genes (Fig.  5A-C). The analysis identified 
5,935 differentially expressed genes (DEGs) between 55 

and 45 DAP in PHJ65, indicating a potential correlation 
between dehydration speed and transcriptomic changes 
(Fig.  5C). These findings highlight key genes potentially 
driving the differences in dehydration rates and subse-
quent GMC in maize.

To explore the physiological processes underlying 
GMC and GDR, we conducted Gene Ontology (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
pathway enrichment analyses on the DEGs identified 
between the parental lines PB80 and PHJ65. These analy-
ses revealed significant enrichment of DEGs in functional 
categories related to metabolic processes and amino acid 
biosynthesis (Figure S5). Notably, DEGs expressed dur-
ing the development of PB80 seeds were enriched in 
rhythmic processes (Figure S5A-B), suggesting possible 
mechanisms by which kernels regulate moisture content 
and enhance dehydration efficiency. Additionally, DEGs 

Fig. 5  Transcriptome analysis of parental lines PB80 and PHJ65. (A) Number of differentially up- and down-regulated genes at 35-, 45-, and 55-days 
post-pollination in PB80 and PHJ65. (B-C) Venn diagram analysis of differentially expressed genes in PB80 (B) and PHJ65 (C) at 35-, 45-, and 55-days post-
pollination; (D) Expression levels of the differentially expressed genes located within QTL regions. “_1,” “_2,” and “_3” represent 35, 45, and 55 DAP, respec-
tively; “P1” and “P2” refer to PB80 and PHJ65, respectively
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were associated with pathways involving metabolism, 
DNA replication, and sugar biosynthesis and degrada-
tion. The KEGG terms for circadian rhythm and plant 
hormone signal transduction were identified during the 
developmental stages of PB80 and PHJ65 seeds, respec-
tively (Figure S5C-D), suggesting the association between 
regulatory pathways and the drying process as kernels 
mature.

Co-localization of QTLs on chromosome 2 identifies 21 
candidate genes for GMC and GDR
The stable major QTLs qGMC2.2 and qAUDDC2.2 were 
co-localized within a 81.6  kb region on chromosome 
2 (212,831,691–212,913,274  bp), indicating a potential 
shared genetic basis for both GMC and GDR. Homolo-
gous alignment and functional annotation within this 
region identified 21 candidate genes (Table S4). These 
genes were categorized into four functional groups: tran-
scription factors, protein-related genes, metabolic pro-
cess-related genes, and other biological processes. Group 
1 included transcription factors such as zinc finger pro-
tein ZAT2 (Zm00001d006647) and ethylene-responsive 
transcription factor ERN1 (Zm00001d006653). Group 2 
comprised protein-related genes, including subtilase fam-
ily protein (Zm00001d006669). Group 3 involved genes 
related to fatty acid metabolism (Zm00001d006630), 
amine metabolism (Zm00001d006638), and other meta-
bolic processes. Group 4 consisted of genes involved 
in various other biological processes. Notably, 8 of 
these genes (Zm00001d006628, Zm00001d006629, 
Zm00001d006630, Zm00001d006638, 
Zm00001d006644, Zm00001d006645, Zm00001d006647, 
Zm00001d006657) showed significant differential 
expression between PB80 and PHJ65, suggesting their 
involvement in key processes such as protein synthesis, 
metabolism, circadian rhythm regulation, and DNA tran-
scription (Fig. 5D). These candidate genes may provide a 
valuable foundation for future research aimed at improv-
ing GMC and GDR in maize.

Discussion
Advancing mechanized maize harvesting through genetic 
optimization of grain moisture content and dehydration 
rates
Mechanized harvesting is crucial for modern agricul-
ture, as it enables large-scale, efficient, and cost-effective 
production. However, high GMC at harvest poses sig-
nificant challenges, including increased energy and dry-
ing costs, as well as a higher risk of grain spoilage during 
storage, leading to substantial economic losses [32]. This 
challenge is particularly acute in regions with unfavor-
able climatic conditions for natural grain drying. To 
address these issues requires the development of maize 
(Zea mays L.) varieties with lower GMC and faster GDR, 

which are critical for optimizing mechanized harvesting 
and reducing post-harvest processing costs.

Our study contributes to addressing this challenge by 
focusing on the genetic improvement of two key traits: 
GMC and grain GDR. These traits are critical not only for 
determining the optimal harvest time but also for mini-
mizing post-harvest processing costs and ensuring high-
quality grain that resists spoilage. By utilizing advanced, 
such as high-density bin mapping and GBS, we have 
made significant strides in identifying the genetic loci 
that control these traits. The integration of these genetic 
tools into breeding programs provides potential targets 
for MAS, which could facilitate the development that 
are better suited for mechanized harvesting. The identi-
fication of stable QTLs and candidate genes associated 
with GMC and GDR provides potential targets for MAS, 
which may facilitate the development of maize hybrids 
with improved drying characteristics. These advance-
ments are especially relevant in the context of global 
climate change, where variations in weather patterns 
exacerbate challenges associated with grain drying and 
storage [33].

Additionally, molecular marker-assisted selection 
(MAS) allows breeders to incorporate these desirable 
traits more efficiently and accurately into breeding lines. 
This precision breeding approach shortens breeding 
cycle and ensures that maize varieties possess the opti-
mal traits for mechanization [34]. By reducing GMC at 
harvest and enhancing GDR, we can significantly reduce 
reliance on artificial drying methods, thus lowering 
energy consumption and the carbon footprint of maize 
production. In a broader context, this genetic innovation 
contributes to the sustainability of maize production sys-
tems by enhancing resource use efficiency and reducing 
the environmental impact of post-harvest processing. As 
global maize demand increases for food, feed, and indus-
trial applications, the development of mechanization-
friendly maize varieties will be crucial in meeting this 
demand sustainably [35].

In summary, our study contributes to the understand-
ing of the genetic basis of GMC and GDR in maize 
and identifies potential genetic targets that may aid in 
improving mechanized maize harvesting. By harnessing 
genetic innovation, we can pave the way for a new era of 
maize breeding, focused on efficiency, sustainability, and 
resilience in the face of evolving agricultural challenges.

High-density bin mapping revolutionizes QTL mapping 
precision
Linkage analysis has long been an essential tool for 
deciphering the genetic architecture of quantitative 
traits in crops [36]. However, traditional QTL mapping 
approaches have been constrained by limited resolu-
tion and low marker density, resulting in broader QTL 



Page 11 of 14Zhang et al. BMC Plant Biology          (2025) 25:369 

intervals and less precision [2, 6, 12, 37, 38]. The advent 
of high-throughput sequencing technologies, includ-
ing GBS, has significantly advanced QTL mapping by 
enabling the generation of dense polymorphic markers, 
such as SNPs and InDels, which greatly improve mapping 
efficiency and accuracy in maize [10, 11, 14, 39, 40].

In this study, we utilized GBS approach to develop a 
RIL population and construct a high-density genetic link-
age map. This map included 5,235 bin markers derived 
from 2,218,988 high-quality SNPs, spanning 1,237.36 cM 
with an average genetic distance of 0.24  cM between 
adjacent markers. The mean physical distance between 
markers was 402.25  kb, and the smallest QTL interval 
was approximately 100  kb, representing a substantial 
improvement in resolution compared to previous stud-
ies [16]. The high marker density and strong collinearity 
with the reference genome confirm the map’s suitability 
for precise QTL identification and gene discovery (Figure 
S2). This advancement in mapping precision is crucial for 
uncovering the genetic basis of complex traits, such as 
GMC and GDR.

Precision phenotyping is key to unraveling complex traits
Accurate phenotypic data are critical for effective QTL 
mapping, especially for complex traits like GMC and 
GDR, which are influenced by both genetic and envi-
ronmental factors. The dehydration process from physi-
ological maturity to harvest directly impacts final seed 
moisture. However, determining the precise timing of 
physiological maturity is often challenging due to envi-
ronmental variability. Therefore, we measured GMC 
at multiple time points beginning at 35 DAP to cover 
the entire period of kernel development from early to 
post-maturity stages [4, 10]. This approach allowed us 
to generate time-series data that were transformed into 
AUDDC values, providing a comprehensive measure 
of dehydration rate and other features influencing final 
grain moisture.

To ensure the accuracy of our phenotypic data, we 
implemented several stringent methodological con-
trols: (1) pollination dates were adjusted according to 
the flowering time of materials to ensure synchronized 
grain filling and dehydration processes; (2) primary and 
subsequent ears were bagged prior to silk emergence to 
synchronize ear development across all lines; (3) mois-
ture content was measured by deeply probing kernels 
with a moisture meter, ensuring that the bract of the ear 
remained intact and that natural dehydration was not dis-
turbed. These methods have proven effective in obtaining 
accurate and reliable phenotypic data for QTL mapping 
[4, 6, 16, 41–46].

Field trials across multiple environments allowed us 
to assess the QTL stability and consistency under dif-
ferent environmental conditions. The identification of 

several consistent QTLs across environments supports 
the robustness of our phenotypic data and the reliability 
of the mapped QTLs. Notably, QTLs such as qGMC1.1 
and qAUDDC1.2, as well as qGMC2.2 and qAUDDC2.2, 
were co-localized, suggesting that these regions may 
contain genes that influence GMC and GDR. The posi-
tive correlation between GMC and AUDDC (Figure 
S4) further supports the existence of common genetic 
loci affecting both traits, offering new opportunities for 
simultaneous improvement of GMC and GDR in breed-
ing programs [47]. One possible explanation for this 
co-localization is that this genomic region may contain 
regulatory elements or genes integral to fundamental 
processes, such as water transport and cellular homeo-
stasis, that simultaneously affect both traits. To our 
knowledge, this finding represents a novel insight within 
maize genetics, as previous research has largely identified 
separate loci associated with either GMC or GDR, with-
out emphasizing regions that impact both. This discovery 
underscores the potential of chromosome 2 as a prom-
ising target for MAS and simultaneous improvement 
of GMC and GDR in maize breeding programs. Future 
studies should aim to elucidate the precise mechanisms 
within this region to further understand how shared 
pathways influence these traits, offering a valuable foun-
dation for developing maize varieties optimized for rapid 
dehydration and low moisture retention.

Deciphering the genetic architecture: key insights into 
GMC and GDR
The genetic architecture of GMC and GDR is complex, as 
evidenced by the identification of 23 QTLs in this study, 
including those detected across multiple environments 
and developmental stages. Notably, key QTLs such as 
qGMC2.2 and qAUDDC2.2 were consistently detected, 
suggesting their potential as important loci for breed-
ing programs aimed at reducing GMC and enhancing 
dehydration rates. The co-localization of these QTLs on 
chromosome 2 suggests that a single genetic region may 
influence both traits, which could facilitate breeding 
efforts by targeting these loci for MAS. However, while 
these loci showed stability across different environments, 
additional validation in independent populations and 
under broader environmental conditions is necessary to 
confirm their utility in breeding applications. The stable 
identification of qGMC2.2 and qAUDDC2.2 across vari-
ous environmental conditions makes them particularly 
attractive candidates for MAS, as their consistent effect 
on GMC and GDR suggests resilience to environmental 
variation. By incorporating these loci into MAS strat-
egies, breeders could efficiently develop maize lines 
with optimized dehydration rates and lower harvest-
time moisture content, which are essential for reduc-
ing post-harvest drying costs and preventing spoilage 
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during storage. Future studies would focus on fine map-
ping these consistent QTL and cloning these genes.

Seed dehydration from the phase of reserve accumu-
lation to maturation drying is associated with distinct 
gene/protein expression and metabolic switches [48]. The 
overlap of several QTLs with clusters of DEGs suggests 
that these genes work in concert to regulate moisture 
dynamics, aligning closely with the observed phenotypic 
variation in GMC and GDR. In addition, we further iden-
tified eight candidate genes within these QTL regions, 
providing valuable insights into the molecular mecha-
nisms driving GMC and GDR. These genes, involved in 
processes such as protein synthesis, metabolism, and 
circadian regulation, are likely key drivers of seed matu-
ration and dehydration. Notably, ZAT2 and ERN1 are 
transcription factors involved in abiotic stress responses, 
suggesting they may help kernels modulate internal 
moisture under variable field conditions [49, 50]. More-
over, genes associated with lipid and amine metabolism 
indicate possible roles in facilitating water loss through 
cellular structural changes or osmotic regulation, which 
could impact grain dehydration rates directly [51]. The 
identification of Zm00001d006628, known as TIME FOR 
COFFEE (TIC), as a candidate gene associated with GDR 
is particularly noteworthy. TIC is a key regulator of cir-
cadian rhythms and has been implicated in controlling 
metabolic processes that are essential for seed viabil-
ity and crop yield [52–54]. The role of TIC in regulating 
dehydration underscores the importance of circadian 
mechanisms in seed development and presents a prom-
ising target for genetic improvement in maize. Future 
research should prioritize functional validation of candi-
date genes within these QTL regions, as well as testing in 
independent populations and under diverse environmen-
tal conditions to confirm their utility for breeding.

Towards a new era of maize breeding: harnessing genetic 
insights for mechanization
This study provides new insights into the genetic basis 
of GMC and GDR, traits that are pivotal for mechanized 
maize harvesting. The development of maize hybrids 
with optimized GMC and enhanced GDR provides sig-
nificant benefits for mechanized agriculture by reducing 
post-harvest costs and improving efficiency [55]. Low-
GMC, high-GDR hybrids may lessen the reliance on arti-
ficial drying, which is a major cost in maize production, 
allowing producers to save on fuel and electricity. For 
large-scale operations, this reduction in drying require-
ments can significantly enhance profitability, especially 
in areas with limited drying infrastructure. Additionally, 
the decrease in energy consumption supports sustain-
able agricultural practices by lowering the carbon foot-
print of maize production, making these hybrids ideal 
for eco-friendly farming systems. Furthermore, these 

genetic improvements have the potential to enhance 
maize adaptability to climate variability by improving 
dehydration efficiency. This may provide some resilience 
in regions with unpredictable weather, such as unex-
pected rainfall or humidity during harvest. Hybrids with 
faster dehydration rates reduce the risk of spoilage under 
humid conditions, enabling greater flexibility in harvest 
timing and preserving grain quality without immedi-
ate drying interventions. In an era of increasing climate 
extremes, such resilient hybrids can stabilize yields and 
support food security, offering a proactive strategy to 
build adaptable agricultural systems capable of meeting 
future demands.

The identification of consistent QTLs and the discov-
ery of candidate genes offer promising targets for MAS. 
These genetic insights provide a basis for developing 
maize varieties that may be better suited for mechanized 
harvesting by potentially reducing GMC at harvest and 
increasing dehydration rates. Future research should 
focus on the functional validation of these candidate 
genes and their incorporation into breeding programs. By 
leveraging these genetic insights, breeders can develop 
maize varieties that not only meet the demands of mod-
ern agriculture but also contribute to more sustainable 
and efficient production systems. Nonetheless, the suc-
cessful translation of these findings into breeding appli-
cations will depend on continued research, validation, 
and optimization within real-world agricultural settings.

Conclusions
In this study, we developed a recombinant inbred line 
(RIL) population and constructed a corresponding 
genetic linkage map that spans 1237.36 cM and includes 
5235 bin markers using the Genotyping-by-Sequenc-
ing (GBS) approach. This map was used to evaluate 
grain moisture content (GMC) and grain dehydration 
rate (GDR) across three distinct environments at three 
developmental stages. A total of 23 QTLs for GMC and 
AUDDC were identified, distributed across chromo-
somes 1, 2, 5, 6, 9, and 10, with several QTLs accounting 
for more than 10% of the phenotypic variance. Nota-
bly, significant QTLs such as qGMC1.1, qGMC2.2, and 
qAUDDC2.2 were consistently detected across various 
environments and developmental stages. Transcriptomic 
analysis revealed 21 candidate genes within these QTL 
regions, including transcription factors, metabolism-
related genes, and others. These findings provide insights 
into the genetic basis of GMC and GDR, may contribute 
to the development of marker-assisted selection strate-
gies in maize breeding. However, further validation is 
needed to confirm the stability and effectiveness of the 
identified loci across different genetic backgrounds and 
environmental conditions before their potential applica-
tion in improving mechanized production efficiency.
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