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Abstract

Drought severely limits crop yield every year, making it critical to clarify the genetic basis
of drought tolerance for breeding of improved varieties. As drought tolerance is a com-
plex quantitative trait, we analyzed three phenotypic groups: (1) agronomic traits under
well-watered (WW) and water-deficit (WD) conditions, (2) stress tolerance indices of these
traits, and (3) phenotypic plasticity, using a multi-parent doubled haploid (DH) population
assessed in multi-environment trials. Genome-wide association studies (GWAS) identified
130, 171, and 71 quantitative trait loci (QTL) for the three groups of phenotypes, respectively.
Only one QTL was shared among all trait groups, 25 between stress indices and agronomic
traits, while the majority of QTL were specific to their group. Functional annotation of can-
didate genes revealed distinct pathways of the three phenotypic groups. Candidate genes
under WD conditions were enriched for stress response and epigenetic regulation, while
under WW conditions for protein synthesis and transport, RNA metabolism, and develop-
mental regulation. Stress tolerance indices were enriched for transport of amino/organic
acids, epigenetic regulation, and stress response, whereas plasticity showed enrichment for
environmental adaptability. Transcriptome analysis of 26 potential candidate genes showed
tissue-specific drought responses in leaves, ears, and tassels. Collectively, these results
indicated both shared and independent genetic mechanisms underlying drought tolerance,
providing novel insights into the complex phenotypes related to drought tolerance and
guiding further strategies for molecular breeding in maize.

Keywords: maize; drought tolerance; genome-wide association study; agronomic traits;
stress tolerance indices; phenotypic plasticity

1. Introduction

Maize (Zea mays L.) is one of the most important crops worldwide, being used as
resource for food, feed and biofuel [1-3]. The wide demand of maize makes grain yield a
major breeding goal. However, with global climate change and water shortage, drought
stress constitutes one of the major constraints to agriculture and causes serious crop yield
losses worldwide [4]. In maize, the most critical stages sensitive to drought stress are the pre-
flowering and flowering stages [5], followed by early vegetative stages and grain filling [6,7].
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Drought stress can severely affect the growth and development of maize, for example,
decreasing photosynthesis [8], leading to leaf wilting [9], decreased plant height [10],
delayed silking and increased anthesis-silking interval [11], decreased pollination and seed
setting rate, and consequently reducing maize yield [12,13]. In particular, a prolonged
drought during flowering and grain filling can lead to high yield losses [14]. Thus, it is
necessary to explore the genetic mechanisms underlying drought tolerance in order to
develop new drought-tolerant varieties.

Dissecting the genetic basis of drought tolerance is crucial for molecular breeding, but
drought tolerance is a highly quantitative trait. In the last decade, most QTL mapping
studies adopted the strategy to measure important agronomic traits under drought and
under well-watered conditions, revealing a large number of QTL [15-20]. In addition,
some of the studies developed stress tolerance indices for agronomic traits and selection of
drought-tolerant genotypes by calculating the relative difference or the ratio between water-
deficit and well-watered conditions [21]. Among the more than ten stress tolerance indices
developed to date [22,23], the stress tolerance index (STI) and the drought resistance index
(DRI) were shown to be stable and reliable [24-27]. In addition, most studies are based on
genotypic effect (G) for mapping, but only few have investigated genotype-by-environment
interaction (G xE) patterns. The identification of G xE interaction and its genetic basis
in multi-environmental trials can deepen the understanding of the genetic response to
drought [28]. Phenotypic variation among genotypes in different environments is assessed
as the degree of G xE interaction, which is also known as phenotypic plasticity [29]. Linear
plasticity (LP) of phenotypic plasticity can be quantified through the regression model
proposed by Finlay and Wilkinson [30] and some studies have explored the genetic ar-
chitecture of phenotypic plasticity by LP in crops [31-33]. Notably, diverse phenotypes
can reveal hidden drought tolerance candidate genes. Previous studies have explored the
genetic mechanisms and identified candidate genes associated with agronomic traits under
different water conditions, stress tolerance indices, and phenotypic plasticity. However,
almost no research has integrated these three aspects to explore their shared and unique
genetic architectures. This study therefore aims to dissect the common and distinct genetic
mechanisms underlying these three trait groups, thereby facilitating breeders to efficiently
develop high-yielding maize varieties with superior drought tolerance and adaptability.

Genome-wide association study (GWAS) is a powerful tool for detecting genomic poly-
morphisms associated with complex traits [34]. GWAS have successfully identified many
drought tolerance QTL and even genes in maize, such as ZmDnaJ-ZmNCED6 module [35],
ZmNAC080308 [36], ZmcPGM2 and ZmFAB1A [37], ZmEXPA4 [38], and ZmVPP1 [39].
GWAS are commonly performed with diversity panels, but multi-parental populations
are an attractive alternative as they offer a higher QTL detection power due to the more
balanced allele frequencies and a lower rate of false positive due to better controlled
population structure [40]. Thus, multi-parental populations can effectively combine the
advantages of biparental populations used for linkage mapping and diversity panels used
for association mapping and overcome their shortcomings. A large number of studies
have been published using different types of such multi-parental populations, such as the
nested association mapping (NAM) population [41-43], multiparent advanced generation
intercross (MAGIC) population [44,45], and random-open-parent association mapping
(ROAM) population [46,47]. These multi-parental populations still require a longer period
of time to establish. In contrast, multi-parental double haploid (DH) populations can greatly
shorten the breeding time. The DH technology has become an efficient alternative in maize
breeding as it allows to generate completely homozygous lines in just two generations [48].
Multi-parental DH populations were used for mapping of flowering time [49] and tolerance
to low phosphorus in maize [32].
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In this study, we evaluated seven agronomic traits under well-watered (WW) and
water-deficit (WD) conditions across two environments in a multi-parental DH population.
In addition, two stress tolerance indices (STI and DRI) and the phenotypic plasticity
were calculated in order to fully capture drought tolerance-related phenotypic diversity.
In particular, the objectives of this study were to (1) assess phenotypic variation under
two water conditions, (2) identify QTL and candidate genes associated with drought
tolerance through GWAS using the three trait groups, (3) compare functional annotations
of candidate genes via GO enrichment analysis to assess consistency and divergence in
biological pathways linked to drought response, and (4) examine expression patterns of
important candidate genes for the three phenotypic trait groups to further validate their
drought tolerance mechanisms. In summary, this study provides a better understanding
and novel insights into the genetic basis of drought tolerance, towards molecular breeding
for improving drought tolerance in maize.

2. Results
2.1. Phenotypic Variation and Heritability of Agronomic Traits

Best linear unbiased estimates (BLUEs) were calculated for each trait in two envi-
ronments with two water conditions (well-watered, WW, and water-deficit, WD). Seven
agronomic traits, namely plant height (PH), ear height (EH), ear length (EL), ear diame-
ter (ED), row number per ear (RNPE), kernel number per row (KNPR), and grain yield
per ear (GYPE), exhibited large phenotypic variation in two environments (Table 1). The
variation values of each trait under WD conditions were generally lower than those under
WW conditions. For example, the variation for the GYPE ranged from 29.9 to 253.0 g in
WW condition, while it ranged from 24.4 to 142.0 g in WD condition. For all traits, the
genetic variance and the genotype-by-environment interaction variance were significant.
For the ratio of the genotype-by-environment interaction variance ((Tée) and the genetic
variance (Ué), both WW and WD of ED showed the highest values above 0.50, followed
by GYPE (WD), which was the highest with 0.37. The genetic variance of all traits was
highly significant (p < 0.01). Under WW conditions, the heritability ranged from 0.58 for
ED to 0.88 for PH. Under WD conditions, the heritability ranged from 0.53 for GYPE to 0.80
for EH (Table 1). All traits showed approximately a normal distribution under both water
treatments (Figure 1a—g) and therefore do not need a transformation. In summary, there
were significant differences in the seven agronomic traits between WW and WD conditions
(p < 0.01), and all traits showed significantly higher values under WW than that under WD
conditions (Figure 1a—g). This illustrates the reliability and high quality of the phenotypic
data, which are consequently well suited for GWAS mapping.

Table 1. Descriptive statistics of phenotypic data in two environments.

Trait  Treatment Min Max Mean SD o Oz Ratio H?
PH WWwW 142.0 261.9 197.8 219 424.6 *** 15.4 ** 0.04 0.88
PH WD 121.7 222.7 172.0 20.1 277.1 *** 85.2 *** 0.31 0.71
EH WW 329 126.0 66.2 13.4 146.9 *** 227 *** 0.15 0.81
EH WD 29.5 104.6 57.6 10.7 90.4 *** 9.3 *#** 0.10 0.80
EL WW 10.0 21.1 15.2 1.9 3.0 *** 0.38 *** 0.13 0.82
EL WD 9.1 18.3 134 1.8 2.2 *** 0.67 *** 0.30 0.69
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Table 1. Cont.

Trait  Treatment Min Max Mean SD o3 0% Ratio H?
ED WW 3.3 5.3 4.3 0.33 0.07 *** 0.04 *** 0.57 0.58
ED WD 2.7 4.8 4.0 0.35 0.08 *** 0.04 *** 0.50 0.64

RNPE WW 114 19.2 15.2 1.5 1.6 *** 0.57 *** 0.35 0.72
RNPE WD 10.9 18.7 14.6 1.5 1.5 % 0.50 *** 0.33 0.69
KNPR WW 11.9 421 26.9 4.0 12.8 *** 1.5** 0.12 0.79
KNPR WD 114 36.4 239 42 12.4 *** 0.78 * 0.06 0.72
GYPE WW 29.9 253.0 108.5 26.4 555.9 **  122.6 *** 0.22 0.76
GYPE WD 24.4 142.0 75.7 18.4 179.1 *** 65.9 ** 0.37 0.53

Note: Min: minimum value; Max: maximum value; SD: standard deviation; ngl genetic variance; aéez the
genotype-by-environment interaction variance; Ratio: the ratio between 02, and ¢2; H2: broad-sense heritability
of the trait. ***: 0 < p < 0.0001; **: 0.0001 < p < 0.01; *: 0.01 < p < 0.05. PH: plant height (cm), EH: ear height (cm),
EL: ear length (cm), ED: ear diameter (cm), RNPE: row number per ear (count), KNPR: kernel number per row
(count), GYPE: grain yield per ear (g). WW: well-watered, WD: water-deficit.
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Figure 1. Distribution of seven agronomic traits of the multi-parental DH population under two
water treatments. (a) PH: plant height (cm), (b) EH: ear height (cm), (c) KNPR: kernel number per
row (count), (d) RNPE: row number per ear (count), (e) EL: ear length (cm), (f) ED: ear diameter
(cm), (g) GYPE: grain yield per ear (g). Note: the significance of the difference was calculated by
t-tests between the phenotypes under water-deficit (WD) and well-watered (WW) conditions for all
traits. The blue distribution represents the phenotypic BLUE value under WD conditions, and the
red distribution represents the phenotypic BLUE value under WW conditions.
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2.2. Correlation Analysis Among Agronomic Traits, Stress Tolerance Indices, and
Phenotypic Plasticity

The correlation analysis showed that the seven agronomic traits under WD condi-
tions were significantly positively correlated with their respective phenotype under WW
conditions (p < 0.001) across two environments, and the correlation coefficients were all
greater than 0.6, with the highest correlation coefficient of 0.88 between EH (WD) and
EH (WW), followed by PH (WD) and PH (WW) with 0.84. There was a significant pos-
itive correlation between PH and EH under WD and under WW conditions (p < 0.001).
Among the yield component traits, ED (WD) had the least significant correlation with other
traits (p < 0.001), it was only significantly positive correlated with RNPE and GYPE under
both water treatments, as well as with ED (WW). RNPE (WW) had the most significant
negative correlations with EH and EL under both water treatments, as well as with PH
(WW) (p < 0.05). Notably, GYPE (WW) was significantly positively correlated with all
other traits under both conditions (p < 0.05), GYPE (WD) also was significantly positively
correlated with other traits except EH (WW) (p < 0.05) (Figure 2). Regarding the single
environments, at Urumqi GYPE showed the most significant positive correlations with
other traits. GYPE (WD) was positively correlated with all traits except PH (WW) and
EH (WW) (p < 0.05). GYPE (WW) exhibited significant positive correlations with all traits
except RNPE (WW, WD) (p < 0.001). RNPE (WW) had the fewest significant positive
correlations with other traits (p < 0.05) (Figure S1). At the Yulin location, GYPE (WW) was
significantly positively correlated with all other traits, followed by GYPE (WD) (p < 0.05),
while RNPW (WW) showed the most negative correlations (p < 0.05) (Figure S2). Both
single- and multi-environment analyses confirmed that the trait GYPE is a representative
trait for drought tolerance.

Regarding the correlation between stress tolerance indices (DRI and STI) and lin-
ear plasticity (LP), PH (LP) and EH (LP) were highly significantly positively correlated
(p < 0.001), while the linear plasticity of EL, ED, RNPE, KNPR and GYPE was significantly
positively correlated with each other (p < 0.05). In addition, with the exception of KNPR,
the linear plasticity of all other traits was significantly positively correlated with their corre-
sponding STI indices (p < 0.01). Both EL (LP) and KNPR (LP) were significantly negatively
correlated with DRI of EL, ED, RNPE, KNPR and GYPE (p < 0.05), while GYPE (DRI) was
not correlated with any of them. PH (DRI, STI) and EH (DRI, STI) were all significantly
positively correlated with each other (p < 0.001). GYPE (STI) was significantly positively
correlated with STI and DRI of all traits (p < 0.01) (Figure S3), indicating that GYPE (STI)
was representative for the stress tolerance indices.

2.3. Phenotypic Plasticity Estimation Through Finlay—Wilkinson Regression

Finlay—Wilkinson Regression can be used to measure linear plasticity of phenotypic
plasticity by quantifying the individuals’ response to the environments. For ED, the largest
environmental effect was observed for the environment 19YL.WW with around 0.5, whereas
the smallest environmental effect was found for 1I9WLMQ.WD with a value of around —0.1.
The lines “LA511” and “LA490” showed a stronger response to the environment, with a
linear plasticity value of 1.40 and 1.36, respectively, which means that the ED increases by
1.40 and 1.36 cm per unit increase in environmental effect. The lines “LA118” and “LA133”,
by contrast, were the least responsive to the environment, with coefficients of 0.67 and 0.65,
respectively (Figure 3a). For GYPE, the environmental effect of 1I9YL.WW was the largest
with 25 and the environmental effect of 1I9WLMQ.WD was the smallest with about —20.
The lines “C72” and “LA361” showed a stronger response to the environment, with a linear
plasticity value of 3.31 and 3.20, respectively, illustrating that the GYPE increases by 3.31
and 3.20 for each unit increase in environmental effect, while the lines “1LA473” and “1.A49”
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had the lowest environmental response of 0.26 and 0.22, respectively (Figure 3b). This
showed that the environment has a great influence on the GYPE, indicating that the yield is
susceptible to the environment. For the remaining five traits, there was a large difference
in phenotypic plasticity (Figure S4), which reflects the complexity of plant responses to
environment. Therefore, further understanding of the genetic architecture underlying this
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Figure 2. Correlations based on the phenotypic BLUE values of seven agronomic traits under well-
watered (WW) and water-deficit (WD) conditions in the DH population. Note: *: p < 0.05; **: p <0.01,
***: p <0.001. In the upper right corner, the numbers of red or deep red indicate moderate or high
correlation, respectively. The red lines represent the trend of correlation in the lower left corner. PH:
plant height, EH: ear height, EL: ear length, ED: ear diameter, RNPE: row number per ear, KNPR:

kernel number per row, GYPE: grain yield per ear.
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the greater the linear plasticity of the individual. The solid blue line represents a slope of one. ED: ear
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2.4. Population Structure and Linkage Disequilibrium of the Multi-Parental DH Population

A total of 167,809 high-quality single nucleotide polymorphisms (SNPs) were assem-
bled and referenced to the B73_RefGen_v4 reference genome, after removing markers with
a minor allele frequency (MAF) < 0.05 or a missing rate > 20.0%. The highest number of
SNPs (26,928) was on chromosome 1, whereas the lowest number (12,561) was on chro-
mosome 10, but the SNP marker density was generally uniform across the whole genome
(Figure S5a,b). Cluster analysis revealed five groups (Figure 4a), which was consistent with
the genealogical information of the groups (Table S1). The first three principal components
explained 9.4%, 7.2% and 6.7% of the variation, and the first five principal components
jointly explained more than 30% of the variation. Using the first four principal components,
the population can be clearly classified into five groups (Figure 4b). The result of the
principal component analysis was consistent with the evolutionary tree and genealogical
information. Linkage disequilibrium (LD) decayed below r? = 0.2 after a physical distance
of about 250 Kb (Figure 4c), indicating the potential for high-resolution GWAS mapping.

2.5. Genome-Wide Association Study (GWAS) for Three Trait Groups

The result of the GWAS revealed a total of 372 QTL for the three groups of phenotypes
(seven agronomic traits under two water conditions, stress tolerance indices and phenotypic
plasticity), which were identified on all ten chromosomes (Figure 5a). In total, across traits,
69 significant associations were identified under WW conditions, 61 under WD conditions,
101 for STI, 70 for DRI and 71 for phenotypic plasticity (Table S2). The seven agronomic
traits are mainly divided into two major categories, the phenological traits (PH, EH) and
the yield components traits (KNPR, RNPE, EL, ED, GYPE).
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Figure 4. Population structure and linkage disequilibrium of the multi-parental DH population.
(a) Neighbor-joining tree, (b) principal component analysis, and (c) decay of linkage disequilibrium
with physical distance.

2.5.1. GWAS for Seven Agronomic Traits Under Water-Deficit (WD) and Well-Watered
(WW) Conditions

A total of 130 QTL were identified under two water conditions. Of the 61 QTL
identified under WD conditions, 13 were identified for the phenological traits of PH and
EH, the remaining were associated with the yield component traits. Among these QTL, EL
had most QTL with 21, while 6 QTL were found for ED, 7 for GYPE, 10 for KNPR, and 4
for RNPE (Figure S6a—g). In addition, 69 QTL were detected under WW conditions, 11 for
the phenological traits, the other 58 for the yield component traits. Interestingly, the GYPE
trait had the highest number of QTL, totaling 33, accounting for almost half of the QTL
found under WW conditions. In total, 2 QTL were associated with ED, 7 with EL, 9 with
KNPR, and 7 with RNPE (Figure S6h—n). Under WD conditions, the highest proportion
of phenotypic variation explained (PVE) was found for qWD20 (Chr10: 76.54-76.55 Mb)
associated with EL under WD, with 14.2%, and the —log;,(p) of this QTL was the highest
with 14.47. In total, there were 5 QTL with PVE greater than 10%, located on chromosomes
2,4, 7 and 10. For the WW condition, the PVE was the highest for qWW234 on chromosome
5 associated with GYPE (WW), with 17.6%. In total, three QTL located on chromosomes 3,
4, and 5, had more than 10% PVE under WW conditions (Table S2).

2.5.2. GWAS for Stress Tolerance Indices

A total of 171 QTL were identified for the stress tolerance indices, 101 of them for STI
and 70 for DRI. Among the STI QTL, 17 were for EH and 3 QTL for PH, and 81 QTL were
identified for the yield component traits. For STI, EL had the largest number of QTL with
30, 11 QTL were detected for STI of ED, 17 for GYPE, 12 for KNPR, and 11 for RNPE (Figure
S7a-g). The PVE of qSTI14 associated with STI of EH on chromosome 2 was highest with
17.7%. A total of four QTL have a PVE greater than 10% (Table S2). For DRI, there were 9
QTL for EH and 9 for PH, while for the yield component traits there were 52 QTL. Most of
the DRI QTL were again found for EL with 27, the remaining were 3 QTL for DRI of ED,
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12 for GYPE, 5 for KNPR, and 5 for RNPE (Figure S7h-n). The highest PVE was found for
gDRI58 on chromosome 3 associated with DRI of PH, explaining 14.8%. There were five
QTL with PVE greater than 10% (Table S2).
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Figure 5. Comparison of physical maps on 10 chromosomes with QTL signals for the agronomic traits
(BLUEs of two environments) under two waters conditions, stress tolerance indices and phenotypic
plasticity. (a) Distribution of QTL on 10 chromosomes for the three groups of traits. (b) Distribution
of QTL for the seven agronomic traits for the three group of phenotypes. (¢) Venn diagram of the
coincidence of the three trait groups. LP: phenotypic plasticity, Indices: stress tolerance indices,
BLUE: agronomic traits under two waters conditions. PH: plant height, EH: ear height, EL: ear length,
ED: ear diameter, KNPR: kernel number per row, RNPE: row number per ear, GYPE: grain yield
per ear.

2.5.3. GWAS for Phenotypic Plasticity

For the phenotypic plasticity, 71 QTL were identified. Three of them were found for
EH and two for PH, the remaining 66 QTL were detected for the yield component traits
(Figure S8a—g). GYPE had the largest number of QTL with 33, three were associated with
ED, 5 with EL, 18 with KNPR, and 7 with RNPE. The largest PVE (17.3%) was found for
qLP4 (chrl: 271.96-272.15 Mb) associated with EH. A total of nine QTL explained more
than 10% of the phenotypic variance, and these QTL were distributed on chromosomes 1,
2,5,9, and 10, respectively (Table S2).
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2.5.4. QTL Identified for Agronomic Traits, Stress Tolerance Indices and
Phenotypic Plasticity

Comparing the QTL results for the agronomic traits, the stress tolerance indices and
the phenotypic plasticity, the number of QTL was smallest for the phenotypic plasticity. For
example, there was only one QTL on chromosomes 3, 6 and 7 for plasticity, but more for
the other trait groups (Figure 5a). The mapping for the three groups of traits showed that,
except for GYPE and KNPR which had similar QTL numbers for the three trait groups, the
stress indices had the highest numbers QTL for all other traits, followed by the agronomic
traits (Figure 5b). These results indicated that more novel QTL could be identified by using
stress indices than by directly measuring traits, while the QTL for the phenotypic plasticity
were more difficult to detect.

Regarding all identified QTL, we found that only one QTL was co-localized among
the three trait groups, one was found for phenotypic plasticity and stress indices, three
were in common between phenotypic plasticity and agronomic traits, and 25 overlapped
between stress indices and agronomic traits (Figure 5c, Table S3). The results indicated that
the genetic mechanisms of the three groups of traits are different, but that stress indices
and agronomic traits may share some mechanisms.

2.6. Candidate Genes Functional Annotation

A total of 533 candidate genes were obtained for three groups of traits (Table S4),
among them, 86 for the WD condition, 91 for the WW condition, 112 and 134 for DRI and
STI, respectively, and 110 candidate genes were identified for the phenotypic plasticity
QTL. We performed Gene Ontology (GO) enrichment analysis of the candidate genes for
the three trait groups and compared the differences in significantly enriched items. For
the GO analysis, with p < 0.05 as the screening criterion, the top 20 enriched items were
selected according to the significance degree to draw the bubble chart (Figure 6a—d).

The GO analysis of candidate genes of the seven agronomic traits under WD con-
ditions (p < 0.05, Figure 6a) showed firstly that the enriched items were mainly in the
aspect of environmental stress responses (e.g., reactive oxygen species, salt stress, inorganic
substance, osmotic stress, hydrogen peroxide). Secondly, it was enriched in epigenetic reg-
ulation items like histone demethylation. In addition, some genes were enriched in protein
dynamics and the formation of complexes. Others were enriched in metabolism (lignin
metabolic) and enzyme activity (ent-copalyl diphosphate synthase activity). In conclusion,
these results indicated that cells regulate and maintain stability in response to environmen-
tal stress under WD conditions through stress responses, epigenetic modifications, protein
homeostasis regulation, and metabolic processes.

The GO analysis of candidate genes for the seven agronomic traits under WW con-
ditions (p < 0.05, Figure 6b) showed that most of the significantly enriched items can
be summarized as protein localization and transport. Secondly, a part of the significant
enrichment was in RNA modification and enzyme activity regulation. In addition, some
were enriched with cell development and differentiation, others were enriched in cellular
defense and dynamic balance. Under WW conditions, these results reflect the synergistic
mechanisms of cells in protein synthesis and localization, RNA metabolism, and develop-
mental regulation.

For the stress tolerance indices, the GO analysis (p < 0.05, Figure 6¢) revealed that most
of the candidate genes were significantly enriched in the transportation of amino acids and
organic acids. Secondly, some were mainly significantly enriched in histone modification
(H3K4/H3K36 demethylation) and epigenetic regulation, similar to the findings for the
QTL under WD conditions. In addition, some were mainly significantly enriched in terms
of enzyme activity and RNA modification, similar to the enrichment for WW conditions.
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Other candidate genes were significantly enriched in organelle functions and oxidative
stress responses. In short, these findings jointly revealed the synergistic mechanism of cells
in metabolite transport, epigenetic regulation, enzyme catalysis and stress response.
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Figure 6. GO significant enrichment analysis of candidate genes (p < 0.05). GO analysis of candidate
genes for (a) seven agronomic traits under WD conditions, (b) seven agronomic traits under WW
conditions, (c) stress tolerance indices, and (d) phenotypic plasticity.

The GO analysis of the candidate genes for the phenotypic plasticity QTL (p < 0.05,
Figure 6d) showed that firstly, they are mainly significantly enriched in terms of environ-
mental stress and adaptive responses (cold, high light intensity, UV, phosphate starvation),
this may be due to a series of complex response mechanisms to other stresses caused by
drought stress. Secondly, some were mainly significantly enriched in terms of metabolism
(long-chain fatty acid catabolic and GDP metabolic) and enzyme activity (xylanase activity
and guanylate kinase activity). In addition, some were significantly enriched in signal
transduction and molecular interactions, some are significantly enriched in the regulation
of cell growth and development, others were mainly reflected in the response and regula-
tion network through fine feedback with positive or negative regulation. These results for
linear plasticity reflect adaptive strategies to environmental fluctuations while maintaining
developmental balance.

2.7. Mining of Candidate Genes and Identification of Polymorphisms

A total of 12 maize-rice drought tolerance homologous genes were obtained for
the QTL for agronomic traits under two waters conditions, stress tolerance indices and
phenotypic plasticity (Table 2). Among them, four genes mapped for linear plasticity,
two co-localized with both stress tolerance indices and agronomic traits under WD, one
co-localized with stress tolerance indices of different traits, and two were identified only by
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DRI. Additionally, two were associated solely with agronomic traits under WD, and one
was related to under WW conditions.

Table 2. Important candidate genes homologous to rice drought tolerance genes within QTLs.

Gene Description Class Traits QTL H.omo.l o8y Reference
in Rice
Zm00001d4023262 Brick3 LP RNPE qLP65 OsDS8 [50]
Zm00001d028574 Protein phosphatase homolog5 LP EL qLP7 OsPP2C09 [51]
Zm00001d046501 AP2-EREBP-transcription factor 237 LP KNPR qLP62 OsWR1 [52]
Zm000014052847 WRKY-transcription factor 87 LP GYPE qLP26 OsWRKY30 [53]
Zm00001d016105 Pyrabactin resistance-like protein10 DRI PH qDRI59 OsPYL10 [54]
Zm00001d002545 MYB-related-transcription factor 20 DRI EL qDRI24 OsMYBR1 [55]
al . h 1 DRI EL qDRI19
Zm000014026501 utamine synthetase WD EH qWD13 OsGS2 [56]
Zm000014052738 HSF transcription factor 7 5\;% EII: 25\;%@21 OsHsfB2b [57]
Zm000014007962 G2-like-transcription factor 27 gg I%\\{IEE gg%g? OsHHO3 [58]
Zm000014051804 Glutamine synthetase5 WD EL qWD30 0sGS1;1 [59]
Zm00001d017294 Gibberellin 2-oxidase4 WD EL qWD35 GA20x6 [60]
Zm00001d011765 Methylsterol monooxygenase 2-2 WW GYPE qWW46 OsGL1-8 [61]

Note: EH: ear height, EL: ear length, RNPE: row number per ear, KNPR: kernel number per row, GYPE: grain
yield per ear. LP: Linear plasticity of phenotypic plasticity, DRI: drought resistance index, STI: stress tolerance
index, WD: water-deficit, WW: well-watered.

In addition, we found that the 243.47-244.31 Mb region on chromosome 2 was co-
located for both GYPE (WD, DRI, STI) and KNPR (WD, DRI, STI) traits (Table S5), which
co-located 8 QTL within 1 Mb and thus the largest number, making it an interesting target
for further studies. The region of 244.25-244.31 Mb chromosome 2 was associated with
GYPE (WD, DRI, STI) (Figure 7c), which overlapped the interval of 243.47-244.31 Mb for
KNPR (WD, DRI, STI) (Figure 7a). Furthermore, the LD plot revealed a strong LD within
this 0.84 Mb region. There were 24 candidate genes in this LD interval, among which one is
a homologous gene of a rice drought tolerance gene. In this LD interval, there are five SNPs
associated with KNPR and three associated with GYPE. Except for the SNP associated with
STI of GYPE having no significant difference between the two alleles, the significant SNPs
for KNPR (52_243,465,767, 52_243,906,771, S2_244,306,161) under WD condition, DRI of
KNPR (52_243,475,944) and STI of KNPR (52_244,302,606) showed significant differences
(p < 0.05) between the two alleles (Figure 7b). The SNP S2_244,306,161 was associated with
GYPE (WD, DRI) and had a significant effect (Figure 7d).

2.8. Analysis of Transcript Expression in Different Tissues and Under Drought Stress

The normalized logy(FPKM + 1) values from the public transcriptome datasets
(SRP062027) were displayed on the heat map (Figure 8). The transcriptome expres-
sion of 35 important candidate genes, including genes of promising LD intervals
(243.47-244.31 Mb) on chromosome 2 and maize-rice homologous genes of three groups
of phenotypes, were analyzed for their expression patterns during the four stages (V12,
V14, V16 and R1) of leaf, ear, and tassel tissues under drought stress, and the expression of
26 candidate genes was obtained by deleting the value of expression less than 2.
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Figure 7. Genome segments and polymorphism analysis on chromosome 2 co-localization of highly
associated hotpot QTL. (a) Zoom on the 243.47-244.31 Mb region associated with kernel number
per row (KNPR), (b) polymorphism analysis by boxplot for 5 SNPs (52_243,465,767, S2_243,906,771,
52_244,306,161, S2_243,475,944, S2_244,302,606) with significant effects (p < 0.05). (c) Locus zoom on
244.25-244.31 Mb region associated with grain yield per ear (GYPE). (d) Comparison of the allele
effect for SNP S2_244,306,161 associated with GYPE (WD, DRI) (p < 0.05). Note: Manhattan plot (top)
and LD heat map (bottom) of genome segments, the green dots represent —log;,(p) values greater
than the significant threshold of 3.74 and less than 4.04, while the red dots represent —log,,(p) values
greater than the significant threshold of 4.04. The ten chromosomes are represented by different
colors respectively. the x-axis of boxplot represents the two alleles for each associated SNP, while the
y-axis corresponds to BLUE values of the corresponding trait.

During drought stress, the results showed that there were five distributions: some
genes were highly expressed independently in leaf, ear or tassel, others were highly ex-
pressed in the ear and tassel, and the remaining genes were expressed irregularly in various
tissues (Figure 8). Among them, Zm000014028574 was most highly upregulated at vari-
ous stages of leaf and ear, it was 9.0 times as high under drought stress than under the
control in V12 leaf tissues. In addition, Zm00001d052738 showed a strong expression in
response to drought stress in R1 leaf and ear tissues, its expression level under drought
condition was 4.0 times higher than under normal conditions in R1 leaf, and the expres-
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sion level of drought stress in R1 ear tissues was 5.7 times that in normal conditions.
While Zm000014051804, Zm00001d007954, Zm00001d007962, and Zm00001d016105 had
been shown as a downregulated gene in response to drought at all stages of leaf tissue,
Zm00001d026501 was significantly upregulated in leaf tissue, but downregulated in tassel
and ear. The expression level of Zm00001d046501 was relatively high in the R1 stage of ear
tissue and was obviously downregulated when subjected to drought stress (Table S6).

Tissue [
Treatment [l H HE EE BB EEEDE
Stage ~n ~n ~=u
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Figure 8. Relative transcript abundance of 26 candidate genes at the four developmental stages (V12,
V14, V16, R1) of leaf, ear, and tassel tissues under control and drought stress conditions.

3. Discussion

3.1. Combining Agronomic Traits, Stress Tolerance Indices and Phenotypic Plasticity Provides a
New Vision for Drought Tolerance-Related Phenotypic Diversity

Drought tolerance is a complex quantitative trait that is regulated by numerous genes
with minor effects. Consequently, a comprehensive evaluation method is better suited to
assess this trait than a single phenotypic evaluation. In this study, we therefore combined
agronomic traits, stress tolerance indices, and phenotypic plasticity to conduct a compara-
tive analysis of QTL mapping in order to better understanding the genetic mechanism and
underlying genes of drought tolerance. First, mapping of agronomic traits aimed to analyze
the genetic control of agronomic traits under WD conditions. Previous studies had made
significant progress in identifying candidate genes associated with various agronomic traits
under WD conditions [62,63] and understanding the genetic basis behind their regulation.
In addition, drought stress significantly impacts various agronomic or physiological traits
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of maize, including plant height [64], ear height [65], anthesis to silking interval [11], kernel
row number [66], root traits [67], yield and its components [68], with the former traits
ultimately also affecting grain yield [69]. In this study, we selected these traits, including
the phenological traits PH and EH, and yield components traits (KNPR, RNPE, EL, ED,
GYPE) for GWAS. The seven agronomic traits all showed responses to drought stress. Thus,
phenological and yield component traits can be used as selection criteria since they are
key traits examined in drought tolerance studies [70,71]. In conclusion, these agronomic
traits can serve as targets for indirect selection for drought tolerance and can accelerate the
generation of maize lines with drought tolerance and excellent agronomic performance.

Stress tolerance indices like STI and DRI can quantify stress response, thereby trans-
forming complex stress responses into measurable genetic signals through growth or
physiological indices. Stress indices can be used to screen germplasm for high drought
tolerance, and provide targets for molecular marker-assisted breeding. Previous studies
were widely used different stress tolerance indices to map QTL of drought tolerance [72,73].
Nouraei et al. (2024), for example, evaluated the stress tolerance indices (STI) and identi-
fied candidate genes in wheat [24]. Zhang et al. (2023) identified 54 loci by the drought
resistance index (DRI) combined with GWAS in maize [26]. In the present study, we chose
the indices STI and DRI, which were calculated in each environment as the ratio of the two
treatments. The stress indices and the agronomic traits under the two water conditions had
25 co-located QTL (Figure 5c). This indicates that there are many multi-effect QTL between
stress indices and agronomic traits, and that they in part share genetic mechanisms. On
the other hand, 146 QTL were unique for the stress indices, indicating that stress indices
can serve to identify new drought tolerance-associated genomic regions. The combina-
tion of stress indices and agronomic traits can more accurately evaluate maize responses
to drought stress, and breeders can accelerate the selection of superior agronomic traits
combined with drought tolerance by using the co-localized genomic intervals.

The QTL for phenotypic plasticity is mainly used to explain the genotype and en-
vironment interaction (G xE) effect. The genotype-by-environment interaction plays an
important role in crops [31]. Phenotypic plasticity is a GxE effect in a broader sense,
which provides a basis for predicting phenotypic response under climate change, and
breeding of varieties adapted to a wide range of environmental conditions. However, so
far, our knowledge on the genetic mechanisms of G xE is very limited. Some studies of
phenotypic plasticity using linear plasticity (LP) were reported in maize [43], tomato [74]
and wheat [75]. In this study, the largest number of QTL for LP was identified for GYPE.
A total of 71 QTL were obtained for the LP of GYPE, while there were only 33 QTL for
GYPE itself. This indicates that GYPE has rich phenotypic plasticity variations that can be
further analyzed for genetics mechanisms. In general, however, less QTL were identified
for LP than for the agronomic traits or the stress indices, indicating that the mapping of
G xE is more difficult. In addition, phenotypic plasticity co-located one QTL with stress
indices and agronomic traits, and showed three overlapping QTL with the agronomic traits,
but the majority (94%) of the QTL for phenotypic plasticity are unique to GxE mapping.
This indicates that the genomic regions of G xE mapped by the phenotypic plasticity are
not identical with the location of the main genotype effects, and consequently, the corre-
sponding genetic mechanism are also different. Kusmec et al. (2017) results revealed that
candidate genes associated with mean phenotypic and plasticity phenotypic are structurally
and functionally distinct, suggesting independent genetic control [31]. Which is consistent
with our research findings.

In conclusion, the mapping of agronomic traits and stress indices can serve marker-
assisted breeding for abiotic stress tolerance, while the mapping of plasticity focuses on the
prediction of the ability to adapt to dynamic environments. The three trait groups jointly
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construct the genetic mechanism of plant adaptation and drought tolerance, providing
targets for precise breeding.

3.2. GO Enrichment Analysis of Candidate Genes Showed Significant Differences Between
Agronomic Traits, Stress Tolerance Indices and Phenotypic Plasticity

In this study, GO enrichment analysis was performed for candidate genes for the agro-
nomic traits under two water conditions, the stress tolerance indices and the phenotypic
plasticity. The results indicated the functional uniqueness of their respective candidate
genes. The candidate genes for agronomic traits under WD conditions mainly responded
to environmental stresses. This part of stress response was also mainly similar to the phe-
notypic plasticity in terms of environmental stress and adaptive responses. However, the
candidate genes of phenotypic plasticity mainly showed GO enrichment in the responses
to high light intensity, ultraviolet rays, cold and phosphate starvation. This might indicate
that sensitivity to other stress was induced during drought stress, resulting in the activation
of different stress response mechanisms. There were also some objective environmental
factors due to the differences in light intensity, temperature and soil fertility between the
fields in Urumgqi (WLMQ; 87°61" N, 43.79" E) and Yulin (YL; 109°45’' N, 38°16' E). Map-
ping of phenotypic plasticity reflects the complex response mechanism of plant drought
tolerance and adaptive responses. Lee et al. (2024) found that sufficient light intensity was
required for the drought responses in sweet basil [76]. Previous studies had shown that sup-
plementation of phosphate can effectively modulate drought-induced oxidative stress by
influencing antioxidant defense metabolism, which significantly improved drought stress
in rice seedlings [77]. Nagatoshi et al. (2023) found that mild drought reduces inorganic
phosphate levels in the leaves to activate the phosphate starvation response in soybean
plants in the field, and this plays an important role in plant growth under mild drought [78].
Sun et al. (2021) demonstrated that phosphate transporter MAPHT1,;7 enhanced phosphorus
accumulation and improved low phosphorus and drought tolerance [79]. The results of
phenotypic plasticity showed a unique response regulation, such as positive regulation
of response to extracellular stimulus, negative regulation of unidimensional cell growth,
or positive regulation of cellular response to phosphate starvation. This reflects its fine
coordination of environmental signals through responses to multiple environments.

Secondly, the candidate genes of agronomic traits under WD conditions are mainly
involved the demethylation of histones, this was similar for the stress tolerance indices, in-
dicating that epigenetic regulation has a unique response to the direct measurement of phe-
notypes and stress indices of drought stress response. Epigenetic modulation has emerged
as a major factor in the transcriptional regulation of drought stress-related genes [80].
Yadav et al. (2025), for example, found that DNA methylation at cytosine residues might
regulate drought-responsive genes under drought stress in chickpea [81]. Wang et al. (2021)
showed that the Jumonji domain-containing H3K9 demethylase JMJ27 positively regulates
drought stress responses through its histone demethylase activity in Arabidopsis [82].
These studies indicate that DNA methylation and/or histone modifications play a critical
role in plant tolerance to drought stress. The analysis of candidate gene for stress tolerance
indices suggests that these are involved in the transport of amino acids and organic acids,
involving the dynamic balance of membrane protein activity and metabolites, and may
be related to the regulation of metabolic intermediate products and energy metabolism
regulation. The plants will accumulate a large amount of amino acids under stress, and
these amino acids mainly act as osmolyte, regulation of ion transport, and detoxification
of heavy metals, and they also affect the synthesis and activity of some enzymes, gene
expression, and redox-homeostasis [83]. Diniz et al. (2020) found that amino acid and
carbohydrate metabolism were coordinated to maintain energetic balance during drought
in sugarcane [84]. Finally, the characteristics of candidate genes identified for agronomic
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trait under WW conditions are mainly reflected in protein synthesis and localization, RNA
metabolism, and cell development regulation related to growth. In summary, the GO
enrichment analysis reflected the different genetic mechanisms of the three trait groups in
response to water stress.

3.3. Drought Tolerance Candidate Genes Were Identified by GWAS at the Harvest Stage

Multi-parental populations are powerful tools for GWAS mapping studies [44,49].
For example, Diouf et al. (2020) effectively identified the candidate genes for flowering
time by using the average phenotype and phenotypic plasticity in a multi-parental tomato
population [74]. We identified 35 potential candidate genes for the QTL for phenotypic
plasticity, stress tolerance indices, and agronomic traits, all of which serve to further explore
the molecular mechanism of drought tolerance in maize. Our analysis of overlapping QTL
and the functional annotation results indicate that stress tolerance indices and agronomic
traits in part share genetic mechanisms, but most candidate genes of the three trait groups
are unique. Based on these findings, we recommend breeders prioritize candidate genes
from both shared QTL regions (between stress indices and agronomic traits) and plasticity-
specific loci for more precise trait improvement.

For GWAS analysis, we selected appropriate analysis models and relatively relaxed
significance thresholds, as well as established screening criteria for candidate genes to
ensure the reliability of the results. BLINK employs a multi-locus mixed model approach
that effectively controls for population structure and polygenic background, improving
detection power for true associations while reducing false positives [85]. Furthermore,
it can overcome limitations of single-locus models that favor large-effect loci [86]. The
conventional significance threshold in GWAS is highly stringent to control false positives
but often leads to false negatives by missing true associations with small to moderate
effects. Due to the use of multi-parental DH population, the genetic distances are relatively
close, and it is not a purely natural population, so we employed the suggestive significance
threshold approach [87]. In the process of screening drought-tolerant candidate genes,
firstly, rice and maize share ancestral genome structure in grass crops with strong conserva-
tion characteristics [88], and there are more studies on the drought-tolerant genes in rice,
which allows to identify their maize homologs. Secondly, considering that the LD intervals
with the largest number of co-localizations have a greater possibility of drought tolerance.

There were 11 maize-rice drought-tolerant homologous genes (Table 2), some genes
as transcription factors, such as WRKY, MYB and HSF, play important roles in drought
tolerance [53,55,57]. Among them, four candidate genes were only mapped by plasticity
indices. For example, Zm000014023262 (brk3) to be involved in the formation of epidermal
cells of leaves and the properly polarized divisions of stomatal subsidiary mother cells in
maize [89]. Its homologous gene DS8 has a similar function in rice, and affects drought sen-
sitivity by its involvement in leaf epidermal development and stomatal closure [50]. This
gene was obviously upregulated at the R1 stage of leaf tissue responding to drought stress
in transcriptome data. Zm00001d028574 encodes a protein phosphatase homolog that has
protein phosphatase 2C (PP2C) phosphase activity. Its homologous gene in rice, OsPP2C09,
is a negative regulator of ABA signaling, and plays an important role in drought resis-
tance [51]. Under drought stress, Zm00001d028574 increased significantly in leaf tissues and
showed the highest level expressed in the transcriptome. This expression was consistent
with previous studies [90]. In addition, two genes (Zm00001d016105 and Zm00001d002545)
were only located by DRI, while two (Zm00001d051804 and Zm00001d017294) also were
only located by agronomic traits under WD conditions. Among them, overexpression of
Zm00001d016105 (ZmPY10) significantly increased the susceptibility of transgenic plants
to ABA [91] and may improve drought tolerance of maize. Its homologous gene Os-
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PYL10 showed greater sensitivity to ABA in transgenic lines, and enhanced tolerance to
drought stress in rice [54]. In maize, this gene was found to be downregulated in leaf
tissue in response to drought stress in the transcriptome. The two genes, Zm00001d052738
and Zm000014026501, were candidate genes for co-localization of stress indices and agro-
nomic traits under WD conditions, which is consistent with the conclusion that stress
indices and agronomic traits share some genetic mechanisms in this study. For example,
Zm00001d052738 (ZmHsf11) associated with EL (STT and WD) trait, Qin et al. (2022) found
that ZmHsf11 decreased plant tolerance to heat stress by negatively regulating the expres-
sion of oxidative stress-related genes, increasing ROS levels and decreasing proline content
in maize [92]. Its homolog gene is OsHsfB2b, and OsHsfB2b-RNAi transgenic lines showed
significantly increased tolerance to drought stress in rice [57]. In the maize transcriptome,
it was upregulated 4-fold in the R1 phase of leaf tissue and 5.7-fold in the R1 phase of ear
tissue, this was consistent in the ear with the highly expression responding to drought
stress in previous studies [93]. This gene may therefore play an important role in the ear
for drought tolerance at the reproductive stage of maize.

There were 24 candidate genes contained in the LD (243.47-244.31 Mb) region on
chromosome 2, this interval contains co-localized QTL for both GYPE (WD, DRI, STI)
and KNPR (WD, DRI, STI), including agronomic traits and stress indices. There were
eight pleiotropic QTL within the 1 Mb (Table S5), indicating that this interval has a high
probability of influencing two trait groups. Through analysis, three key candidate genes
were finally determined. First, Zm00001d4007962 is a G2-like-transcription factor, associated
with GYPE (STI) and KNPR (STI). Previous studies reported that Zm00001d007962 was
identified as water and nitrogen responsive genes by co-expression network analysis [94].
Its homologous gene OsHHO3 regulates stomatal aperture by coordinating red light and
abscisic acid in rice, which plays an important role in drought tolerance [58]. In the maize
transcriptome, this gene was downregulated in leaf tissue in response to drought stress. In
addition, Zm00001d007949 and Zm00001d007951 are candidates for QTL associated with
KNPR under WD conditions. The lead SNP (52_243906771) is located in the intron of
Zm00001d007949 and close to Zm00001d007951. Zm00001d007949 (zap1) is a MADS-box
transcription factors with a broad range of differentiated functions involved in spikelet
and floral organ development [95]. Zm00001d007951 (ZmCK2a-1) encodes CK2 protein
kinase alphal that interacts with DEK58 and ZmSSF1 and these three proteins are essential
for seed development in maize [96]. In the transcriptome data, Zm00001d007949 was the
highest in the ear and not expressed in the leaf. Zm00001d007951 was all high in the leaf,
ear, and tassel tissues, but it was more prominent in the ear, and the response to drought
stress was slightly upregulated in all three tissues. Zm00001d007949 and Zm000014007951
were extremely related to ear development, which suggests that both might affect the
development of KNPR of the ear when subjected to drought stress.

Last, as for most QTL mapping studies, this study inherently has some limitations. A
larger population size could increase the QTL detection power and the mapping resolution,
and more environments might benefit GxE mapping. Nevertheless, in our study, the
heritability across environments was moderate to high and thus well suited for a pre-
liminary exploratory analysis as presented here. In the future, we plan to conduct more
refined QTL localization analyses on the extreme materials selected in this study in more
environments. In addition, the candidate genes presented here may include false positives
and consequently, their functions need to be further verified in the future.
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4. Materials and Methods
4.1. Plant Materials and Field Experiments

A multi-parental double haploid (DH) population of 196 lines derived from more than
30 breeding units (Table S1), which were elite lines with extensive genetic diversity from a
national joint breeding project (2016-2020) in China. They were broad and representative to
be used for GWAS in this study. The multi-parental DH population was grown in the 2019
season at different experimental stations in China, namely at Urumqi (WLMQ; 87°61’ N,
43°79" E) in Xinjiang and Yulin (YL; 109°45' N, 38°16’ E) in Shaanxi, the two environments
were designated 19WLMQ), 19YL. Urumgi and Yulin are key maize-producing regions in
Northwest China, where drought-tolerant hybrids are urgently needed. Poor water-holding
capacity and low fertility due to coarse-textured subsoil layers (sandy loam to loamy sand)
and classified as Aridisols in Urumgi, and the weather is a hyper-arid climate, with mean
low annual precipitation (~260 mm) and high evaporation (~2200 mm/year) (https://www.
cma.gov.cn/en/, accessed on 15 June 2025). In addition, soil type classified as Loessial
soil in Yulin, long-term over-cultivation has led to soil degradation and reduced water-use
efficiency. The weather is erratic annual precipitation (~400 mm) (http://sn.cma.gov.cn/,
accessed on 15 June 2025), with frequent mid-summer droughts during maize flowering
(July—August). The experimental design adopted an augmented alpha-design with two
replications within each environment. Each block consisting 20 plots with 18 lines and
2 control materials (Zheng58 and Chang?72), and each plot including two rows with 4 m in
length, and 0.55 m row spacing. Plant spacing was 0.20 m, achieving a planting density of
around 90,000 plants per hectare.

We have set up two types of treatments: the water area (well-watered, WW) and the dry
area (water-deficit, WD). The two treatments areas were placed 3 m wide isolation belts to
prevent water seepage, and a 5 m buffer zone was set up around the two treatments area to
minimize edge effects. Separate water meters were installed for each treatment to precisely
control irrigation volume. WW: Normal irrigation during the entire growth period, with a
total of 10 drip irrigations and an average of 600 m3/ha per irrigation. The WD treatment
period was imposed from late vegetative stage prior to tasseling until the end of the
flowering stage. During WD, the irrigation volume was 300 m3/ha, while the other periods
were the same as the normal treatment. Two treatments adopted drip irrigation under
plastic mulch with integrated water and fertilizer management, with fertilizer applications
split according to growth stages: basal compound fertilizer at planting, followed by urea at
other stages.

4.2. Phenotypic Evaluation

During the harvest period, eight plants with normal growth conditions were randomly
selected from each plot to assess phenological traits and calculate average values for plant
height (PH) and ear height (EH), which were measured using a calibrated extendable
ruler on the same day. The yield component traits, ear length (EL), ear diameter (ED),
row number per ear (RNPE), kernel number per row (KNPR), and grain yield per ear
(GYPE), were measured according to the number of plants with normal ear development
in each plot. GYPE was adjusted to a 14% moisture content and was the mean value of the
number of plants in a plot. To ensure data reliability, any ears with signs of disease, pest
damage, or abnormal development were excluded from measurement. The brief methods
and description of seven agronomic traits for the measure are listed in Table 3.
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Table 3. Description of the seven agronomic traits for drought tolerance in maize.

Class Traits Description Measuring Unit
Phenological PH The height from ground to the tassel tip centimeters (cm)
EH The height from ground to the node of the highest ear centimeters (cm)
Yield EL The length of maize ear from base to top centimeters (cm)
composition ED The diameter of the middle ear centimeters (cm)
RNPE The number of rows of complete ear count (rows/ear)

KNPR The kernel number per row count (grains/row)

GYPE The yield per ear as the mean value of the effective plants in the plot grams (g)

Note: For phenological traits, eight plants were randomly selected in the plot to measure the average value. For
the yield component traits, the average value was calculated according to the number of effective plants.

The stress tolerance indices were calculated as previously described, namely stress
tolerance index (STI) [25] and drought resistant index (DRI) [26]. They are defined as ratios
between the phenotypic BLUE value of a trait for a genotype under WD to WW condition.
These stress tolerance indices were computed for each measured trait in each environment
as follows:

STI = (Yd x Yw)/Ymuw?

DRI = (Yd/Yw) x (Yd/Ymd)

where Yd is the measured trait of a genotype tested under WD, Yw is measured trait of
the same genotype tested under WW conditions, Ymd is the average measured trait of all
genotypes under WS conditions, and Ymuw is the average measured trait of all genotypes
tested under WW conditions.

4.3. Statistical Analysis

First, the method of studentized residual razor was adopted to remove outliers in
the original data [97]. We calculated the best linear unbiased estimates (BLUESs) for each
measured trait by fitting a linear mixed model using the R package Imer [98]. The following
model was used under WW and WD conditions in each single environment: y = s + G + Rep
+ Block(Rep) + ¢, where y represents the phenotype observation value, y is the overall mean,
G the genotypic effect, Rep the effect of the replication, Block(Rep) the block effect nested
within the replication, and ¢ is the random error. The following model was used under WW
and WD conditions for the multi-environment analysis: y = 4 + G + E + GXE + Rep(E) +
Block(Rep(E)) + €, where y, u, G are the same as in the above model, E is the environmental
effect, G X E the interaction of the genotype-by-environment, Rep(E) the effects of replication
in a particular environment; Block(Rep(E)) the block effect within a specific replication in a
specific environment; ¢ is a random error.

The heritability of phenotypic data was estimated with the R package sommer [99]
and the formula proposed by Cullis et al. (2006) [100] with the unbalanced data under
multiple environmental conditions:

4
H2—1— BLIZJE
20¢

where Upy ;g was the mean variance of genetic prediction error, and Ué was the genetic
variance. Descriptive statistics of agronomic traits were calculated with R (version 4.3.1).
Considering that the phenotype is linearly additive, when using QTL mapping, normal-
ity display is required. The frequency distributions histogram of the agronomic traits
across two environments were visualized using R package ggplot2 (version 3.4.2) [101].
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Pearson’s correlation coefficients were drawn using the R package PerformanceAnalytics
(version 2.0.8).

4.4. Finlay-Wilkinson Regression Analysis

To estimate phenotypic plasticity, the sensitivities of an individual to the environ-
ment can be parameterized by Finlay—Wilkinson Regression [30]. The G x E effect was
decomposed by plasticity using Finlay-Wilkinson Regression as:

vij=p+8i+ (1+bi)hj+ejj

where y;; is the BLUE value of the ith line in the jth environment, g; is the genetic effect of the
ith line following the distribution g~N (0, K(ng), K is the relationship matrix, /; is the effect
of the jth environment following the distribution i~N (0, Ho?), where H is environments
of the covariance matrix, and ¢;; the error following the distribution e~N (0, I0?), the
term (1 + b;) can be interpreted as the linear plasticity of the ith line to the environment,
(1 + b;) represents the amount of phenotypic change per unit change in environmental
effects, where b~N (0, Ko?). The above model was solved in the R package FW [102] using
a Bayesian method.

4.5. Genotyping

The 196 DH lines were genotyped based on maize 48K liquid phase probe capture
technique. Heterozygous genotypes were considered as missing data, then the Beagle
(version 5.4) [103] software was used for filling. Using vcftools (version 0.1.16) [104] soft-
ware for quality control, individuals SNP with missing rate > 20%, and minor allele
frequency (MAF) < 5% were removed. Physical positions of the SNP markers were ob-
tained from the reference assembly B73 RefGen_v4 (https:/ /ftp.ensemblgenomes.ebi.ac.uk/
pub/plants/release-49/gff3/zea_mays/Zea_mays.B73_RefGen_v4.49.gff3.¢7, accessed on
9 February 2025). Finally, 167,809 high-quality SNPs were used for subsequent analyses.

4.6. Population Analysis and Linkage Disequilibrium (LD) Analysis

The high-quality SNPs were used for the phylogenetic tree, principal component
analysis (PCA), and linkage disequilibrium (LD) analysis. The genetic distances were
calculated by the function “Distance Matrix” of Tassel (version 5.2.90) [105], then we used
the function Neighbor Joining of “Create Tree” methods to construct the polygenetic tree,
and visualization was performed by the iTOL site (https:/ /itol.embl.de/, accessed on
9 February 2025). The PCA was calculated using PLINK (version1.9) [106] software, and
the component number was set to five. R package ggplot (version 3.4.2) [101] was used to
make the scatter plot. The LD decay with distance was calculated in PopLDdecay (version
3.40) [107], when 72 is equal to 0.2, the corresponding distance is the LD.

4.7. Genome-Wide Association Study

Genome-wide association study (GWAS) was conducted by combining phenotypic
data (across environments BLUE, stress tolerance indices, phenotypic plasticity) and geno-
type data. For GWAS, the BLINK model with PC was used in the R package GAPIT (version
3.0) [108]. The R package CMplot (version 3.6.2) [109] was used to plot the Manhattan and
QQ plots of the results of the association analysis. It was too strict to calculate the Bonferroni-
corrected threshold using all markers, as many were in strong LD with others, making them
redundant markers. The independent marker number was instead used and calculated
in the indep-pairwise module of PLINK (version 1.9) [106]. Finally, 10,910 independent
markers were obtained. The suggestive threshold to control the type I error rate was
global « = 0.10, then the significant threshold was —log;,(0.1/(10,910/(10 x 2))) = 3.74
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with chromosome-wide Bonferroni correction. With o« = 0.05, the significance threshold
was 4.04.

4.8. Candidate Gene Identification and Functional Analysis

The confidence intervals of QTL were obtained by the following steps: (1) the signifi-
cant SNPs were selected, (2) the distance between the physical location of the most signifi-
cant SNP and other SNPs was calculated. If the distance was less than LD 72 = 0.2 (250 Kb),
the smaller SNP was deleted, and the remaining SNP was called the lead SNP. (3) Taking
the lead SNP as the center, the boundary of LD %2 = 0.2 was calculated from left to right, and
the confidence intervals obtained by subtraction of the boundary distance was called the
QTL. Any two QTL for which the confidence intervals overlapped or the peak position was
within 1 Mb were regarded as pleiotropic QTL [32]. Then, to further identify the relation-
ships between genes and drought-related traits, gene ontology (GO) enrichment analysis
was performed using the online platform OmicShare (https:/ /www.omicshare.com/tools,
accessed on 9 February 2025) to investigate the functions of these genes, and the result was
drawn using the R package ggplot (version 3.4.2) [101].

The potential candidate genes of agronomic traits, stress tolerance indices and phe-
notypic plasticity were selected following two standards: (1) Genomic regions with most
pleiotropic QTL regions were considered as important candidate intervals as well as po-
tential candidate genes. (2) The maize-rice homology genes, maize genes orthologous
to rice drought tolerance genes, were identified by BLASTP sequence alignment. For
this, we downloaded rice drought tolerance genes with functional verification from the
China Rice Data Center (https://www.ricedata.cn/, accessed on 1 December 2024), and
extracted the protein sequences of these genes through the Rice Genome Annotation Project
(http:/ /rice.uga.edu/analyses_search_blast.shtml, accessed on 1 December 2024). The
BLASTP alignment of the maize-rice protein sequence was performed through the Phyto-
zome website (https://phytozome-next.jgi.doe.gov/, accessed on 1 December 2024). The
alignment criterion was Evalue < 1 x ¢~ 10 and identity > 40%.

4.9. Expression Analysis of Potential Candidate Genes

We conducted transcriptional analysis of the potential candidate genes in response to
drought stress and downloaded the public transcriptome datasets of the accession number
SRP062027 (NCBI Bio-project PRINA291919: GEO accession GSE71723) from Zea mays RNA-
seq database (https://plantrnadb.com/zmrna/, accessed on 1 December 2024) [110]. The
PRJNA291919 RNA-seq data was used to analyze the expression pattern in well-watered
and drought-stressed conditions and includes three tissues (leaf, ear, and tassel) at four
developmental stages (V12, V14, V18, and R1) [111]. The genes with the transcripts per
million (FPKM) values of >2 were considered to be expressed under water-deficit and
well-watered condition, and the FPKM values were used to construct a heatmap using the
R package pheatmap (version 1.0.12).

5. Conclusions

In this study, we performed GWAS analysis for drought tolerance in a multi-parental
population of maize. This identified 130 QTL for agronomic traits under two water condi-
tions, 71 for phenotypic plasticity, and 171 for stress tolerance indices. Among them, there
was only one overlapping between all three trait groups, while most of QTL were unique
for their group, indicating that the genetic mechanisms underlying the three trait groups
are different. GO enrichment analysis of candidate genes also suggested different genetic
mechanisms of these three groups of phenotypes in response to drought stress in maize. Col-
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lectively, our results provide further knowledge of the genetic control underlying drought
tolerance in maize and can assist future marker-based selection of drought-tolerant varieties.
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Author Contributions: Conceptualization, W.L.; methodology, W.L.; software, R.L.; validation, R.L.;
formal analysis, R.L.; investigation, R.L., Y.G., YW, D.L,, Y.Z,, X.Y. and L.L.; resources, W.L. and S.C.;
data curation, R.L. and W.L.; writing—original draft preparation, R.L.; writing—review and editing,
RL,YG,YW,DL,YZ,XY,LL,SC., TW. and W.L,; visualization, R.L.; supervision, W.L.; project
administration, W.L.; funding acquisition, R.L., W.L. and T.W. All authors have read and agreed to
the published version of the manuscript.

Funding: This research was funded by the PhD Scientific Research and Innovation Foundation of
Sanya Yazhou Bay Science and Technology City (HSPHDSRF-2023-05-007), Hainan Provincial Natural
Science Foundation of China (321MS067), the Science and Technology Innovation Team of Maize
Modern Seed Industry in Hebei (21326319D), the National Key Research and Development Program
of China (2022YFD1200802 and 2016YFD0101200), and the Deutsche Forschungsgemeinschaft (DFG,
German Research Foundation)—328017493/GRK 2366 (Sino-German International Research Training
Group AMAIZE-P).

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets generated during and/or analyzed during the current
study are available from the corresponding author upon reasonable request.

Acknowledgments: We appreciate Xiaoliang Liang (Xinjiang Academy of Agricultural Sciences)
and Xinghua Zhang (Northwest A&F University) for their great support to the field experiment.
We also thank the High-performance Computing Platform of China Agricultural University for
computing support.

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

References

1.  Chen, N,; Feng, Z.; Gao, H.; He, Q.; Zeng, W. Elucidating the influence and mechanism of different phenols on the properties,
food quality and function of maize starch. Food Chem. 2024, 449, 139191. [CrossRef] [PubMed]

2. Hartinger, T.; Gruber, T; Fliegerova, K,; Terler, G.; Zebeli, Q. Mixed ensiling with by-products and silage additives significantly
valorizes drought-impaired whole-crop corn. Anim. Feed Sci. Technol. 2024, 309, 115899. [CrossRef]

3.  Choudhary, M,; Singh, A.; Gupta, M.; Rakshit, S. Enabling technologies for utilization of maize as a bioenergy feedstock. Biofuels
Bioprod. Biorefining-Biofpr 2020, 14, 402-416. [CrossRef]

4. Tenorio Berrio, R.; Nelissen, H.; Inzé, D.; Dubois, M. Increasing yield on dry fields: Molecular pathways with growing potential.
Plant J. 2022, 109, 323-341. [CrossRef]

5. Saez-Cigarruista, A.; Morales-Guevara, D.; Gordon-Mendoza, R.; Jaen-Villarreal, J.; Franco-Barrera, J.; Ramos-Manzane, F.
Sensitivity of the corn (Zea mays L.) crop to different periods of controlled water deficit. Agron. Mesoam. 2024, 35, 55660. [CrossRef]

6. Ibrahim, A.IZ. Drought Tolerance Traits in Maize (Zea mays) at the Early Vegetative Growth Stage: Phenotyping and Gene
Discovery via Genome-Wide Association Mapping. Ph.D. thesis, The University of Wisconsin — Madison, Madison, WI, USA,
2017.

7. Qin, L.X,; Trouverie, J.; Chateau-Joubert, S.; Simond-C6te, E.; Thévenot, C.; Prioul, ].L. Involvement of the [vr2-invertase in the
perianth during maize kernel development under water stress. Plant Sci. 2004, 166, 371-379. [CrossRef]

8.  Dwryer, LM,; Stewart, D.W.,; Tollenaar, M. Analysis of maize leaf photosynthesis under drought stress. Can. J. Plant Sci. 1992, 72,
477-481. [CrossRef]

9. Zhang, L.; Tang, H.; Xie, X,; Sun, B.; Liu, C. A Quantitative Index for Evaluating Maize Leaf Wilting and Its Sustainable Application
in Drought Resistance Screening. Sustainability 2024, 16, 6129. [CrossRef]

10. Ma, X,; Feng, F.; Wei, H.; Mei, H.; Xu, K.; Chen, S.; Li, T,; Liang, X.; Liu, H.; Luo, L. Genome-Wide Association Study for Plant

Height and Grain Yield in Rice under Contrasting Moisture Regimes. Front. Plant Sci. 2016, 7, 1801. [CrossRef]


https://www.mdpi.com/article/10.3390/ijms26136285/s1
https://www.mdpi.com/article/10.3390/ijms26136285/s1
https://doi.org/10.1016/j.foodchem.2024.139191
https://www.ncbi.nlm.nih.gov/pubmed/38583396
https://doi.org/10.1016/j.anifeedsci.2024.115899
https://doi.org/10.1002/bbb.2060
https://doi.org/10.1111/tpj.15550
https://doi.org/10.15517/am.2024.55660
https://doi.org/10.1016/j.plantsci.2003.10.003
https://doi.org/10.4141/cjps92-059
https://doi.org/10.3390/su16146129
https://doi.org/10.3389/fpls.2016.01801

Int. J. Mol. Sci. 2025, 26, 6285 24 of 28

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

Tang, H.; Zhang, R.; Wang, M.; Xie, X.; Zhang, L.; Zhang, X.; Liu, C; Sun, B.; Qin, F; Yang, X. QTL mapping for flowering time in
a maize-teosinte population under well-watered and water-stressed conditions. Mol. Breed. 2023, 43, 67. [CrossRef]

Li, H,; Jiang, Y; Jia, S.; Zhao, G.; Wang, Y.; Yang, Q.; Liu, T.; Li, C; Shao, R. Research Progress on Drought Stress Affecting Ear and
Tassel Development of Maize. J. Maize Sci. 2020, 28, 90-95. [CrossRef]

Mehmood, M.; Tanveer, N.A.; Joyia, FA.; Ullah, I.; Mohamed, H.I. Effect of high temperature on pollen grains and yield in
economically important crops: A review. Planta 2025, 261, 141. [CrossRef]

Liu, S.; Qin, F. Genetic dissection of maize drought tolerance for trait improvement. Mol. Breed. 2021, 41, 8. [CrossRef]

Kumar, A.; Adhikari, S.; Joshi, A.; Singh, N.K.; Bharati, A.; Rohit, R.; Prasad, B.; Dinkar, V.; Singh, A. Study of co-localization
of QTL for drought tolerance of morphological traits in teosinte introgressed maize population. Cereal Res. Commun. 2024, 53,
821-832. [CrossRef]

Ziyomo, C.; Bernardo, R. Drought Tolerance in Maize: Indirect Selection through Secondary Traits versus Genomewide Selection.
Crop Sci. 2013, 53, 1269-1275. [CrossRef]

Amadu, M.K,; Beyene, Y.; Chaikam, V.; Tongoona, P.B.; Danquah, E.Y.; Ifie, B.E.; Burgueno, J.; Prasanna, B.M.; Gowda, M.
Genome-wide association mapping and genomic prediction analyses reveal the genetic architecture of grain yield and agronomic
traits under drought and optimum conditions in maize. BMC Plant Biol. 2025, 25, 135. [CrossRef]

Hu, X.; Wang, G.; Du, X.; Zhang, H.; Xu, Z.; Wang, J.; Chen, G.; Wang, B.; Li, X.; Chen, X; et al. QTL analysis across multiple
environments reveals promising chromosome regions associated with yield-related traits in maize under drought conditions.
Crop J. 2021, 9, 759-766. [CrossRef]

Chen, Z.; Cao, Z.; Tang, B.; Li, L. Mapping QTL for Several Drought Related Traits in Maize (Zea mays L.) under Field Condition.
Acta Agric. Boreali-Sin. 2012, 27, 79-86. [CrossRef]

Guo, J; Su, G.; Zhang, J.; Wang, G. Genetic analysis and QTL mapping of maize yield and associate agronomic traits under
semi-arid land condition. Afr. |. Biotechnol. 2008, 7, 1829-1838. [CrossRef]

Pour-Aboughadareh, A.; Yousefian, M.; Moradkhani, H.; Vahed, M.M.; Poczai, P.; Siddique, K.H.M. iPASTIC: An online toolkit to
estimate plant abiotic stress indices. Appl. Plant Sci. 2019, 7, €11278. [CrossRef]

Kumar, A.; Bharti, B.; Kumar, J.; Santosh; Singh, G.P; Jaiswal, J.P.; Prasad, R. Evaluation of drought tolerance indices for
identification of drought tolerant and susceptible genotypes in wheat (Triticum aestivum L.). Electron. ]. Plant Breed. 2020, 11,
727-734. [CrossRef]

Papathanasiou, F.; Dordas, C.; Gekas, F.; Pankou, C.; Ninou, E.; Mylonas, I.; Tsantarmas, K; Sistanis, I.; Sinapidou, E.; Lithourgidis,
A_; et al. The use of stress tolerance indices for the selection of tolerant inbred lines and their correspondent hybrids under normal
and water-stress conditions. In Proceedings of the 4th International Conference on Agriculture and Horticulture (AGRI) 2015,
Amsterdam, The Netherlands, 15-17 February 2015; pp. 274-275.

Nouraei, S.; Mia, M.S.; Liu, H.; Turner, N.C.; Yan, G. Genome-wide association study of drought tolerance in wheat (Triticum
aestivum L.) identifies SNP markers and candidate genes. Mol. Genet. Genom. 2024, 299, 22. [CrossRef] [PubMed]

Bhandari, R.; Paudel, H.; Alharbi, S.A.; Ansari, M.].; Poudel, M.R.; Neupane, M.P; Solanki, P.; Kushwaha, U.K.S. Evaluating stress
tolerance indices for their comparative validity to access terminal heat stress and heat drought tolerance of winter wheat (Triticum
aestivum L.) genotypes. J. Agric. Food Res. 2024, 18, 101506. [CrossRef]

Zhang, N.; Liu, B.; Ye, F,; Chang, J.; Zhou, Y,; Wang, Y.; Zhang, W.; Zhang, X.; Xu, S.; Xue, J. Molecular mechanisms of drought
resistance using genome-wide association mapping in maize (Zea mays L.). BMC Plant Biol. 2023, 23, 468. [CrossRef]

Djabali, Y.; Rincent, R.; Martin, M.-L.; Blein-Nicolas, M. Plasticity QTLs specifically contribute to the genotype x water availability
interaction in maize. Theor. Appl. Genet. 2023, 136, 228. [CrossRef]

Zhao, H.; Savin, KW.,; Li, Y,; Breen, E.J.; Maharjan, P; Tibbits, ].F; Kant, S.; Hayden, M.].; Daetwyler, H.D. Genome-wide
association studies dissect the G x E interaction for agronomic traits in a worldwide collection of safflowers (Carthamus tinctorius
L.). Mol. Breed. 2022, 42, 24. [CrossRef]

Bradshaw, A.D. Evolutionary Significance of Phenotypic Plasticity in Plants. Adv. Genet. 1965, 13, 115-155. [CrossRef]

Finlay, K.; Wilkinson, G. The analysis of adaptation in a plant-breeding programme. Aust. J. Agric. Res. 1963, 14, 742-764.
[CrossRef]

Kusmec, A.; Srinivasan, S.; Nettleton, D.; Schnable, P.S. Distinct genetic architectures for phenotype means and plasticities in Zea
mays. Nat. Plants 2017, 3, 715-723. [CrossRef]

Li, D.; Li, G.; Wang, H.; Guo, Y.; Wang, M.; Lu, X;; Luo, Z.; Zhu, X.; Weiss, T.M.; Roller, S.; et al. Genetic Dissection of Phosphorus
Use Efficiency and Genotype-by-Environment Interaction in Maize. Int. ]. Mol. Sci. 2022, 23, 13943. [CrossRef]

Wei, ].; Guo, T.; Mu, Q.; Alladassi, B.M.E.; Mural, R.V.; Boyles, R.E.; Hoffmann, L.; Hayes, C.M.; Sigmon, B.; Thompson, A.M.;
et al. Genetic and Environmental Patterns Underlying Phenotypic Plasticity in Flowering Time and Plant Height in Sorghum.
Plant Cell Environ. 2024, 1, 15213. [CrossRef] [PubMed]

Shenton, M. Plant GWAS. In Plant Omics: Advances in Big Data Biology; CABI: Tsukuba, Japan, 2022; pp. 181-189. [CrossRef]


https://doi.org/10.1007/s11032-023-01413-0
https://doi.org/10.13597/j.cnki.maize.science.20200213
https://doi.org/10.1007/s00425-025-04714-0
https://doi.org/10.1007/s11032-020-01194-w
https://doi.org/10.1007/s42976-024-00580-w
https://doi.org/10.2135/cropsci2012.11.0651
https://doi.org/10.1186/s12870-025-06135-3
https://doi.org/10.1016/j.cj.2020.10.004
https://doi.org/10.3969/j.issn.1000-7091.2012.01.015
https://doi.org/10.5897/AJB2008.000-5031
https://doi.org/10.1002/aps3.11278
https://doi.org/10.37992/2020.1103.120
https://doi.org/10.1007/s00438-024-02104-x
https://www.ncbi.nlm.nih.gov/pubmed/38430317
https://doi.org/10.1016/j.jafr.2024.101506
https://doi.org/10.1186/s12870-023-04489-0
https://doi.org/10.1007/s00122-023-04458-z
https://doi.org/10.1007/s11032-022-01295-8
https://doi.org/10.1016/S0065-2660(08)60048-6
https://doi.org/10.1071/AR9630742
https://doi.org/10.1038/s41477-017-0007-7
https://doi.org/10.3390/ijms232213943
https://doi.org/10.1111/pce.15213
https://www.ncbi.nlm.nih.gov/pubmed/39415476
https://doi.org/10.1079/9781789247534.0013

Int. J. Mol. Sci. 2025, 26, 6285 25 of 28

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Dong, A.; Wang, N.; Zenda, T.; Zhai, X.; Zhong, Y.; Yang, Q.; Xing, Y.; Duan, H.; Yan, X. ZmDnaJ-ZmNCED6 module positively
regulates drought tolerance via modulating stomatal closure in maize. Plant Physiol. Biochem. 2025, 218, 0981-9428. [CrossRef]
[PubMed]

Wang, N.; Cheng, M.; Chen, Y,; Liu, B.; Wang, X.; Li, G.; Zhou, Y,; Luo, P; Xi, Z.; Yong, H.; et al. Natural variations in the
non-coding region of ZmNAC080308 contributes maintaining grain yield under drought stress in maize. BMC Plant Biol. 2021, 21,
305. [CrossRef]

Wu, X; Feng, H.; Wu, D.; Yan, S.; Zhang, P.; Wang, W.; Zhang, J.; Ye, J.; Dai, G.; Fan, Y.; et al. Using high-throughput multiple
optical phenotyping to decipher the genetic architecture of maize drought tolerance. Genome Biol. 2021, 22, 185. [CrossRef]

Liu, B.; Zhang, B.; Yang, Z.; Liu, Y.;; Yang, S.; Shi, Y,; Jiang, C.; Qin, F. Manipulating ZmEXPA4 expression ameliorates the
drought-induced prolonged anthesis and silking interval in maize. Plant Cell 2021, 33, 2058-2071. [CrossRef]

Wang, X.; Wang, H.; Liu, S.; Ferjani, A.; Li, J.; Yan, J.; Yang, X.; Qin, F. Genetic variation in ZmVPP1 contributes to drought
tolerance in maize seedlings. Nat. Genet. 2016, 48, 1233-1241. [CrossRef]

Li, G.; Zhou, Y.-H,; Li, H.-F; Zhang, Y.-M. A multi-locus linear mixed model methodology for detecting small-effect QTLs for
quantitative traits in MAGIC, NAM, and ROAM populations. Comput. Struct. Biotechnol. |. 2023, 21, 2241-2252. [CrossRef]
[PubMed]

Edward, S.B.; James, B.H.; Peter, ].B.; Charlotte, B.A.; Patrick, ].B.; Chris, B.; Elhan, E.; Sherry, E-G.; Arturo, G.; Jeffrey, C.G.; et al.
The Genetic Architecture of Maize Flowering Time. Science 2009, 325, 714-718. [CrossRef]

Cook, ].P; McMullen, M.D.; Holland, ].B.; Tian, E; Bradbury, P.; Ross-Ibarra, J.; Buckler, E.S.; Flint-Garcia, S.A. Genetic Architecture
of Maize Kernel Composition in the Nested Association Mapping and Inbred Association Panels. Plant Physiol. 2012, 158, 824-834.
[CrossRef]

Tibbs-Cortes, L.E.; Guo, T.; Andorf, C.M.; Li, X; Yu, ]. Comprehensive identification of genomic and environmental determinants
of phenotypic plasticity in maize. Genome Res. 2024, 34, 1253-1263. [CrossRef]

Kover, PX.; Valdar, W.; Trakalo, J.; Scarcelli, N.; Ehrenreich, I.M.; Purugganan, M.D.; Durrant, C.; Mott, R. A Multiparent
Advanced Generation Inter-Cross to Fine-Map Quantitative Traits in Arabidopsis thaliana. PLoS Genet. 2009, 5, e1000551. [CrossRef]
Rida, S.; Maafi, O.; Lopez-Malvar, A.; Revilla, P; Riache, M.; Djemel, A. Genetics of Germination and Seedling Traits under
Drought Stress in a MAGIC Population of Maize. Plants 2021, 10, 1786. [CrossRef] [PubMed]

Xiao, Y.; Tong, H.; Yang, X.; Xu, S.; Pan, Q.; Qiao, F; Raihan, M.S.; Luo, Y;; Liu, H.; Zhang, X.; et al. Genome-wide dissection of the
maize ear genetic architecture using multiple populations. New Phytol. 2016, 210, 1095-1106. [CrossRef]

Chen, G; Xiao, Y.; Dai, S.; Dai, Z.; Wang, X.; Li, B.; Jaqueth, ].S.; Li, W,; Lai, Z.; Ding, ].; et al. Genetic basis of resistance to southern
corn leaf blight in the maize multi-parent population and diversity panel. Plant Biotechnol. J. 2023, 21, 506-520. [CrossRef]
[PubMed]

Swamy, N.; Kuchanur, PH.; Patil, A.; Zaidi, PH.; Vinayan, M.T.; Arunkumar, B.; Sowmya, H.C.; Dhanoji, M.M. Genetic gains for
heat stress tolerance in maize through integration of rapid cycle genomic selection and doubled haploid technology. Plant Arch.
2024, 24, 2700-2714. [CrossRef]

Fan, Z.; Lin, S.; Jiang, J.; Zeng, Y.; Meng, Y.; Ren, J.; Wu, P. Dual-Model GWAS Analysis and Genomic Selection of Maize Flowering
Time-Related Traits. Genes 2024, 15, 740. [CrossRef]

Huang, L.; Chen, L.; Wang, L.; Yang, Y,; Rao, Y; Ren, D.; Dai, L.; Gao, Y.; Zou, W.; Lu, X.; et al. A Nck-associated protein 1-like
protein affects drought sensitivity by its involvement in leaf epidermal development and stomatal closure in rice. Plant J. 2019, 98,
884-897. [CrossRef]

Miao, J.; Li, X; Li, X,; Tan, W.; You, A.; Wu, S.; Tao, Y.; Chen, C.; Wang, ].; Zhang, D.; et al. OsPP2C09, a negative regulatory factor
in abscisic acid signalling, plays an essential role in balancing plant growth and drought tolerance in rice. New Phytol. 2020, 227,
1417-1433. [CrossRef]

Wang, Y.; Wan, L.; Zhang, L.; Zhang, Z.; Zhang, H.; Quan, R.; Zhou, S.; Huang, R. An ethylene response factor OsWR1 responsive
to drought stress transcriptionally activates wax synthesis related genes and increases wax production in rice. Plant Mol. Biol.
2012, 78, 275-288. [CrossRef]

Shen, H.; Liu, C.; Zhang, Y.; Meng, X.; Zhou, X.; Chu, C.; Wang, X. OsWRKY30 is activated by MAP kinases to confer drought
tolerance in rice. Plant Mol. Biol. 2012, 80, 241-253. [CrossRef]

Verma, R K.; Kumar, V.V.S,; Yadav, S.K,; Pushkar, S.; Rao, M.V.; Chinnusamy, V. Overexpression of ABA Receptor PYL10 Gene
Confers Drought and Cold Tolerance to Indica Rice. Front. Plant Sci. 2019, 10, 01488. [CrossRef] [PubMed]

Yin, X.; Cui, Y.; Wang, M.; Xia, X. Overexpression of a novel MYB-related transcription factor, OsMYBR1I, confers improved
drought tolerance and decreased ABA sensitivity in rice. Biochem. Biophys. Res. Commun. 2017, 490, 1355-1361. [CrossRef]
[PubMed]

James, D.; Borphukan, B.; Fartyal, D.; Ram, B.; Singho, J.; Manna, M.; Sheri, V.; Panditi, V.; Yadav, R.; Achary, VM.M.; et al.
Concurrent Overexpression o f OsGS1;1 and OsGS2 Genes in Transgenic Rice (Oryza sativa L.): Impact on Tolerance to Abiotic
Stresses. Front. Plant Sci. 2018, 9, 786. [CrossRef]


https://doi.org/10.1016/j.plaphy.2024.109286
https://www.ncbi.nlm.nih.gov/pubmed/39571456
https://doi.org/10.1186/s12870-021-03072-9
https://doi.org/10.1186/s13059-021-02377-0
https://doi.org/10.1093/plcell/koab083
https://doi.org/10.1038/ng.3636
https://doi.org/10.1016/j.csbj.2023.03.022
https://www.ncbi.nlm.nih.gov/pubmed/37035553
https://doi.org/10.1126/science.1174276
https://doi.org/10.1104/pp.111.185033
https://doi.org/10.1101/gr.279027.124
https://doi.org/10.1371/journal.pgen.1000551
https://doi.org/10.3390/plants10091786
https://www.ncbi.nlm.nih.gov/pubmed/34579319
https://doi.org/10.1111/nph.13814
https://doi.org/10.1111/pbi.13967
https://www.ncbi.nlm.nih.gov/pubmed/36383026
https://doi.org/10.51470/PLANTARCHIVES.2024.v24.no.2.386
https://doi.org/10.3390/genes15060740
https://doi.org/10.1111/tpj.14288
https://doi.org/10.1111/nph.16670
https://doi.org/10.1007/s11103-011-9861-2
https://doi.org/10.1007/s11103-012-9941-y
https://doi.org/10.3389/fpls.2019.01488
https://www.ncbi.nlm.nih.gov/pubmed/31850010
https://doi.org/10.1016/j.bbrc.2017.07.029
https://www.ncbi.nlm.nih.gov/pubmed/28690154
https://doi.org/10.3389/fpls.2018.00786

Int. J. Mol. Sci. 2025, 26, 6285 26 of 28

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Xiang, J.; Ran, J.; Zou, J.; Zhou, X; Liu, A.; Zhang, X.; Peng, Y.; Tang, N.; Luo, G.; Chen, X. Heat shock factor OsHsfB2b negatively
regulates drought and salt tolerance in rice. Plant Cell Rep. 2013, 32, 1795-1806. [CrossRef]

Li, Q.; Zhou, L.; Chen, Y,; Xiao, N.; Zhang, D.; Zhang, M.; Wang, W.; Zhang, C.; Zhang, A.; Li, H.; et al. Phytochrome interacting
factor regulates stomatal aperture by coordinating red light and abscisic acid. Plant Cell 2022, 34, 4293-4312. [CrossRef]

Singh, K.K.; Ghosh, S. Regulation of glutamine synthetase isoforms in two differentially drought-tolerant rice (Oryza sativa L.)
cultivars under water deficit conditions. Plant Cell Rep. 2013, 32, 183-193. [CrossRef]

Lo, S.-F,; Ho, T-H.D,; Liu, Y.-L.; Jiang, M.-].; Hsieh, K.-T.; Chen, K.-T.; Yu, L.-C.; Lee, M.-H.; Chen, C.-y.; Huang, T.-P; et al. Ectopic
expression of specific GA2 oxidase mutants promotes yield and stress tolerance in rice. Plant Biotechnol. ]. 2017, 15, 850-864.
[CrossRef] [PubMed]

Islam, M.A_; Du, H.; Ning, J.; Ye, H.; Xiong, L. Characterization of GlossyI-homologous genes in rice involved in leaf wax
accumulation and drought resistance. Plant Mol. Biol. 2009, 70, 443-456. [CrossRef]

Nepolean, T.; Firoz, H.; Kanika, A.; Rinku, S.; Kaliyugam, S.; Swati, M.; Sweta, M.; Namratha, PM.; Sreelatha, D.; Rani, T.S,;
et al. Functional mechanisms of drought tolerance in subtropical maize (Zea mays L.) identified using genome-wide association
mapping. BMC Genom. 2014, 15, 1182. [CrossRef]

Khan, S.U.; Zheng, Y.; Chachar, Z.; Zhang, X.; Zhou, G.; Zong, N.; Leng, P.; Zhao, J. Dissection of Maize Drought Tolerance at the
Flowering Stage Using Genome-Wide Association Studies. Genes 2022, 13, 564. [CrossRef]

Jiang, L.; Fan, M.; Guo, ]J. QTL Analysis of Plant Height and Yield of Maize under Drought and Irrigation Condition. Acta Agric.
Boreali-Sin. 2007, 22, 86-90. [CrossRef]

Zhu, J.; Wang, X,; Sun, C.; Zhu, X.; Li, M.; Zhang, G,; Tian, Y.; Wang, Z. Mapping of QTL Associated with Drought Tolerance in a
Semi-Automobile Rain Shelter in Maize (Zea mays L.). Agric. Sci. China 2011, 10, 987-996. [CrossRef]

Kong, J.; Jiang, F; Shaw, R.K; Bi, Y;; Yin, X;; Pan, Y.; Gong, X.; Zong, H.; Ijaz, B.; Fan, X. Combined Genome-Wide Association
Study and Linkage Analysis for Mining Candidate Genes for the Kernel Row Number in Maize (Zea mays L.). Plants 2024, 13,
3308. [CrossRef]

Scharwies, ].D.; Clarke, T.; Zheng, Z.; Dinneny, A.; Birkeland, S.; Veltman, M.A.; Sturrock, C.J.; Banda, J.; Torres-Martinez, H.-H.;
Viana, W.G.; et al. Moisture-responsive root-branching pathways identified in diverse maize breeding germplasm. Science 2025,
387, 666—673. [CrossRef]

Nikolic, A.; Andjelkovic, V.; Dodig, D.; Mladenovic Drinic, S.; Kravic, N.; Ignjatovic-Micic, D. Identification of QTLs for drought
tolerance in maize, II: Yield and yield components. Genetika 2013, 45, 341-350. [CrossRef]

Li, R;; Wang, Y,; Li, D.; Guo, Y;; Zhou, Z.; Zhang, M.; Zhang, Y.; Wuerschum, T.; Liu, W. Meta-Quantitative Trait Loci Analysis and
Candidate Gene Mining for Drought Tolerance-Associated Traits in Maize (Zea mays L.). Int. ]. Mol. Sci. 2024, 25, 4295. [CrossRef]
[PubMed]

Machado, I.P.; de Pontes, FE.C.E,; Silveira, M.V.d.S.; Lobo, A.L.A.; Siqueira, M.].S.; Fritsche-Neto, R.; Dovale, J.C. Unveiling
early-stage responses of sensitive traits to water stress in tropical maize: A characterization study of a public panel. Euphytica
2025, 221, 2. [CrossRef]

Lisboa, LP; McMechan, A J.; Elmore, R.W.; Proctor, C.A.; Geyer, A.; Thomison, P; Lindsey, A.; Zarnstorff, M.; Houx, J.; Ortez, O.A.
Popcorn stand reduction in the United States Midwest: Insights on plant traits and grain yield. Field Crops Res. 2025, 329, 109955.
[CrossRef]

Salarpour, M.; Abdolshahi, R.; Pakniyat, H.; Heidari, B.; Aminizadeh, S. Mapping quantitative trait loci for drought toler-
ance/susceptibility indices and estimation of breeding values of doubled haploid lines in wheat (Triticum aestivum). Crop Pasture
Sci. 2021, 72, 500-513. [CrossRef]

Jaishreepriyanka, R.; Ravikesavan, R.; Iyanar, K.; Uma, D.; Senthil, N. Exploring the usefulness of drought tolerance indices in
screening of maize inter-racial derivatives. Electron. |. Plant Breed. 2024, 15, 592-603. [CrossRef]

Diouf, I; Derivot, L.; Koussevitzky, S.; Carretero, Y.; Bitton, F.; Moreau, L.; Causse, M. Genetic basis of phenotypic plasticity and
genotype x environment interactions in a multi-parental tomato population. J. Exp. Bot. 2020, 71, 5365-5376. [CrossRef] [PubMed]
Fatiukha, A.; Deblieck, M.; Klymiuk, V.; Merchuk-Ovnat, L.; Peleg, Z.; Ordon, F.; Fahima, T.; Korol, A.; Saranga, Y.; Krugman, T.
Genomic Architecture of Phenotypic Plasticity in Response to Water Stress in Tetraploid Wheat. Int. ]. Mol. Sci. 2021, 22, 1723.
[CrossRef]

Lee, G.; Kim, ]J. Sufficient Light Intensity Is Required for the Drought Responses in Sweet Basil (Ocimum basilicum L.). Agronomy
2024, 14, 2101. [CrossRef]

Barbhuiya, L.H.; Moulick, D.; Hossian, A.; Choudhury, S. Role of phosphate in drought stress regulation in developing rice (Oryza
sativa L.) seedlings. Cereal Res. Commun. 2024, 52, 531-544. [CrossRef]

Nagatoshi, Y.; Ikazaki, K.; Kobayashi, Y.; Mizuno, N.; Sugita, R.; Takebayashi, Y.; Kojima, M.; Sakakibara, H.; Kobayashi, N.I;
Tanoi, K.; et al. Phosphate starvation response precedes abscisic acid response under progressive mild drought in plants. Nat.
Commun. 2023, 14, 5047. [CrossRef] [PubMed]


https://doi.org/10.1007/s00299-013-1492-4
https://doi.org/10.1093/plcell/koac244
https://doi.org/10.1007/s00299-012-1353-6
https://doi.org/10.1111/pbi.12681
https://www.ncbi.nlm.nih.gov/pubmed/27998028
https://doi.org/10.1007/s11103-009-9483-0
https://doi.org/10.1186/1471-2164-15-1182
https://doi.org/10.3390/genes13040564
https://doi.org/10.7668/hbnxb.2007.04.020
https://doi.org/10.1016/S1671-2927(11)60085-0
https://doi.org/10.3390/plants13233308
https://doi.org/10.1126/science.ads5999
https://doi.org/10.2298/GENSR1302341N
https://doi.org/10.3390/ijms25084295
https://www.ncbi.nlm.nih.gov/pubmed/38673880
https://doi.org/10.1007/s10681-024-03448-6
https://doi.org/10.1016/j.fcr.2025.109955
https://doi.org/10.1071/CP20526
https://doi.org/10.37992/2024.1503.080
https://doi.org/10.1093/jxb/eraa265
https://www.ncbi.nlm.nih.gov/pubmed/32474596
https://doi.org/10.3390/ijms22041723
https://doi.org/10.3390/agronomy14092101
https://doi.org/10.1007/s42976-023-00400-7
https://doi.org/10.1038/s41467-023-40773-1
https://www.ncbi.nlm.nih.gov/pubmed/37598175

Int. J. Mol. Sci. 2025, 26, 6285 27 of 28

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.
102.

103.

104.

105.

Sun, T.; Zhou, B.; Pei, T.; Meng, H.; Zhang, ]J.; Ma, E; Wei, Q. Phosphate Transporter MdPHT1;7 Enhances Phosphorus
Accumulation and Improves Low Phosphorus and Drought Tolerance. . Plant Biol. 2021, 64, 403—416. [CrossRef]

Aanniz, T.; El Baaboua, A.; Aboulaghras, S.; Bouyahya, A.; Benali, T.; Balahbib, A.; El Omari, N.; Butnariu, M.; Muzammil, K,;
Yadav, K.K.; et al. Impact of water stress to plant epigenetic mechanisms in stress and adaptation. Physiol. Plant. 2025, 177, €70058.
[CrossRef]

Yadav, S.; Kalwan, G.; Gill, S.S.; Jain, PK. The ABC transporters and their epigenetic regulation under drought stress in chickpea.
Plant Physiol. Biochem. PPB 2025, 223, 109903. [CrossRef] [PubMed]

Wang, Q.; Liu, P; Jing, H.; Zhou, X.E; Zhao, B.; Li, Y,; Jin, J.B. JMJ27-mediated histone H3K9 demethylation positively regulates
drought-stress responses in Arabidopsis. New Phytol. 2021, 232, 221-236. [CrossRef]

Rai, V.K. Role of amino acids in plant responses to stresses. Biol. Plant. 2002, 45, 481-487. [CrossRef]

Diniz, A.L.; Rodrigues da Silva, D.I.; Lembke, C.G.; Lamas Costa, M.D.-B.; ten-Caten, F,; Li, F; Vilela, R.D.; Menossi, M.; Ware, D.;
Endres, L.; et al. Amino Acid and Carbohydrate Metabolism Are Coordinated to Maintain Energetic Balance during Drought in
Sugarcane. Int. J. Mol. Sci. 2020, 21, 9124. [CrossRef] [PubMed]

Huang, M.; Liu, X.; Zhou, Y.; Summers, R M.; Zhang, Z. BLINK: A package for the next level of genome-wide association studies
with both individuals and markers in the millions. Gigascience 2019, 8, giy154. [CrossRef] [PubMed]

Liu, F; Zhang, J.; Zhao, Y.; Schmidt, R.H.; Mascher, M.; Reif, ].C.; Jiang, Y. A comprehensive overview and benchmarking analysis
of fast algorithms for genome-wide association studies. bioRxiv 2023, 1-46. [CrossRef]

Pe’er, I; Yelensk, R.; Altshuler, D.; Daly, M.]. Estimation of the multiple testing burden for genomewide association studies of
nearly all common variants. Genet. Epidemiol. 2008, 32, 381-385. [CrossRef]

Schnable, P.S.; Ware, D.; Fulton, R.S.; Stein, ].C.; Wei, E; Pasternak, S.; Liang, C.; Zhang, J.; Fulton, L.; Graves, T.A.; et al. The B73
Maize Genome: Complexity, Diversity, and Dynamics. Science 2009, 326, 1112-1115. [CrossRef]

Frank, M.].; Cartwright, H.N.; Smith, L.G. Three Brick genes have distinct functions in a common pathway promoting polarized
cell division and cell morphogenesis in the maize leaf epidermis. Development 2003, 130, 753-762. [CrossRef]

Ren, W,; Shi, Z.; Zhao, Y.; Zhang, Q.; Zhou, M.; Cheng, C.; Liu, M.; Zhao, B.; Guo, Y.; Du, H,; et al. Transcriptional analysis of
maize elite inbred line Jing24 and the function of ZmMAPKKK21 in the response to drought stress. Agric. Commun. 2024, 2,
100063. [CrossRef]

He, Z.; Zhong, ].; Sun, X.; Wang, B.; Terzaghi, W.; Dai, M. The Maize ABA Receptors ZmPYLS, 9, and 12 Facilitate Plant Drought
Resistance. Front. Plant Sci. 2018, 9, 422. [CrossRef] [PubMed]

Qin, Q.; Zhao, Y.; Zhang, J.; Chen, L.; Si, W,; Jiang, H. A maize heat shock factor ZmHsf11 negatively regulates heat stress tolerance
in transgenic plants. BMC Plant Biol. 2022, 22, 406. [CrossRef]

Wang BaoMei, W.B,; Liu Can, L.C.; Zhang DengFeng, Z.D.; He ChunMei, H.C.; Zhang JuRen, Z.].; Li ZhaoXia, L.Z. Effects of
maize organ-specific drought stress response on yields from transcriptome analysis. BMC Plant Biol. 2019, 19, 335. [CrossRef]
He, K.; Zhang, Y.; Ren, W.; Chen, P; Liu, J.; Mi, G.; Chen, F,; Pan, Q. QTL mapping and transcriptome analysis identify candidate
genes influencing water-nitrogen interaction in maize. Crop J. 2023, 11, 1872-1883. [CrossRef]

Xie, P; Wu, Y,; Xie, Q. Evolution of cereal floral architecture and threshability. Trends Plant Sci. 2023, 28, 1438-1450. [CrossRef]
[PubMed]

Ma, B; Liu, H.; Xiu, Z.-h.; Yang, H.-h.; Wang, H.; Wang, Y.; Tan, B.-C. Defective kernel 58 encodes an Rrp15p domain-containing
protein essential to ribosome biogenesis and seed development in maize. New Phytol. 2024, 241, 1662-1675. [CrossRef] [PubMed]
Bernal-Vasquez, A.-M.; Utz, H.E,; Piepho, H.-P. Outlier detection methods for generalized lattices: A case study on the transition
from ANOVA to REML. Theor. Appl. Genet. 2016, 129, 787-804. [CrossRef] [PubMed]

Bates, D.; Maechler, M.; Bolker, B.M.; Walker, S.C. Fitting Linear Mixed-Effects Models Using Ime4. J. Stat. Softw. 2015, 67, 1-48.
[CrossRef]

Covarrubias-Pazaran, G. Genome-Assisted Prediction of Quantitative Traits Using the R Package sommer. PLoS ONE 2016, 11,
e0156744. [CrossRef]

Cullis, B.R.; Smith, A.B.; Coombes, N.E. On the design of early generation variety trials with correlated data. J. Agric. Biol. Environ.
Stat. 2006, 11, 381-393. [CrossRef]

Wickham, H. ggplot2: Elegant Graphics for Data Analysis; Springer: New York, NY, USA, 2009. [CrossRef]

Lian, L.; DeLosCampos, G. FW: An R Package for Finlay-Wilkinson Regression that Incorporates Genomic/Pedigree Information
and Covariance Structures Between Environments. G3 Genes Genomes Genet. 2016, 6, 589-597. [CrossRef]

Browning, B.L.; Tian, X.; Zhou, Y.; Browning, S.R. Fast two-stage phasing of large-scale sequence data. Am. . Hum. Genet. 2021,
108, 1880-1890. [CrossRef]

Danecek, P; Auton, A.; Abecasis, G.; Albers, C.A.; Banks, E.; DePristo, M.A.; Handsaker, R.E.; Lunter, G.; Marth, G.T.; Sherry, S.T.;
et al. The variant call format and VCFtools. Bioinformatics 2011, 27, 2156-2158. [CrossRef]

Bradbury, PJ.; Zhang, Z.; Kroon, D.E.; Casstevens, T.M.; Ramdoss, Y.; Buckler, E.S. TASSEL: Software for association mapping of
complex traits in diverse samples. Bioinformatics 2007, 23, 2633-2635. [CrossRef]


https://doi.org/10.1007/s12374-021-09309-2
https://doi.org/10.1111/ppl.70058
https://doi.org/10.1016/j.plaphy.2025.109903
https://www.ncbi.nlm.nih.gov/pubmed/40215731
https://doi.org/10.1111/nph.17593
https://doi.org/10.1023/A:1022308229759
https://doi.org/10.3390/ijms21239124
https://www.ncbi.nlm.nih.gov/pubmed/33266228
https://doi.org/10.1093/gigascience/giy154
https://www.ncbi.nlm.nih.gov/pubmed/30535326
https://doi.org/10.1101/2023.12.05.570105
https://doi.org/10.1002/gepi.20303
https://doi.org/10.1126/science.1178534
https://doi.org/10.1242/dev.00290
https://doi.org/10.1016/j.agrcom.2024.100063
https://doi.org/10.3389/fpls.2018.00422
https://www.ncbi.nlm.nih.gov/pubmed/29670640
https://doi.org/10.1186/s12870-022-03789-1
https://doi.org/10.1186/s12870-019-1941-5
https://doi.org/10.1016/j.cj.2023.09.001
https://doi.org/10.1016/j.tplants.2023.08.003
https://www.ncbi.nlm.nih.gov/pubmed/37673701
https://doi.org/10.1111/nph.19460
https://www.ncbi.nlm.nih.gov/pubmed/38058237
https://doi.org/10.1007/s00122-016-2666-6
https://www.ncbi.nlm.nih.gov/pubmed/26883044
https://doi.org/10.18637/jss.v067.i01
https://doi.org/10.1371/journal.pone.0156744
https://doi.org/10.1198/108571106X154443
https://doi.org/10.1007/978-0-387-98141-3
https://doi.org/10.1534/g3.115.026328
https://doi.org/10.1016/j.ajhg.2021.08.005
https://doi.org/10.1093/bioinformatics/btr330
https://doi.org/10.1093/bioinformatics/btm308

Int. J. Mol. Sci. 2025, 26, 6285 28 of 28

106.

107.

108.

109.

110.

111.

Purcell, S.; Neale, B.; Todd-Brown, K.; Thomas, L.; Ferreira, M.A.R.; Bender, D.; Maller, J.; Sklar, P.; de Bakker, P1.W.; Daly, M.].;
et al. PLINK: A tool set for whole-genome association and population-based linkage analyses. Am. J. Hum. Genet. 2007, 81,
559-575. [CrossRef]

Zhang, C.; Dong, S.-S.; Xu, J.-Y.; He, W.-M.; Yang, T.-L. PopLDdecay: A fast and effective tool for linkage disequilibrium decay
analysis based on variant call format files. Bioinformatics 2019, 35, 1786-1788. [CrossRef] [PubMed]

Wang, J.; Zhang, Z. GAPIT Version 3: Boosting Power and Accuracy for Genomic Association and Prediction. Genom. Proteom.
Bioinform. 2021, 19, 629-640. [CrossRef] [PubMed]

Yin, L.; Zhang, H.; Tang, Z.; Xu, J.; Yin, D.; Zhang, Z.; Yuan, X.; Zhu, M.; Zhao, S.; Li, X,; et al. rtMVP: A Memory-efficient,
Visualization-enhanced, and Parallel-accelerated Tool for Genome-wide Association Study. Genom. Proteom. Bioinform. 2021, 19,
619-628. [CrossRef] [PubMed]

Yu, Y.; Zhang, H.; Long, Y.; Shu, Y.; Zhai, J. Plant Public RNA-seq Database: A comprehensive online database for expression
analysis of ~45 000 plant public RNA-Seq libraries. Plant Biotechnol. |. 2022, 20, 806-808. [CrossRef]

Thatcher, S.R.; Danilevskaya, O.N.; Meng, X.; Beatty, M.; Zastrow-Hayes, G.; Harris, C.; Van Allen, B.; Habben, J.; Li, B. Genome-
Wide Analysis of Alternative Splicing during Development and Drought Stress in Maize. Plant Physiol. 2016, 170, 586-599.
[CrossRef]

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/10.1086/519795
https://doi.org/10.1093/bioinformatics/bty875
https://www.ncbi.nlm.nih.gov/pubmed/30321304
https://doi.org/10.1016/j.gpb.2021.08.005
https://www.ncbi.nlm.nih.gov/pubmed/34492338
https://doi.org/10.1016/j.gpb.2020.10.007
https://www.ncbi.nlm.nih.gov/pubmed/33662620
https://doi.org/10.1111/pbi.13798
https://doi.org/10.1104/pp.15.01267

	Introduction 
	Results 
	Phenotypic Variation and Heritability of Agronomic Traits 
	Correlation Analysis Among Agronomic Traits, Stress Tolerance Indices, and Phenotypic Plasticity 
	Phenotypic Plasticity Estimation Through Finlay–Wilkinson Regression 
	Population Structure and Linkage Disequilibrium of the Multi-Parental DH Population 
	Genome-Wide Association Study (GWAS) for Three Trait Groups 
	GWAS for Seven Agronomic Traits Under Water-Deficit (WD) and Well-Watered (WW) Conditions 
	GWAS for Stress Tolerance Indices 
	GWAS for Phenotypic Plasticity 
	QTL Identified for Agronomic Traits, Stress Tolerance Indices and Phenotypic Plasticity 

	Candidate Genes Functional Annotation 
	Mining of Candidate Genes and Identification of Polymorphisms 
	Analysis of Transcript Expression in Different Tissues and Under Drought Stress 

	Discussion 
	Combining Agronomic Traits, Stress Tolerance Indices and Phenotypic Plasticity Provides a New Vision for Drought Tolerance-Related Phenotypic Diversity 
	GO Enrichment Analysis of Candidate Genes Showed Significant Differences Between Agronomic Traits, Stress Tolerance Indices and Phenotypic Plasticity 
	Drought Tolerance Candidate Genes Were Identified by GWAS at the Harvest Stage 

	Materials and Methods 
	Plant Materials and Field Experiments 
	Phenotypic Evaluation 
	Statistical Analysis 
	Finlay–Wilkinson Regression Analysis 
	Genotyping 
	Population Analysis and Linkage Disequilibrium (LD) Analysis 
	Genome-Wide Association Study 
	Candidate Gene Identification and Functional Analysis 
	Expression Analysis of Potential Candidate Genes 

	Conclusions 
	References

