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Genome-Wide Association Study Using Historical 
Breeding Populations Discovers Genomic Regions 
Involved in High-Quality Rice
Gastón Quero, Lucía Gutiérrez,* Eliana Monteverde, Pedro Blanco, Fernando Pérez de 
Vida, Juan Rosas, Schubert Fernández, Silvia Garaycochea, Susan McCouch, Natalia 
Berberian, Sebastián Simondi, and Victoria Bonnecarrère

AbstrAct  Rice (Oryza sativa L.) is one of the most important 
staple food crops in the world; however, there has recently been 
a shift in consumer demand for higher grain quality. Therefore, 
understanding the genetic architecture of grain quality has 
become a key objective of rice breeding programs. Genome-
wide association studies (GWAS) using large diversity panels 
have successfully identified genomic regions associated with 
complex traits in diverse crop species. Our main objective was 
to identify genomic regions associated with grain quality and 
to identify and characterize favorable haplotypes for selection. 
We used two locally adapted rice breeding populations and 
historical phenotypic data for three rice quality traits: yield after 
milling, percentage of head rice recovery, and percentage of 
chalky grain. We detected 22 putative quantitative trait loci 
(QTL) in the same genomic regions as starch synthesis, starch 
metabolism, and cell wall synthesis-related genes are found. 
Additionally, we found a genomic region on chromosome 6 in 
the tropical japonica population that was associated with all 
quality traits and we identified favorable haplotypes. Furthermore, 
this region is linked to the OsBEI gene that codes for a starch 
branching enzyme I, which is implicated in starch granule 
formation. In tropical japonica, we also found two putative QTL 
linked to OsBEII, OsDEP1, and OsDEP2. Our study provides an 
insight into the genetic basis of rice grain chalkiness, yield after 
milling, and head rice, identifying favorable haplotypes and 
molecular markers for selection in breeding programs.

One of the main concerns of agricultural research 
today is intensifying agricultural production in a 

sustainable manner to feed the 9 billion people expected by 
2050 (Godfray et al., 2010). Rice  is a staple crop in Asia and 
Africa, where 3.5 billion people depend on rice for food 
energy (Food and Agriculture Organization of the United 
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core ideas

•	 Genome-wide association study (GWAS) for rice 
quality was performed in two breeding populations.

•	 Twenty-two putative quantitative trait loci (QTL) 
were associated to rice quality.

•	 A genomic region on chromosome 6 was associated 
with all quality traits in the tropical japonica 
population.

•	 Markers for favorable haplotypes are ready for 
immediate use for selection.

Abbreviations:  GC, percentage of chalky grain; GWAS, genome-wide 
association study; INIA, Instituto Nacional de Investigación Agropecuaria 
(National Institute of Agriculture Research); LD, linkage disequilibrium; PCA, 
principal component analysis; PHR, percentage of head rice recovery; PVE, 
proportion of phenotypic value explained; QTL, quantitative trait loci; SNP, 
single nucleotide polymorphism; SSRG, starch synthesis-related genes; YAM, 
yield after milling.
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Nations, 2009). The demand for rice continues to grow, 
especially in Asia and Africa, where people now require 
high-quality rice (Hsiaoping, 2005; Zader, 2011; Mohanty, 
2013; Yu et al., 2013) regarding traits such as grain length, 
color, absence of broken grains, aroma, and flavor. The abil-
ity to meet this demand can be achieved by understanding 
the genetic basis of key production traits and accelerating 
the rate of genetic gain from cultivar development.

Grain quality is a complex quantitative trait (Fitzger-
ald et al., 2009). Quantitative trait loci mapping via 
GWAS (Jannink et al., 2001) has successfully identified 
genomic regions associated with complex traits in diverse 
crop species and provided targets for marker assisted 
selection (Begum et al., 2015). Early GWAS studies used 
large diversity panels to maximize the range of genetic 
variation and improve the power of detecting QTL 
(Kraakman et al., 2004; Gore et al., 2009; Huang et al., 
2010, 2012; Famoso et al., 2011; Zhao et al., 2011; Chen et 
al., 2014; McCouch et al., 2016; Zhu et al., 2016). However, 
in the same way that traditional QTL studies were chal-
lenged by their lack of practical use because some of the 
favorable alleles of major-effect QTL were already fixed in 
elite germplasm (Langridge et al., 2001); the use of diverse 
and unadapted germplasm in GWAS studies may yield 
irrelevant genomic regions for breeding purposes (Kraak-
man et al., 2004). Furthermore, the genetic background 
interaction of QTL effects (Langridge et al., 2001) and 
QTL × environment interactions (Malosetti et al., 2004, 
2016; Mathews et al., 2008; Gutiérrez et al., 2015) have 
been extensively reported, indicating that the choice of 
germplasm and environments used for mapping studies 
is relevant, especially regarding its future deployment. 
Therefore, studies looking for immediate applications 
in breeding use locally adapted germplasm to map QTL 
(Begum et al., 2015; Spindel et al., 2015) or nested associa-
tion mapping with a locally adapted line serving as the 
common parent (Yu et al., 2008; Brachi et al., 2011; Kump 
et al., 2011; Tian et al., 2011; Mace et al., 2013; Maurer et 
al., 2015). The use of breeding populations has been suc-
cessful in identifying QTL and favorable haplotypes in 
elite populations of tropical rice with phenotypic data 
specially generated for GWAS purposes (Begum et al., 
2015). Besides the immediate advantage of using adapted 
germplasm, GWAS in local populations allows the discov-
ery of adaptive alleles and allelic complexes, which may be 
locally common but globally rare (rare alleles) and there-
fore has the potential to unveil genetic variants that would 
otherwise be overlooked. Despite being potentially useful, 
rare alleles are often discarded by minor allele frequency 
filters when exploring natural variation (Jannink et al., 
2001; Brachi et al., 2011; McCouch et al., 2016).

The main objective of this study was to identify 
genomic regions associated with rice grain quality in rel-
evant adapted germplasm and to identify favorable hap-
lotypes for selection. Specifically, we studied the genetic 
architecture of rice quality by conducting a GWAS analysis 
on a subtropical-adapted breeding population consist-
ing of 637 elite rice lines representing two of the major 

subgroups of rice, indica and tropical japonica. Considering 
the extended linkage disequilibrium (LD) in this kind of 
population, we conducted a GWAS analysis that followed 
an appropriate analytical framework that involved a high-
coverage genotyping strategy and a careful interpretation 
of population structure and phenotypic data. Candidate 
genes were predicted via an annotation approach. This 
strategy exploits existing breeding populations and histori-
cal phenotypic data, demonstrating that it is possible to use 
routine breeding data to perform haplotype selection.

MATERIALS AND METHODS
Plant Material
A total of 637 genotypes from the National Rice Breed-
ing Program were used as the Uruguayan rice reeding 
GWAS population. The population included 324 indica 
lines, 310 tropical japonica lines, two indica cultivars [El 
Paso 144 ( Yan et al., 2007) and INIA Olimar (Blanco et 
al., 2004)] and one tropical japonica cultivar [INIA Tacu-
arí (Blanco et al., 1993; Instituto Nacional de Semillas, 
2017)]. Within the indica subpopulation, 228 genotypes 
originated from Instituto Nacional de Investigación 
Agropecuaria (INIA) breeding material and 98 from 
Fondo Latinoamericano de Arroz de Riego breeding 
material. All the individuals within a population, includ-
ing the checks, share some level of common ancestry, 
and pedigree information was available from breeders.

Genotyping and Single Nucleotide Polymorphism 
Genotype Calling
Genotyping-by sequencing data were obtained for the 637 
advanced inbred lines and cultivars. DNA was extracted 
from young leaf tissue from plants grown in the Biotechnol-
ogy Unit in Las Brujas, Canelones, Uruguay. The extraction 
was conducted with the Qiagen DNeasy kit (www.qiagen.
com/uy/, accessed 5 June 2018). Samples were submitted in 
96-well plates and libraries were prepared using the protocol 
described by Elshire et al. (2011). Genotyping-by-sequenc-
ing library construction and sequencing were done at the 
Biotechnology Resource Center at Cornell University. Single 
nucleotide polymorphisms (SNPs) were called from fastq 
files via the TASSEL version 3.0 genotyping-by-sequencing 
pipeline (Glaubitz et al., 2014). Alignment to the Michigan 
State University Nipponbare reference genome version 
7.0 (http://rice.plantbiology.msu.edu/pub/data/Eukary-
otic_Projects/o_sativa/annotation_dbs/pseudomolecules/
version_7.0/, accessed 14 June 2018) was performed with 
Bowtie version 2 (Langmead and Salzberg, 2012). Imputa-
tion of missing data was performed with the FILLIN algo-
rithm implemented in TASSEL version 5.0 (Bradbury et al., 
2007; Swarts et al., 2014) for the indica and tropical japonica 
genotypes separately. The average imputation accuracy was 
approximately 94% for both indica and tropical japonica 
datasets. Single nucleotide polymorphism markers that 
had more than 50% missing data after imputation, along 
with monomorphic SNPs and SNPs with a minor allele fre-
quency smaller than 1% were removed from the analysis.

www.qiagen.com/uy
www.qiagen.com/uy
http://rice.plantbiology.msu.edu/pub/data/Eukaryotic_Projects/o_sativa/annotation_dbs/pseudomolecules/version_7.0/
http://rice.plantbiology.msu.edu/pub/data/Eukaryotic_Projects/o_sativa/annotation_dbs/pseudomolecules/version_7.0/
http://rice.plantbiology.msu.edu/pub/data/Eukaryotic_Projects/o_sativa/annotation_dbs/pseudomolecules/version_7.0/
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Grain Quality Phenotyping
Rice lines were evaluated in the field located in Paso de la 
Laguna, Treinta y Tres, Uruguay (33°15¢S, 54°25¢W) dur-
ing the growing seasons (October–March) in 2010–2011, 
2011–2012, and 2012–2013 in replicated experiments. 
Adjusted means for each line were obtained with mixed 
models to include experimental design components 
and spatial corrections (Supplemental File S1) using the 
model in Eq. [1]:

( )ijk i k ijkj iY µ λ β γ ε= + + + +   [1]

where Yijk is the response variable, µ is the overall mean 
or intercept, λi is a random variable associated with the 
ith trial with λi ~ Ν (0, σ2

λ), βj(i) is a random variable 
associated with the jth block nested within the ith trial 
with βj(i) ~ Ν (0, σ2

β), γk is the effect of the kth genotype, 
and εijk is the residual error with εij ~ Ν (0, σ2

ε).
Milling quality was evaluated by the yield after milling 

(YAM), the percentage of head rice recovery (PHR), and 
the percentage of chalky grain (GC). For YAM and PHR, 
100 g of rough rice was dried to 13% moisture, hulled with 
a Satake Rubber Roll Huller (Satake Engineering Co., Ltd., 
Tokyo, Japan), milled with a Satake Grain Testing Mill 
(Model TM 05C, abrasive roll #36, Satake Engineering 
Co., Ltd.), and separated into broken and whole kernels 
using a thickness grader (Model TWSM, Satake Engineer-
ing Co. Ltd.) with an indented cylinder (cylinder indent 
sizes of 4.75 mm). The weight of grain recovered after 
milling and separating was used to calculate the percent-
age of total milled rice or YAM. The percentage of whole 
kernels recovered after separating was used as the PHR. 
For GC, a subsample of 50 g of total milled rice was visu-
ally inspected by analysts to determine GC. According to 
industry standards, whole or broken kernels were consid-
ered to be chalky when the area of chalk (core, white back, 
or belly) was larger than half of the kernel area.

Principal Component Analysis and Population  
Structure Analyses
Population structure was analyzed via principal com-
ponent analysis (PCA) and a model-based clustering 
algorithm. The PCA analyses were performed with the 
imputed marker score matrix in R statistical software 
(R Core Team, 2017) using the package rrBLUP (Endel-
man, 2011). Based on the PCA results, clustering of 
indica or tropical japonica individuals was implemented 
with ADMIXTURE software version 1.23 (Alexander et 
al., 2009). The number of populations (k) was selected 
according to two main criteria: first, the lowest cross-
validation error across a range of k values (i.e., k = 
1–10); second, an ad hoc correspondence with pedigree 
information. The resulting probabilities of belonging to 
groups from ADMIXTURE were then plotted with the 
barplot function in the R statistical software (R Core 
Team, 2017) to obtain stacked bar charts.

Genome-Wide Association Study, LD Decay,  
and Haplotype Analysis
Genome-wide association studies were performed with 
mixed models to correct for population structure and 
genetic relationships. The most common mixed models 
for GWAS were compared: naive, kinship (Parisseaux 
and Bernardo, 2004), and eigenvalue (Price et al., 2006; 
Malosetti et al., 2007). The best model was selected on 
the basis of quantile–quantile plots (i.e., Schweder and 
Spjotvoll plots; Schweder and Spjotvoll, 1982) (Supple-
mental File S2). The kinship was the selected model, with:

y = Xβ + Zu + e,  [2]

where y is the vector of phenotypic means, X is the molecular 
marker score matrix, β is the vector of marker allelic effects, 
Z is an incidence matrix, u is the vector of polygene back-
ground effects with Var(u) being 2KVG (K is the matrix of 
kinship coefficients and VG is the genetic variance), and ε 
is the residual error vector. A GWAS analysis for each rice 
subpopulation was performed in the R statistical software (R 
Core Team, 2017) with the lmem.gwaser package (Gutierrez 
et al., 2016). For QTL determination, the marker with the 
highest marker–trait association was chosen as an anchor 
and then, a sliding window of 1 Mb was used to identify all 
significant markers within that window. The window size was 
determined according to the LD decay in each chromosome 
(Supplemental File S3 and Supplemental File S4). A QTL was 
defined when three or more significant SNPs were found 
within the 1-Mb window, following Rosas et al. (2017). Given 
the level of genetic relatedness in our populations, markers in 
close proximity are in high LD, making it unlikely to have an 
isolated significant SNP. Therefore, isolated markers are more 
probably caused by genotyping or imputation error (Bran-
dariz et al., 2016) than a true QTL. Choosing three markers 
for our threshold makes our analysis less likely to declare a 
false QTL. Linkage disequilibrium was computed as pairwise 
r2 between all SNPs in the chromosome and then in a spe-
cific region, and limits between LD blocks were graphically 
assessed with the R package (R Core Team, 2017). The thresh-
old level for calling a significant marker–trait associations was 
calculated by using a p-value corrected by multiple compari-
sons with the Li and Ji (2005) statistic at an α level of 0.05. The 
proportion of the total phenotypic variance explained (PVE) 
by each QTL was estimated by fitting a full multi-QTL model 
with all significant SNPs from all genomic regions involved 
for a trait in the lme4 package (Bates et al., 2015) of R statisti-
cal software (R Core Team, 2017). Allelelic effects for each 
QTL were obtained with the emmeans package (Lenth, 2018) 
in R statistical software (R Core Team, 2017). Finally, the 
most prevalent haplotypes were identified with the clusterhap 
package (Quero et al., 2017) in R statistical software (R Core 
Team, 2017) and the phenotypic means for each haplotype 
were estimated (Supplemental File S5).

Identification of Candidate Genes 
A literature survey and a genome annotation pipeline 
were used to search for putative causal candidate genes. 
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The numbers of genes located within a defined QTL were 
retrieved from the Michigan State University public gene 
annotation database (http://rice.plantbiology.msu.edu/
downloads_gad.shtml, accessed 14 June 2018) via an in-
house script (Supplemental File S6). The Plant Metabolic 
Network was used to assign a function to each gene (Zhang 
et al., 2010). OryzaCyc was used to search for plant meta-
bolic pathway functionality. Gene function was further 
explored by studying the metabolic pathways where the 
encoded enzymes were involved. This was analyzed with 
the Kyoto Encyclopedia of Genes and Genomes (Kanehisa 
and Goto, 2000), which is a collection of pathway maps. 
The literature survey was focused on major genes involved 
in starch synthesis known as starch synthesis-related genes 
(SSRGs) (Zeng et al., 2017). The SSRGs include genes for 
ADP-glucose pyrophosphorylase, granule-bound starch 
synthase, starch synthase, branching enzyme, debranching 
enzyme, starch phosphorylase, disproportionating enzyme, 
and glucose 6-phosphate translocator. After identification 
of the candidate genes, we analyzed the presence of SNPs 
in its coding sequence in the Nipponbare reference genome 
(Michigan State University Nipponbare reference genome 
version 7.0). When a SNP was found within the coding 
sequence, the amino acid sequence of the encoded protein 
with both versions of the SNP was determined. To do this, 
Mega version 6 software was used (Tamura et al., 2013).

RESULTS
Population Structure and Phenotypic Variation
Two main subpopulations were observed in the PCA corre-
sponding to the indica and tropical japonica subpopulations 
(Fig. 1a). The first two principal components explained more 
than 78.2% of the total genotypic variance. Within the indica 
subpopulation, two subgroups were identified with a model-
based algorithm corresponding to the two distinct origins 
of lines coming from the breeding programs at the INIA or 
the Fondo Latinoamericano de Arroz de Riego (Fig. 1a). Five 
subgroups were identified within the tropical japonica sub-
population (Fig. 1a) on the basis of the clustering algorithm 
and pedigree information. The tropical japonica subpopula-
tion is defined as a multiparent cross where the lines were 
derived from 12 parents, and each of the five subgroups was 
comprised of half-sib families. The indica subpopulation had 
lower GC on average, with smaller variance than the tropical 
japonica subpopulation (Fig. 1b), whereas estimates of YAM 
and PHR were similar in both subpopulations. In the tropical 
japonica subpopulation, the three grain quality traits were 
correlated: YAM and PHR were positively correlated, but GC 
was negatively correlated with YAM and PHR. On the other 
hand, no correlation among traits was observed for the indica 
subpopulation (Fig. 1b).

Quantitative Trait Loci Identified by GWAS
Genome-wide association studies for every targeted trait 
were performed separately for indica and tropical japonica 
because of the population structure. When different 
mixed models for GWAS were compared, the kinship 

model using the realized relationship matrix estimated 
from the marker data was the best model (Supplemental 
File S2). We therefore used this model to map QTL fol-
lowing the analytical framework outlined in Supplemen-
tal File S5. We identified a total of 22 putative QTL in the 
two subpopulations (Fig. 2). These QTL were identified 
with a multiple comparison test at a p-value threshold of 
8.5 × 10−4 for tropical japonica and 1.3 × 10-3 for indica 
subpopulation, according to the calculated Li and Ji 
(2005) threshold. In the indica subpopulation, five puta-
tive QTL were identified for GC, one for YAM, and six for 
PHR (Supplemental File S7), whereas in tropical japonica, 
three QTL were identified for GC, five for YAM, and two 
for PHR (Supplemental File S8; Fig. 2). We did not find 
any QTL shared between the indica and tropical japonica 
subpopulations. There is a genomic region on chromo-
some 6 (26,894,513–29,480,530 bp) of tropical japonica, 
where three putative QTL mapped for all quality traits 
evaluated (qYAM.j.6.1, qPHR.j.6.1, and qGC.j.6.2). Mark-
ers on these QTL were in high LD (Fig. 3a). The PVE for 
each QTL was above 30%, which means all of them are 
large-effect QTL (Table 1). On the other hand, all QTL 
in the indica subpopulation had lower PVE and only two 
QTL had a PVE above 10% (qPHR.i.2.1 and qPHR.i.3.1).

Genomic Regions and Haplotype Analysis
Of the 22 marker–trait associations detected in this study, 
eight SSRGs (Zeng et al., 2017) were identified within or 
in the flanking regions of nine QTL (Table 2). By using a 
genome annotation approach, we also identified eight can-
didate genes in five putative QTL observed in our subpop-
ulations (Supplemental File S9). Beside starch metabolism, 
these candidate genes are involved in cell wall formation 
and degradation. Our study provides hypothetical can-
didate genes that should be further studied to elucidate 
whether they have a functional role in grain quality.

Three putative QTL (qYAM.j.6.1, qPHR.j.6.1, and 
qGC.j.6.2) were colocated in a region on chromosome 
6 in the tropical japonica subpopulation. We identified 
three candidate genes within the QTL region involved 
in starch metabolism and three involved in cell wall 
formation (Supplemental File S9). These genes include 
two α-glucosidases that are part of the first pathway of 
starch degradation. A functional mutation (genotyping-
by-sequencing SNP S6_28101061; A > G) in one of the 
α-glucosidase genes, LOC_Os06g46340, alters the protein 
sequence (p.Glu45Gly) and is noteworthy because the 
derived allele codes for an amino acid belonging to a 
different group and would probably result in a conforma-
tional change in the protein product.

Besides these candidate genes, we found that one 
SSRG, specifically a starch branching enzyme I gene, OsBEI 
(LOC_Os06g51084; Ohdan et al., 2005) is located next to the 
QTL interval on chromosome 6. Rice has two branching 
enzyme families, BEI and BEII, coded by one (OsBEI) and 
two genes (OsBEIIa and OsBEIIb), respectively. OsBEI is the 
only BEI gene in rice and it is known to be involved in amy-
lopectin structure (Ohdan et al., 2005). We detected two 

http://rice.plantbiology.msu.edu/downloads_gad.shtml
http://rice.plantbiology.msu.edu/downloads_gad.shtml
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Figure 1. Genetic structure and phenotypic variation in locally adapted rice populations. (a) The central image shows the first two principal com-
ponents separating indica (red, n = 326) and tropical japonica (blue, n = 311) individuals; the left-hand image shows the two genetic subgroups 
within indica; the right-hand image shows the five genetic subgroups within tropical japonica. (b) Scatterplot matrix for grain quality traits showing 
density plots for each trait [yield after milling (YAM), percentage of head rice recovery (PHR), and percentage of chalky grain (GC)] in the diago-
nal, scatterplots between traits for tropical japonica (blue, n = 311) above the diagonal, and scatterplots between traits for indica (red, n = 326) 
below the diagonal. Numbers inside the scatterplots indicate Pearson’s correlation between pairs of traits and their p-values. Each scatterplot dis-
plays two variables with the x and y axes corresponding to the variables in the diagonal.
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SNPs (S6_30900078 and S6_30900838) within the OsBEI 
gene that are in high LD with most of the significant SNPs 
located within the QTL (Fig. 3b), with an average r2 of 0.63, 
0.65 and 0.83 between OsBEI and qYAM.j.6.1, qPHR.j.6.1, 
and qGC.j.6.2, respectively. Furthermore, we observed three 
clearly differentiated haplotypes present in ~90% of the lines 
and a few minor recombinant haplotypes (data not shown). 
For YAM and PHR, the groups of individuals carrying the 
H1 and H2 haplotypes had significantly higher phenotypic 
means than H3, while for GC the groups of individuals 
carrying the H1 and H2 haplotype had significantly lower 
phenotypic means than H3 (Fig. 3b). For all traits, H1 

and H2 were different from each other by only one SNP 
(S6_30900078), which is located within the OsBEI gene. 
Considering the phenotypic mean of theses haplotypes, this 
polymorphism had no effect on PHR and GC, but it had an 
effect on YAM (Fig. 3b).

Other SSRGd were found linked to be to QTL iden-
tified by GWAS in the tropical japonica subpopulation 
(Table 2). The SSRG OsBEIIa (LOC_Os04g33460) is located 
within the QTL qYAM.j.4.1 and all markers within the 
QTL are in perfect LD with one SNP located within the 
OSBEIIa gene (Fig. 4a). This QTL region has three major 
haplotypes with different phenotypic means (Fig. 4b). 

Figure 2. Genome-wide association study (GWAS) for rice physical grain quality in two breeding subpopulations. Manhattan plots of the indica 
subpopulation (red, n = 326) for yield after milling (YAM) (a), percentage of head rice recovery (PHR) (c), and percentage of chalky grain (GC) 
(e) and of the tropical japonica subpopulation (blue, n = 311) for YAM (b), PHR (d), and GC (f). The x-axis shows single nucleotide polymorphism 
(SNP) positions along chromosomes; the y-axis shows the –log10 of the P-value for each marker–trait association. Associations above the signifi-
cance threshold [calculated via the method of Li and Ji (2005) with multiple test correction] are shown in green.
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On the other hand, the SSRG OsSSI (LOC_Os06g06560) 
is in perfect LD with the QTL qGC.j.6.1 (Supplemental 
File S10) and the only two disproportionation enzyme 
genes in rice genome, DP1 (LOC_Os07g43390) and DP2 
(LOC_Os07g46790; Lu and Sharkey, 2004), flank the QTL 
qGC.j.7.1 (Table 2). All SNPs within this QTL are in com-
plete LD with the SNPs flanking both genes (Fig. 4a). On 
the other hand, for qGC.j.7.1, there is a difference of ~2% 
of GC between the two major haplotypes (Fig. 4c).

We could identify candidate genes in two indica QTL 
(Supplemental File S9): a gene for a fructose-bisphospate 
aldolase (LOC_Os01g02880), which is associated with 
starch metabolism, in qGC.i.1.1 and a gene encoding an 
arabinofuranosidase (LOC_Os02g10190). In addition, in 
the QTL q.GC.i.2.1, one of the SNPs in this gene generates 
a mutation at position 845, where an alanine is changed to 
a threonine (p.Ala845Thr). Again, as occurred for LOC_
Os06g46340, both amino acids belong to different groups.

DISCUSSION
By using indica and tropical japonica breeding populations 
and historical phenotypic data from 3 yr of replicated and 
balanced experiments on grain quality, we found enough 
diversity to map relevant quantitative traits for rice qual-
ity and to identify haplotypes with significant differences 
on rice quality traits. The use of breeding populations 

for GWAS has some advantages over the use of diverse 
populations, including immediate application to breeding 
programs (Kraakman et al., 2004) because it can identify 
loci that are segregating in the population (Langridge et 
al., 2001) and that have a reduced genetic background 
(Langridge et al., 2001) and QTL × environment interac-
tions (Malosetti et al., 2004; Mathews et al., 2008; Gutiér-
rez et al., 2015). The use of larger structured populations 
might increase mapping resolution for detecting global 
QTL (McCouch et al., 2016). However, we decided against 
a global test with individuals from both subpopulations 
because: (i) when SNPs were called for all individuals, fewer 
SNPs that passed our data curation process were identified; 
(ii) most SNPs were in opposite phases, being monomor-
phic for one subpopulation and polymorphic for the other, 
reducing the power for marker–trait associations; (iii) the 
phenotype was associated with population structure at least 
for one of our traits (i.e., GC), which would also reduce the 
power of our statistical tests; and (iv) because of the general 
challenges of properly controlling for population structure. 
Therefore, we mapped within subpopulations.

Quality phenotypic traits were correlated in tropical 
japonica. This finding was consistent with previous stud-
ies where GC was associated with an increase in grain 
breakage and therefore a decrease in the percentage of 
head rice recovery (Lisle et al., 2000; Zhou et al., 2015). In 
the case of indica subpopulation, the low level of correla-
tion among the phenotypic variables could be related to 
the most diverse grain morphology being found in this 
population. These findings point toward selection as one 
possible explanation for the strong correlation in tropi-
cal japonica instead of pleiotropy. Although a genomic 
region responsible for all traits was found in tropical 
japonica, the genetic mechanism behind it could be a 
series of linked genes maintained through selection.

We used genotyping by sequencing to identify more than 
44,000 polymorphic SNPs in tropical japonica and more than 
92,000 SNPs in indica (Supplemental File S11). This geno-
typing strategy generated a relatively high density of SNPs 
that were appropriate for association mapping and avoided 

Table 2. Putative candidate starch synthesis-related genes (SSRGs) that 
are located within or close to quantitative trait loci (QTL) identified from 
the genome-wide association study analysis of a large rice population 
in both indica and tropical japonica subpopulations.

QTL Reference gene locus SSRG name SSRG product
qPHR.i.1.1 LOC_Os01g44220 OsAGPL2 ADP-glucose pyrophosphorylase large subunit 2
qPHR.i.6.1 LOC_Os06g04200 OsGBSSI Granule-bound starch synthase I
qYAM.i.8.1 LOC_Os08g09230 OsSSIIIa Starch synthase IIIa
qYAM.j.4.1 LOC_Os04g33460 OsBEIIa Starch branching enzyme IIa
qGC.j.6.1 LOC_Os06g06560 OsSSI Starch synthase I
qGC.j.6.2 LOC_Os06g51084 OsBEI Starch branching enzyme I
qYAM.j.6.1 LOC_Os06g51084 OsBEI Starch branching enzyme I
qPHR.j.6.1 LOC_Os06g51084 OsBEI Starch branching enzyme I
qGC.j.7.1 LOC_Os07g43390 OsDEP1 Disproportionating enzyme I
qGC.j.7.1 LOC_Os07g46790 OsDEP2 Disproportionating enzyme II

Table 1. Proportion of the phenotypic variance explained (PVE) 
by each putative quantitative trait locus (QTL) identified from the 
genome-wide association study analysis of a large rice population 
in both indica (i) and tropical japonica (j) subpopulations showing 
the single nucleotide polymorphisms (SNP) with the most significant 
marker–trait associations.

QTL SNP PVE 
qGC.i.1.1 S1_1066894 4.78
qGC.i.1.2 S1_6427540 4.49
qGC.i.2.1 S2_5409930 7.29
qGC.i.5.1 S5_1053773 6.30
qGC.i.8.1 S8_18577900 0.84
qPHR.i.1.1 S1_24735280 0.70
qPHR.i.2.1 S2_9639305 10.34
qPHR.i.2.2 S2_24210614 0.34
qPHR.i.3.1 S3_10247958 15.94
qPHR.i.3.2 S3_14353133 9.95
qPHR.i.6.1 S6_366796 1.81
qYAM.i.8.1 S8_2999273 7.18
qGC.j.6.1 S6_2140954 2.78
qGC.j.6.2 S6_27519265 35.27
qGC.j.7.1 S7_26562521 3.63
qYAM.j.1.1 S1_3059047 2.65
qYAM.j.4.1 S4_19985917 8.90
qYAM.j.6.1 S6_27313987 34.26
qYAM.j.12.1 S12_566928 7.89
qYAM.j.12.2 S12_25469756 8.46
qPHR.j.3.1 S3_1354379 5.63
qPHR.j.6.1 S6_27037310 37.40
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Figure 3. Genome-wide association study (GWAS) hits on chromosome 6 in the tropical japonica subpopulation in relation to OsBEI, a gene 
encoding Starch Branching Enzyme 1. (a) Manhattan plot for the three quality traits [yield after milling (YAM), represented in blue, percentage 
of head rice recovered (PHR) in red, and percentage of chalky grain (GC) in green] in the tropical japonica (n = 311) subpopulation showing 
significant marker–trait associations in the same region on chromosome 6. Linkage disequilibrium (LD) plot within the region showing the LD 
among the quantitative trait locus (QTL) region and the OsBEI gene is shown below the Manhattan plots. The number within the LD block is the 
average r2 among all pairwise marker combinations within the window. (b) Predominant haplotypes, with the percentage of individuals carry-
ing each haplotype. Haplotypes are defined by all significant single nucleotide polymorphisms (SNPs) for each trait within the QTL region and 
SNPs within and flanking the OsBEI gene. Each SNP allele is represented with a different color: orange or blue. At the right of each haplotype, 
a dot-plot showing the adjusted phenotypic means and SE for lines carrying each haplotype is shown.



quero et al. 9 of 12

the ascertainment bias that is inherent to the use of fixed 
genotyping arrays (Heslot et al., 2013). Combined with our 
analytical strategy that involved a combination of GWAS, LD 
determination, haplotype identification, and candidate gene 
identification, this provided good candidate QTL for marker-
assisted selection strategies. With the high quality of genome 
annotation available for rice (National Agriculture and Food 
Research Organization, 2017), there are several studies that 
have successfully integrated genetic, genomic (Fitzgerald et 
al., 2009; Tian et al., 2009) and, in some cases, metabolomic 
(Heuberger et al., 2010; Yamakawa and Hakata, 2010; Calin-
gacion et al., 2012; Chen et al., 2014; Okazaki and Saito, 2016) 
information to begin to define the molecular mechanisms 

underlying important grain quality traits such as grain 
chalkiness and milling properties. In this study, we identified 
genes involved in two cellular processes, starch metabolism 
and cell wall formation or degradation. Many previous stud-
ies have related starch content to rice grain quality traits (Su, 
2000; Vandeputte and Delcour, 2004; Ashida et al., 2009; 
Bao, 2014; Lin et al., 2014; Zhao et al., 2015; Zeng et al., 2017), 
particularly with GC (Ashida et al., 2009) and PHR (Gallant 
et al., 1997; Patindol and Jabe-Wang, 2003; Yamakawa and 
Hakata, 2010). Here, we identified five SSRGs and four candi-
date genes involved in starch metabolism that were physically 
colocated with our QTL. Once these genotype–phenotype 
associations are validated, the SNPs will provide breeders 

Figure 4. Genome-wide association study (GWAS) in the tropical japonica subpopulation in relation to starch synthesis-related genes (SSRGs). 
(a) Linkage disequilibrium (LD) plot across the qYAM.j.4.1 quantitative trait locus (QTL) showing the LD within the QTL region and single nucleo-
tide polymorphisms (SNPs) located within the SSRG OsBEIIa (left) and the LD plot across the QTL qGC.j.7.1 showing the LD among the QTL 
region and SNPs located within the SSRG genes DPEI and DPEII (right). Predominant haplotypes with the percentage of individuals carrying 
each haplotype are shown for (b) qYAM.j.4.1 and (c) qGC.j.7.1. Haplotypes are defined by all significant SNPs within the QTL region. Each 
SNP allele is represented with a different color: orange or blue. At the right of each haplotype scheme, a dot-plot showing the adjusted pheno-
typic means and SE for lines carrying each of the haplotypes is shown.
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with a valuable tool for early generation selection for several 
economically valuable grain quality traits, similar to the use 
of the waxy SNP markers currently used for amylose content 
selection in rice (Kharabian-Masouleh et al., 2012).

In addition to starch content, rice grain quality has been 
associated with the polysaccharide composition of the cell 
wall in different grain tissues, such as the starchy endosperm, 
the aleurone layer, and the transfer cells (Burton and Fincher, 
2014; Lin et al., 2014), all affecting grain consistency. The mill-
ing process removes the cell walls in the aleurone layer and 
therefore aleurone cell walls are associated with YAM perfor-
mance (Burton and Fincher, 2014). In this study, we identified 
putative QTL with regions coding for three glycosyl hydrolase 
genes that are involved in heteroxylan backbound forma-
tion, modifications, and degradation (Strohmeier et al., 2004; 
Numan and Bhosle, 2006; Mitchell et al., 2007; Eklöf and 
Brumer, 2010) and an arabinofuranosidase gene. Arabinofu-
ranose is one of the constituents of hemicellulose, the major 
component of the rice wall endosperm (Shibuya and Iwasaki, 
1978; Shibuya and Nakane, 1984; Numan and Bhosle, 2006).

The candidate genes colocated with putative QTL 
identified in this work, especially the SSRGs, provide 
interesting targets for follow-up studies to enhance our 
understanding of the genetics of grain quality in rice. On 
the other hand, the results of this study can also improve 
the accuracy of the genomic selection models used to 
estimate breeding values and help implement a prag-
matic genomic selection strategy in breeding programs.

CONCLUSIONS
In this work, we were able to find putative QTL associated 
with rice grain quality. The use of locally adapted germ-
plasm with narrow genetic variance provided an oppor-
tunity to map subtle phenotypic differences that are likely 
to be overlooked with a more diverse germplasm panel. 
From the breeding perspective, the haplotypes provide 
an opportunity to examine whether substitution of alleles 
across one particular region of the QTL contributes posi-
tively or negatively to the mean performance of each trait. 
In addition, the use of a locally adapted population of elite 
breeding materials allows for immediate application in 
breeding programs, including marker-assisted introgres-
sion of favorable genomic regions conferring rice quality 
traits or targeted genome editing as the basis for future 
genetics experiments and breeding applications.

Supplemental Information
Supplemental File S1. Phenotypic means for YAM, 

PHR, and GC of each indica and tropical japonica rice 
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Supplemental File S2. Quantile–quantile (QQ) plots 
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were compared via QQ-plots of observed and expected 
p-values: naive, kinship, and eigen.

Supplemental File S3. Linkage disequilibrium decay 
for all chromosomes in the indica subpopulation.

Supplemental File S4. Linkage disequilibrium decay 
for all chromosomes in the tropical japonica subpopulation.
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and candidate gene identification. This is a description of 
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Supplemental File S6. Annotated genes within QTL 
regions. This is a list of all genes retrieved from the Michi-
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localization for all significant SNPs within QTL for YAM, 
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correlative number.
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