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Abstract: Drought is an important factor limiting the growth and development of rice and thereby
seriously affects rice yield. The problem may be effectively solved by dissecting the drought-resistance
mechanism of rice, creating excellent drought-resistant germplasm, and mining new drought-resistant
genes. In this study, 305 accessions (189 Xian, 104 Geng, 5 Aus, and 7 Basmati) were used to identify
drought-related phenotypes such as grain yield per plant (GYP), grain number per panicle (GNP),
panicle number per plant (PNP), and plant height (PH) under two-year drought stress. The 2017 GYP
and 2018 GNP were Xian max, 2018 GYP, 2017 GNP, 2017 and 2018 PNP, and 2018 PH were Basmati
max, and only the 2017 PH was Geng max. The population genetic diversity and population structure
were analyzed by combining 404,388 single nucleotide polymorphism (SNP) markers distributed
on 12 chromosomes. A total of 42 QTLs with significant correlations was identified, among which
10 were adjacent to the loci reported to be associated with drought resistance. Four candidate genes,
LOC_Os03g48890, LOC_Os04g35114, LOC_Os11g45924, and LOC_Os06g38950, were identified by
functional annotation and haplotype analysis. The R2 of qGYP3.1 was 11.53%, the R2 of qGNP4.2
was 12.09%, the R2 of qPNP11.1 was 10.01%, and the R2 of qPH6.1 was 13.06%. The results have an
important theoretical significance and practical application value for the improvement of drought
resistance in rice.

Keywords: rice; drought; yield traits; GWAS; QTLs

1. Introduction

Rice is an indispensable food for the world which contributes 30–50% of the daily
caloric intake of humans [1]. Rice cultivation and yield are affected by a variety of abiotic
stresses such as high temperature, salinity stress, and drought, among which drought is
one of the main factors causing a decrease in rice yield [2,3]. In recent years, due to climate
change, environmental pollution, and the increasing demand for water for various uses,
water scarcity is becoming increasingly serious [4]. It is estimated that by 2050, more than
half of the global arable land will not be productive as a result of drought [5,6]. Thus, it
is urgent to breed rice cultivars that require less water with excellent drought resistance
considering the great demand for water in rice production.

The stress resistance of plants refers to a series of responses made by the plants when
faced with stresses. These responses are affected by both environmental and genetic fac-
tors [7,8]. According to the differences in mechanism, the drought resistance of rice can be
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divided into drought escape, drought tolerance, drought avoidance, and drought recov-
ery [9]. Different rice varieties have different drought-resistance mechanisms. Generally,
when subjected to drought stress, rice makes some responses mainly through one certain
mechanism with the complement of a variety of other drought-resistance mechanisms so as
to reduce the drought damage as much as possible [10]. The drought-escaping ability of rice
refers to its ability to avoid a drought period and choose the period with abundant rainfall
and high water content in the soil to complete its life cycle or related life activities [11,12].
The drought tolerance of rice refers to its ability to maintain growth and development
when faced with drought stress. One mechanism is to increase the intracellular osmotic
pressure and maintain turgor pressure through the accumulation of intracellular solutes.
This biochemical process is called osmotic adaptation, which is strongly dependent on
the level of drought stress. Under drought stress, rice accumulates proline (PRO) [13,14],
soluble sugar (SS), sucrose, and other substances to increase the concentration of cell
sap and promote water absorption, thereby enhancing its drought resistance. The other
mechanism is to improve the ability of plants to remove harmful substances and improve
antioxidant capacity in their body. Antioxidants play a pivotal role as an important reactive
oxygen species (ROS) scavenger in plants and can improve the drought resistance of rice.
The drought avoidance of rice refers to its ability to maintain water absorption and slow
down the loss of water in cells under a water shortage, so as to adapt to the environment.
The drought recovery of rice refers to its ability to return to normal development after
drought stress.

Genome-wide association studies (GWASs) have been widely used for the discovery
of new quantitative trait loci (QTLs) in plants [15–18]. The drought resistance of rice is
controlled by multiple QTLs [19]. With the advance of research on plant physiology, the
understanding of complex drought-resistance mechanisms and their relationship with
different traits has been greatly improved [20]. The identification of phenotypically asso-
ciated QTLs and candidate genes with molecular and genomic methods is essential for
the development of drought-tolerance gene mining and molecular design breeding [21].
The identified QTLs are mainly targeted for marker-assisted breeding. Drought stress can
seriously reduce rice grain weight, grain size, and spikelet fertility and increase sterile
grains in the panicle, thereby causing serious yield loss [22–25]. Many studies have revealed
the negative impacts of drought on rice grain yield.

qDTY12.1 is the first reported QTL with a greater impact on grain yield under drought
stress. Vikram et al. identified qDTY1.1 in an F3-derived population obtained from the
hybridization of drought-tolerant donor N22 with high-yielding super varieties Swarna,
IR64, and MTU1010. qDTY1.1 has an important effect on rice yield under drought stress.
The R2 in the N22/Swarna, N22/IR64, and N22/MTU1010 populations was 13.4%, 16.9%,
and 12.6%, respectively [26,27]. The effect of this locus was likewise mentioned in other
populations derived from the cross of CT9993-5-10-1-M/IR62266-42-6-2 and Apo/IR64.
Dixit et al. used bulked segregant analysis (BSA) to map QTLs in a BC1F3 population
derived from the cross of IR55419-04/2*TDK 1 and detected three QTLs related to grain
yield under drought stress, including qDTY3.1, qDTY6.1, and qDTY6.2, among which
qDTY3.1 and qDTY6.1 are complementary. Yadav et al. mapped the QTLs using two BC1F3
populations, Swarna*2/Dular and IR11N121*2/Aus196. As a result, a total of six qDTY
QTLs was detected in the Swarna*2/Dular population, and the effects of three QTLs were
consistent; a total of eight qDTY QTLs was detected in the IR11N121*2/Aus196 population,
among which two QTLs had consistent effects, besides four stable, new QTLs (qDTY2.4,
qDTY3.3, qDTY6.3, and qDTY11.2) with a PVE of 8.62~14.92% [28].

In this study, 305 accessions from the 3000 Rice Genome Project (3KRGP) were used to
explore the performance and correlation of GYP, GNP, PNP, and PH traits under drought
conditions. The four yield traits were preliminarily calculated by using the best linear
unbiased predictive value (BLUP). In addition, the genetic diversity, population structure,
and QTLs were estimated by GWAS analysis, and the most likely candidate genes in QTLs
were predicted. Finally, four new candidate genes were identified by functional annotation
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and haplotype analysis, which provide important genetic resources for rice molecular
breeding to improve yield under drought stress.

2. Materials and Methods
2.1. Plant Materials and Field Experiment

A total of 305 accessions (Table S1) was obtained from the 3000 Rice Genome Project
(3KRGP) [29], including accessions from Argentina (1), Australia (3), Bangladesh (18),
Bhutan (1), Bolivia (1), Brazil (7), Cambodia (2), China (62), Colombia (3), Côte d‘Ivoire (9),
Cuba (1). Dominican Republic (1), Ecuador (2), Egypt (2), Gambia (1), Ghana (1), Greece
(2), Guatemala (1), Guinea (1), Guinea-Bissau (1), India (40), Indonesia (5), Italy (4), Japan
(4), Republic of Korea (3), Laos (15). Madagascar (9), Malaysia (2), Mali (2), Myanmar (6),
Nepal (1), Nicaragua (1), Pakistan (2), Peru (2), Philippines (38), Russia (1), Senegal (6), Sri
Lanka (6), Thailand (9), Turkey (1), United States (13), Unites States of Ame (1), Venezuela
(2), Vietnam (9), and _no_info (2).

The 305 accessions were planted in the experimental station of Nanbin Farm, Sanya,
Hainan (18.3◦ N, 109.3◦ E), Institute of Crop Science, Chinese Academy of Agricultural
Sciences, between December 2016 and May 2017 and from December 2017 to May 2018,
respectively. Each accession was planted in two rows with 10 plants per row and 20 × 25 cm
spacing between the plants and rows, which was repeated twice. Drought stress occurred
at the reproductive growth stage of rice, starting before the rice jointing stage and ending
at rice harvest. During this period, no artificial irrigation was carried out. After ripening,
the PH and PNP were measured. Five main panicles of each accession were collected and
placed in a seed bag to measure the GNP. The remaining plants were harvested, threshed,
weighed, and the GYP was calculated.

2.2. Statistical Analysis of Phenotypic Data

The phenotypic data collected under two years of drought stress treatments were sta-
tistically analyzed. Excel 2018 (Microsoft, Redmond, WA, USA), SPSS 2022 (IBM, Armonk,
NY, USA), and Origin software 2022 (Northampton, MA, USA) were used to calculate the
frequency distribution of traits. The correlation determination between yield traits and the
drawings of box plots was carried out by using the software package ‘ggplot2‘ in R with
the significance level p < 0.01. The best linear unbiased prediction (BLUP) value budget
was performed on the phenotypic data of four yield traits within two years and was used
for the GWAS.

2.3. Genotyping

The resequencing data of the 305 rice accessions have been published in NCBI and
the variant locus information is available through the SNP-Seek database (https://snp-
seek.irri.org/index.zul, accessed on 1 May 2023) [30,31]. We further screened the SNPs
using PLINK (version 1.9, BGI Cognitive Genomics, Shenzhen, China, accessed on 3 May
2023) [32], MAF (0.05), and GENO (0.2), and obtained 404,388 SNPs with a minor allele
frequency (MAF) > 5% and data loss rate (MDR) < 0.2 (Figure S2).

2.4. Population Genetic Analysis

The population structure matrix was constructed as a covariance matrix in a mixed
linear model (MLM), and Admixture software [33] was used to analyze the population
structure. Relationships were built in Linux using the ‘perl’ command for the subsequent
association analysis. Principal component analysis (PCA) was performed using GCTA [34]
software (v1.93.2, Yang Lab, Hangzhou, China) to assess the number of subgroups in
the GWAS group, and the ‘ggplot’ package was used in R (R Foundation for Statistical
Computing, Vienna, Austria) to plot the principal component diagram. PopLDdecay
software was used to calculate the average LD decay distance of germplasm resources [35],
and the R package ‘ggplot’ was used to plot the fitting curve with the physical distance
as the coordinate and the allele frequency correlation square (r2) value as the ordinate
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to indicate LD decay. The genetic distance matrix was calculated using VCF2Dis (https:
//github.com/BGI-shenzhen/VCF2Dis, accessed on 20 May 2023). A neighbor-joining
(NJ) tree was constructed and beautified using iTOL (https://itol.embl.de/, accessed on
21 May 2023).

2.5. Genome-Wide Association Study

In our study, we obtained 404,388 SNPs (MAF > 0.05) and four sets of phenotypic
data. SNPs and phenotypic data were subjected to a GWAS using MLM [36] in TASSEL
(version 5.2.40, Maize Genetics, Ithaca, NY, USA) [37] software. R was used to draw a
map of Manhattan. We used Significant_P_Value in the GEC (Version 1.0) [38] method
as the MLM threshold, and Significant_P_Value is the critical value of significance of the
association as tested by the Bonferroni test, p = 2.55 × 10−7. In addition, a 200 kb distance
was chosen as the recognition overlap marker trait-associated signal range [39]. The SNP
with the lowest P-value was set as the lead SNP. At the same time, all SNPs within an LD
region were treated as a QTL.

2.6. Identification of Candidate Genes and Haplotype Analysis

To identify candidate genes related to GNP, PNP, GYP, and PH, the Rice Genome
Annotation Project (http://rice.plantbiology.msu.edu, accessed on 26 April 2023) was
utilized to search for candidate genes in the defined QTL. The SNP data of candidate genes
were extracted based on the genotypes of SNPs with MAF > 0.05. Haplotype species with a
sample size of less than 10 were not counted. To mine candidate genes in the QTLs, we
used R to perform the haplotype analysis of nonsynonymous SNPs in the coding region,
and a Student’s t-test determined if this locus could cause changes in GNP, PNP, GYP, and
PH. The visualization of results was performed using R.

3. Results
3.1. Phenotypic Variations and Correlations

As shown in Table 1, the GYP of the 305 accessions ranged from 2.58 g to 31.52 g, with
an average of 15.60 g in 2017, among which the mean GYP of Xian was 17.43 g, which
was significantly higher than that of other three subgroups. The GYP of the 305 accessions
ranged from 3.32 g to 57.70 g, with an average of 17.81 g in 2018, among which the mean
GYP of Geng and Xian was 14.92 g and 19.69 g, respectively. There was no significant
difference in the mean GYP between Xian and Geng (Figure 1a,b). For GNP, the average of
the 305 accessions was 118.06 in 2017 and 98.90 in 2018. Only in 2018 did the mean GNP
show a significant difference between Xian and Geng (Figure 1c,d). The mean PNP of the
305 accessions was 9.85 in 2017 and 9.80 in 2018. The mean PNP was 10.73, 7.96, 10.94, and
13.41 for Xian, Geng, Aus, and Basmati in 2017, respectively, showing significant differences
from each other. However, the mean PNP was only significantly different between Xian
and Geng in 2018 (Figure 1d,e). The mean PH of the 305 accessions was 89.37 cm in 2017
and 81.07 cm in 2018 and was significantly different between Xian and Geng only in 2017
(Figure 1g,h).

Table 1. Statistics of GYP, GNP, PNP, and PH in the 305 accessions.

Trait Year Mean ± SD Max. Mim. CV (%) H2 (%)

GYP (g) 2017 15.60 ± 6.12 31.52 2.58 39.20%
87.83%2018 17.81 ± 8.83 57.70 3.32 49.55%

GNP
2017 118.06 ± 36.17 258.20 46.40 30.64%

86.58%2018 98.90 ± 35.55 243.20 17.30 35.95%

PNP
2017 9.85 ± 3.01 20.10 3.00 30.57%

91.52%2018 9.80 ± 2.68 21.80 3.80 27.38%

PH (cm)
2017 89.37 ± 16.53 159.35 51.30 18.49%

95.41%2018 81.07 ± 15.64 119.40 48.20 19.29%

https://github.com/BGI-shenzhen/VCF2Dis
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Figure 1. Box plots of four rice drought-tolerance traits under stress and phenotypic correlations
of the four traits in different environments: (a) 2017 grain yield per plant; (b) 2018 grain yield per
plant; (c) 2017 grain number per panicle; (d) 2018 grain number per panicle; (e) 2017 panicle number
per plant; (f) 2018 panicle number per plant; (g) 2017 plant height; (h) 2018 plant height (different
letters above the boxplots indicate significant differences according to a Duncan’s multiple range post
hoc test (p < 0.05)); (i) 2017 drought stress; and (j) 2018 drought stress. * and *** refer to significant
correlations (p < 0.05 and p < 0.001).

The correlation analysis among different traits revealed that most traits are correlated
with each other, particularly GYP, which had a correlation coefficient of +0.645 with GNP
and +0.652 with PNP in 2018. In addition, all four traits were positively distributed within
the two years (Table S2, Figures 1i,j and S1).

3.2. Phylogenetic and Population Structure Analysis

The genetic structure of the SNPs in the 305 accessions was analyzed by a phylogenetic
tree and principal component analysis (PCA). The phylogenetic tree revealed that the
305 accessions fell into four genetic groups (Figure 2a). Similar results were obtained by
the PCA, with PC1 and PC2 explaining the genetic variations between most accessions
(Figure 1b). For PC1 and PC2, most accessions were also divided into four groups. Thus, the
305 rice accessions were divided into four populations, namely, Xian (189), Geng (104), Aus
(5), and Basmati (7) (Tables 1 and S1). The LD decay distance was the corresponding distance
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when the squared allele frequency correlation (r2) was reduced to half of the maximum
value. Here, when r2 (0.08) reached half of the maximum value, the corresponding LD
decay distance was about 240 kb (Figure 2c).
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Figure 2. Genetic structure analysis of the 305 accessions: (a) a phylogenetic tree with each branch
representing a rice accession; (b) the principal component analysis on the 404,411 SNPs of the
305 accessions clearly distinguished Geng, Xian, Aus, and Basmati accessions (PC1 and PC2 refer to
the first and second principal components, respectively; different scatters clustered together indicate
less genetic differentiation); and (c) the LD decay analysis of the whole genome in the 305 accessions.

3.3. Genome-Wide Association Study of GYP, GNP, PNP, and PH

To identity the genomic regions associated with the measured phenotypes, a GWAS
was carried out for the 305 accessions. In this study, an MLM was used to conduct the GWAS
on the four drought tolerance traits (GYP, GNP, PNP, and PH), and we analyzed the data
using the BLUP method in order to reduce the impact of the environment in different years.
The SNP with the lowest p-value was set as the lead SNP, and combined with the LD decay
distance, we defined a range less than 200 kb from the leader SNP as a QTL region. In all the
QQ maps of drought tolerance phenotypes (Figure 3), p-values deviated significantly from
the expected p-values only in the tail of the upper right corner of the image and showed a
more uniform distribution in the rest of positions. Therefore, an MLM model is suitable for
mapping phenotypic data under drought treatment. When fixing a threshold of 2.55 × 10−7

to declare an association, a total of 78 SNPs significantly associated with drought tolerance
was identified in the 305 accessions, including 15, 33, 17, and 13 SNPs associated with
GYP, GNP, PNP, and PH, respectively. Notably, all 78 significant SNPs were tagged to
only 42 QTLs distributed on all 12 chromosomes (Tables S3 and S4). In general, six QTLs
were significantly associated with GYP, including qGYP3.1 on chromosome 3, qGYP4.1 and
qGYP4.2 on chromosome 4, qGYP9.1 on chromosome 9, qGYP10.1 on chromosome 10, and
qGYP12.1 on chromosome 12, which accounted for 11.53%, 11.74%, 11.06%, 10.72%, 9.81%,
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and 10.74% of the phenotypic variation, respectively. A total of 20 QTLs was significantly
correlated with GNP. Of these 20 QTLs, 3 were detected on chromosome 1 and chromosome
4, and 2 were detected on chromosomes 2, 3, 6, and 11, respectively, and the remaining
6 QTLs were detected on each of the remaining six chromosomes. These QTLs explained
9.65–13.19% of the total phenotypic variance. Nine QTLs were significantly correlated with
PNP. Among them, two were detected on chromosome 8 and chromosome 11, respectively,
and one was found on chromosomes 2, 4, 6, 7, and 9. These QTLs explained 9.23–12.04% of
the total phenotypic variance. The seven QTLs associated with PH included qPH1.1 and
qPH1.2 on chromosome 1, qPH2.1 on chromosome 2, qPH4.1 on chromosome 4, qPH5.1
and qPH5.2 on chromosome 5, and qPH6.1 chromosome 6, which accounted for 20.49%,
9.88%, 12.47%, 12.02%, 12.00%, 13.50%, and 13.06% of the phenotypic variance, respectively
(Table 2).
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Figure 3. Genome-wide association plots of GYP, GNP, PNP, and PH in the 305 accessions plotted
using the mixed linear model. Values of −log10(p) for the physical locations of the 12 chromosomes
were revealed on Manhattan plots by genome-wide scanning. The red dashed line represents the
significance threshold for genome-wide association analysis p = 2.55 × 10−7. Red arrows indi-
cate QTLs (qGYP3.1(Chr3_27772039), qGNP4.2(Chr4_21350438), qPNP11.2(Chr11_27691415), and
qPH6.1(Chr6_23018981)) detected by the MLM. The horizontal axis in the quantile–quantile (QQ) plot
represents the expected value of the −log10 transformation, whereas the vertical axis represents the
observed value of the −log10 transformation. (a–d) Manhattan plots and QQ plots of GYP (a), GNP
(b), PNP (c), and PH (d) in the MLM, respectively.
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Table 2. Forty-two regions with significant signals related to GYP, GNP, PNP, and PH in the genome-
wide association study of the 305 accessions.

Trait QTL Chr Lead SNP (bp) p-Value R2 (%) Known Genes/QTLs

GYP

qGYP3.1 3 27,772,039 1.18 × 10−7 11.53%
qGYP4.1 4 1,152,913 8.14 × 10−9 11.74%
qGYP4.2 4 17,125,743 1.32 × 10−7 11.06%
qGYP9.1 9 17,087,568 1.55 × 10−7 10.72% OsbHLH120 [40]

qGYP10.1 10 5,284,683 1.35 × 10−7 9.81% OsDSR-1 [41]
qGYP12.1 12 7,352,766 1.54 × 10−7 10.74% OsbZIP86 [42]

GNP

qGNP1.1 1 16,207,018 1.0885 × 10−7 11.32%
qGNP1.2 1 22,754,300 1.2248 × 10−7 9.84%
qGNP1.3 1 33,438,426 6.4749 × 10−8 11.54%
qGNP2.1 2 7,820,832 1.9861 × 10−7 10.82%
qGNP2.2 2 26,903,813 1.1258 × 10−7 11.86%
qGNP3.1 3 22,285,491 1.2046 × 10−7 9.65%
qGNP3.2 3 31,270,536 2.0749 × 10−7 10.65% GSA1 [43]
qGNP4.1 4 17,330,090 1.1495 × 10−7 11.30%
qGNP4.2 4 21,350,438 4.6361 × 10−8 12.09%
qGNP4.3 4 27,685,824 1.5817 × 10−7 11.00%
qGNP5.1 5 16,722,283 9.5616 × 10−8 11.19%
qGNP6.1 6 12,945,373 1.1852 × 10−7 9.72%
qGNP6.2 6 26,015,898 3.1678 × 10−8 13.06%
qGNP7.1 7 14,661,723 7.5111 × 10−8 11.76%
qGNP8.1 8 19,621,731 1.1988 × 10−7 9.68% OsERF48 [44]
qGNP9.1 9 17,087,568 6.4013 × 10−9 13.19% OsbHLH120 [40]

qGNP10.1 10 7,535,578 1.571 × 10−7 11.65%
qGNP11.1 11 2,559,169 1.0094 × 10−7 10.71% OsZIP-2a [45]
qGNP11.2 11 7,024,423 2.2725 × 10−8 12.24%
qGNP12.1 12 4,422,919 1.211 × 10−7 9.88%

PNP

qPNP2.1 2 24,673,219 1.71 × 10−8 11.24% OsGL1-4 [46]
qPNP4.1 4 26,468,735 2.42 × 10−7 9.23% OsRDCP1 [47]
qPNP6.1 6 21,507,174 8.22 × 10−8 12.72% OsMIOX [48]
qPNP7.1 7 20,370,395 1.17 × 10−8 12.93%
qPNP8.1 8 6,254,665 1.83 × 10−8 11.13%
qPNP8.2 8 18,098,606 1.58 × 10−7 11.79%
qPNP9.1 9 6,714,468 1.58 × 10−8 17.73%

qPNP11.1 11 24,881,480 8.02 × 10−8 10.01%
qPNP11.2 11 27,691,415 1.79 × 10−7 12.04%

PH

qPH1.1 1 38,561,974 2.04E-13 20.49%
qPH1.2 1 42,302,961 2.33 × 10−7 9.88% Asr2 [49]
qPH2.1 2 17,805,111 2.12 × 10−8 12.47%
qPH4.1 4 12,049,704 2.29 × 10−8 12.02%
qPH5.1 5 7,670,182 1.84 × 10−8 12.00%
qPH5.2 5 22,224,178 2.12 × 10−8 13.50%
qPH6.1 6 23,018,981 7.29 × 10−9 13.06%

3.4. Candidate Gene Identification and Haplotype Analysis

To identify the candidate genes related to drought tolerance in rice, annotation of
the genes was performed within the identified QTLs (100 kb up- and downstream of the
most significant SNP of the QTL) based on the Rice Genome Annotation Project. Based on
the annotation information, we determined whether the identified QTLs harbored known
genes for drought tolerance. qGYP9.1 and qGNP9.1 contained OsbHLH120, which was
annotated as a basic helix-loop-helix transcription factor involved in controlling the root
width and root length of upland rice [40]. qPNP6.1 harbored OsMIOX, which encodes an
myo-inositol oxygenase responsible for the reduction of oxidative damage [48]. qPH1.2



Agronomy 2023, 13, 2096 9 of 17

contained Asr2, which encodes an abscisic acid-stress-ripening-inducible protein involved
in the clearance process of ROS [49,50].

Next, we predicted the possible candidate genes in the regions of QTLs. The qGYP3.1
QTL was mapped to chromosome 3 in a 200 kb (27.67–27.87 Mb) region with 254 SNPs
in 19 genes. LOC_Os03g48890 was annotated as an LRR receptor kinase located 73 kb
upstream from the most significant SNP in qGYP4.2 with three major haplotypes. The
mean GYP of HapA, HapB, and HapC was 12.86, 17.35, and 16.23 in 2017, and 14.78, 19.85,
and 19.37 in 2018, respectively. The haplotype analysis of the 305 accessions showed that
the GYP of HapA was significantly lower than that of other haplotypes in the two years
(Figure 4).
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Figure 4. Identification of candidate genes for GYP (Grain yield per plant). (a) Based on three SNPs
in all evaluated rice accessions, three haplotypes of LOC_Os03g48890 were identified. The structure
of this gene is mapped using blue boxes for exons and blue lines for introns and gene intervals. The
genome information of the marked SNPs is indicated in the black line link table. Haplotype species
with a sample size of less than 10 were not counted. (b) GYP based on single polymorphism and
(c) the LD thermal map of the local Manhattan map, around the peak on chromosome 3. The
red dashed line indicates the physical location of the QTL where the candidate gene is present.
(d,e) Based on the GYP of the LOC_Os03g48890 haplotype under the drought conditions of 2017 and
2018. Differences between haplotypes were statistically analyzed using a Tukey’s test.
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The qGNP4.2 QTL was mapped to chromosome 4 in a 200 kb (21.25–21.45 Mb) region
with 1300 SNPs in 20 genes. LOC_Os04g35114 was annotated as a receptor-like kinase lo-
cated 9 kb upstream from the most significant SNP in qGNP4.2 with three major haplotypes.
The mean GNP of HapA, HapB, and HapC was 118.60, 110.70, and 125.94 in 2017 and 97.99,
88.32, and 105.66 in 2018, respectively. The haplotype analysis of all 305 accessions showed
that the GNP of HapB was significantly lower than that of other haplotypes in the two
years (Figure 5).
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Figure 5. Identification of candidate genes for GNP (Grain number per panicle). (a) Based on
seven SNPs in all evaluated rice accessions, three haplotypes of LOC_Os04g35114 were identified.
The structure of this gene is mapped using blue boxes for exons and blue lines for introns and
gene intervals. The genome information of the marked SNPs is indicated in the black line link
table. Haplotype species with a sample size of less than 10 were not counted. (b) GNP based on
single polymorphism and (c) the LD thermal map of the local Manhattan map, around the peak on
chromosome 4. The red dashed line indicates the physical location of the QTL where the candidate
gene is present. (d,e) Based on the GNP of the LOC_Os04g35114 haplotype under the drought
conditions of 2017 and 2018. Differences between haplotypes were statistically analyzed using a
Tukey’s test.
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The qPNP11.2 QTL was mapped to chromosome 11 in a 200 kb (27.59–27.79 Mb) region
with 622 SNPs in 12 genes. LOC_Os11g45924 was annotated as WRKY41 and located 98 kb
downstream from the most significant SNP, which had five major haplotypes. The mean
PNP of HapA, HapB, HapC, HapD, and HapE was 9.91, 9.68, 9.09, 11.32, and 7.90 in 2017
and 9.96, 9.66, 8.69, 11.18, and 7.99 in 2018, respectively. The haplotype analysis of all
305 accessions revealed that the PNP of HapD was significantly higher than that of all other
haplotypes except for HapA in the two years. The PNP of HapA was significantly different
from that of HapE in 2017 and from that of HapC in 2018 (Figure 6).
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Figure 6. Identification of candidate genes for PNP (Panicle number per plant). (a) Based on 14 SNPs
in all evaluated rice accessions, five haplotypes of LOC_Os11g45924 were identified. The structure
of this gene is mapped using blue boxes for exons and blue lines for introns and gene intervals.
The genome information of the marked SNPs is indicated in the black line link table. Haplotype
species with a sample size of less than 10 were not counted. (b) PNP based on single polymorphism
and (c) the LD thermal map of the local Manhattan map, around the peak on chromosome 11. The
red dashed line indicates the physical location of the QTL where the candidate gene is present.
(d,e) Based on the PNP of the LOC_Os11g45924 haplotype under the drought conditions of 2017 and
2018. Differences between haplotypes were statistically analyzed using a Tukey’s test.
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Subsequently, we focused on qPH6.1 mapped to a 22.91–23.11 Mb region on chro-
mosome 6 with 215 SNPs of 12 genes for the association analysis. LOC_Os06g38950 was
a possible candidate gene for PH in this candidate region. This gene encodes an ABC
transporter and is located 94 kb from downstream the most significant SNP in qPH6.1,
which had four major haplotypes. The mean PH of HapA, HapB, HapC, and HapD was
79.77, 92.54, 98.12, and 92.63 in 2017 and 73.89, 87.28, 82.01, and 82.71 in 2018, respectively.
The haplotype analysis of the 305 accessions showed that the PH of HapA was significantly
lower than that of other haplotypes in the two years. In addition, the PHs of HapB and
HapC were significantly different from each other in the two years (Figure 7).
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Figure 7. Identification of candidate genes for PH (Plant height). (a) Based on six SNPs in all
evaluated rice accessions, four haplotypes of LOC_Os06g38950 were identified. The structure of this
gene is mapped using blue boxes for exons and blue lines for introns and gene intervals. The genome
information of the marked SNPs is indicated in the black line link table. Haplotype species with a
sample size of less than 10 were not counted. (b) PH based on single polymorphism and (c) the LD
thermal map of the local Manhattan map, around the peak on chromosome 6. The red dashed line
indicates the physical location of the QTL where the candidate gene is present. (d,e) Based on the
PH of the LOC_Os06g38950 haplotype under the drought conditions of 2017 and 2018. Differences
between haplotypes were statistically analyzed using a Tukey’s test.
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4. Discussion

Rice at the reproductive growth stage is particularly sensitive to drought stress, as
evidenced by changes in plant morphology, physiological indicators, and ultimately yield.
The drought-resistant genes in rice are regulated in complex and diverse ways [51]. Rice
drought-resistance genes mainly include functional protein genes and regulatory protein
genes. The coding products of functional protein genes play a direct protective role in
rice drought resistance, and regulatory protein genes play an indirect protective role by
participating in the signal transduction of endogenous hormones and the regulation of
downstream gene expression.

Functional protein genes mainly include three categories, namely, genes encoding
amino acids and betaine choline compounds, key genes for aquaporin (AQP) synthesis,
and enzymes with detoxification functions. Sun et al. found that DROT1 encodes a
COBRA family protein and regulates cell wall structure by increasing cellulose content,
thereby improving drought resistance, and is directly inhibited by ERF3 and activated by
ERF71 [52]. AQPs promote the transcellular movement of water, which can rapidly and
reversibly change the permeability of water. Under drought stress, the key genes of AQP
synthesis can maintain cell osmotic pressure and reduce the damage caused by stress by
promoting water transmembrane transport and regulating cell water balance and cell fluid
expansion. Chen et al. found a new E3 ligase, OsRINGzf1. On the one hand, this gene can
mediate the degradation of AQPs in rice; on the other hand, it can ubiquitinate OsPIP2:1
to mediate its degradation to enhance the water-retention capacity of rice [53]. Enzymes
with detoxification functions, such as superoxide dismutase, catalase, and peroxidase, can
scavenge intracellular ROS and protect cells from oxidative stress. Li et al. identified
OsSPL10 as a transcription factor regulating drought tolerance in rice. OsSPL10 resists
drought by affecting the production of ROS and stomatal movement [54].

A gene encoding a regulatory protein initiates or inhibits the expression of genes
in downstream pathways and resists stress through signal transduction. As a widely
distributed gene family, receptor-like protein kinases (RLKs) are involved in plant growth,
hormone response, signal transduction, and drought and other abiotic stress responses.
Yang et al. cloned a drought-related gene OsBDG1 in rice, which belongs to the RLK family.
The gene encodes a protein containing a leucine repeat sequence and a transmembrane
structure at the N-terminus, which can be induced by osmotic stress and peroxide stress.
The gene is located on the cell membrane and has a close genetic relationship with OsSIK1,
LP2, and other proteins. MADS-box transcription factors aid plant adaptation processes
to abiotic stresses. Li et al. found that the overexpression of MADS-box transcription
factor OsMADS23 can significantly improve the drought tolerance of rice. In addition,
OsMADS23 has been shown to be effective in generating ABA and proline by activating the
transcription of target genes and interacting with and phosphorylating snrk2-type protein
kinase SAPK9, thereby improving its stability and transcriptional activity [55]. NAC (NAM,
ATAF, and CUC) transcription factors constitute a large family of more than 150 members
in rice, several of which have been shown to play an important role in rice abiotic stress
responses [56]. The MYB transcription factor family refers to a class of transcription factors
containing the MYB domain, which exists in all eukaryotes. OsMYBR57 interacts with
the homologous domain transcription factor OsHB22, which also plays an active role in
drought signal transduction [57]. Gao et al. found that miR2105 and OsSAPK10 kinase
jointly regulate OsbZIP86-mediated drought-induced ABA biosynthesis in rice. Under
drought conditions, the ABA content of transgenic rice plants with a low expression of
miR2105 or overexpression of OsbZIP86 is higher than that of wild-type rice, and the
transgenic plants showed enhanced drought resistance, reduced water-loss rate, and a
higher degree of stomatal closure in seedlings [58].

In this study, four candidate genes related to drought resistance were identified in
the candidate regions of significant SNP markers. Among them, LOC_Os03g48890 in the
qGYP3.1 region was annotated as an LRR receptor kinase. LRR receptor kinase is a kind
of transmembrane receptor kinase in plants, playing an important role in plant growth,
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hormone signal transduction, and biotic and stress effects. The extracellular tandem ar-
rangement of the LRR motif of the LRR receptor kinase provides an important condition
for its acceptance of extracellular signals and plays a role in the signaling pathways of
phytohormones such as brassinosteroids and abscisic acid (ABA) [59]. The stress hormone
ABA plays a role in crops under drought stress [60,61]. LOC_Os04g35114 in the qGNP4.2
region was annotated as a receptor-like kinase. In previous studies, receptor-like kinases
were found to play important roles in regulating vegetative growth, resistance against
pathogens, reproduction, production of seeds and fruits, and the prevention of premature
fruit drop [62,63]. In particular, receptor-like kinases play an important role in optimiz-
ing the response of plants to drought stress [64,65]. LOC_Os11g45924 in the qPNP11.2
region was annotated as WRKY41, which is a member of the WRKY gene family. The
WRKY family members play an important role in regulating plant abiotic stress response or
tolerance [66,67]. Previous studies have verified that GhWRKY41 is induced by various en-
vironmental stresses, and the overexpression of GhWRKY41 in tobacco leaves can enhance
their tolerance to drought and salt. LOC_Os06g38950 in the qPH6.1 region was annotated
as an ABC transporter and an ATP-binding protein. ABC transporter is one of the largest
protein families in plants and is essential for plant development. ABC transporter plays
a role in saving plants when plants are subjected to various abiotic stresses, especially
drought stress [68]. Therefore, we speculate that LOC_Os06g38950 may play an important
role in a drought environment.

In summary, we detected 15, 33, 17, and 13 SNPs associated with GYP, GNP, PNP,
and PH, respectively. All genes in the QTL region were functionally annotated, and the
candidate genes related to drought resistance were further screened by haplotype block
structure analysis. As expected, through functional annotation and haplotype analysis,
we effectively narrowed down candidate gene selection for target traits within a large LD
region. Therefore, our research has laid a good foundation for subsequent gene function
verification and molecular design breeding.

5. Conclusions

This study investigated the different yield traits of 305 accessions under drought
stress and conducted genome-wide association analysis. The 42 detected QTLs contained
11 known drought-resistance genes, and four candidate genes were predicted by haplotype
analysis (LOC_Os03g48890, LOC_Os04g35114, LOC_Os06g38950, and LOC_Os11g45924).
Our study has unearthed the candidate genes associated with drought tolerance in rice,
laying the foundation for subsequent molecular design breeding.
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