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ABSTRACT

Genome-wide association study (GWAS) is an effective approach for the identification of marker-trait
associations (MTA) using more diverse germplasm not constrained by specific crossing. This study used
a collection of 327 advanced indica breeding lines and varieties genotyped using a genotyping-by-
sequencing method and phenotyped in eight environments to identify MTA for grain yield (GY) and
10 related traits. The current panel of indica breeding lines were divided into two subpopulations by
three analytical methods including STRUCTURE, principal component analysis (PCA) and neighbour join-
ing (NJ) tree. STRUCTURE and PCA gave the same classification of genotypes while the NJ tree results
are slight difference in assigning genotypes to subpopulation from STRCUTURE and PCA. Wide variation
was observed for all the 11 traits in the whole panel and the two subpopulations inferred by STRUCTURE
analysis. Linkage disequilibrium (LD) analysis showed that LD decay varied across the chromosomes and
average pairwise squared correlation coefficient (r?) dropped to half of its maximum value (r?=0.25)
within a physical distance of 200 kb in the whole population. A MLM model controlling both population
structure and cryptic relatedness was chosen to identify MTA for all the 11 tested traits. A total of 452
MTA that were delineated into 43 QTL were identified for all traits but PB, SB, and SR with 39 QTL being
not reported before. Three QTL on chromosome 6, 9 and 12 were identified for GY but only in DS2. The
numbers of QTL identified for the remaining traits varied from two to 26. Most of the detected QTL were
found in only one environment. Four QTL were located in the regions containing genes/QTL previously
identified for other related traits. The effects of identified QTL were relatively small with the highest
percentage of phenotypic variance explained by a single QTL being 9.6%. The identified QTL are directly
relevant to and can be more effectively used in breeding programs.

© 2016 Published by Elsevier B.V.

1. Introduction

Rice (Oryza sativa L.) is extensively cultivated on every continent

Abbreviations: AM, association mapping; DTF, days to flowering; GN, grain num-
ber per panicle; GBS, genotyping-by-sequencing; GEI, genotype-by-environment
interaction; GLM, general liner model; GS, genomic selection; GWAS, genome-wide
association studies; GY, grain yield; LD, linkage disequilibrium; MAF, minor allele
frequency; MAS, marker-assisted selection; MET, multi-environment trials; MLM,
mixed linear model; MSD, mean squared difference; MTA, marker-trait associations;
NJ, neighbour joining; PB, primary branches per panicle; pH, plant height; PN, pani-
cle number per plant; QEI, QTL-by-environment interaction; SN, spikelet number per
panicle; SR, seed setting rate; SB, secondary branches per panicle; TGW, thousand
grain weight; TN, tiller number per plant.

* Corresponding author.
E-mail address: g.ye@irri.org (G. Ye).
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0378-4290/© 2016 Published by Elsevier B.V.

in more than 100 countries and consumed by more than half of
the world’s population (Juliano, 1993). As world population grows,
the global rice demand is estimated to rise from 439 million tons
(milled rice) in 2010-496 million tons in 2020 and further increase
to 555 million tonsin 2035 (GRiSP, 2010). Thus a significantincrease
in rice production is needed for the future of food security.

The Green Revolution in the 1960s greatly increased rice pro-
duction with at least 50% of the increase being due to adoption of
new cultivars. However, increased production potential of modern
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rice cultivars has stagnated (Nguyen and Ferrero, 2006) partially
due to its narrow genetic base resulting from narrow breeding
populations and the population bottleneck that occurred during
domestication. How to break the yield barrier is still the major
challenge for rice breeders (GRiSP, 2010; Ye et al., 2013). On the
other hand, as a model crop species for plant molecular biol-
ogy and genomics, rice has more accumulated molecular and
genomic information than most other crops. The utilization of this
genetic information offers the rice breeding community a range of
modern tools and methods for addressing this challenge. An inte-
grated strategy was proposed by the International Rice Research
Institute (IRRI) to increase breeding efficiency by effectively and
efficiently utilizing well proven conventional breeding methods,
new techniques and methods enabled by modern molecular biol-
ogy and genomics and advanced methods in experimental design
and data analysis (GRiSP, 2010; Ye et al.,2013). This strategy utilizes
(marker-assisted) recurrent selection to quickly pyramid the major
genes/QTL in the first few selection cycles and maintain genetic
variation contributed by many minor genes to be explored in later
cycles, explores genomic selection (GS) for reducing the breeding
cycles and the costs of phenotyping and adopts advanced experi-
mental design and data analysis methods to improve heritability
(Yeetal.,, 2013).

To implement this strategy, 392 advanced breeding lines and
cultivars from many breeding programs in different countries
representing the genetic diversity of breeding gene pools for irri-
gated ecosystems were collected to be used as part of the base
breeding population. This population has been phenotyped via
multi-environment trials (METs) in South-east Asia and genotyped
using markers for well-characterized genes/QTL and genome-
wide markers to obtain essential information for designing more
efficient mating and selection schemes of this general breeding
strategy. Phenotypic analysis and basic genotypic analysis were
used to remove erroneous lines and lines unadapted to the tar-
geted tropical and subtropical environments and to investigate
genotype-by-environment interaction (GEI) for GY (Liang et al.,
2015). Thirty-nine cloned or fine-mapped genes/QTL for GY and
related traits were tested for their usefulness through association
analysis (Liang et al., 2016). Significant gene-by-environment inter-
action was found for all of the genes/QTL and GY could not be
well predicted using the markers significantly associated with the
measured traits. More marker-trait associations (MTA) need to be
identified for grain yield improvement.

Considering that the majority of the well characterized
genes/QTL were identified using biparental populations derived
from contrasting parents, it is not unexpected that their transfer-
ability to breeding populations is low. An alternative method for the
detection of MTA is association mapping (AM). AM identifies MTA
caused by linkage disequilibrium (LD), which is the non-random
association of alleles at separate loci. AM utilizes ancestral recom-
bination events to identify MTA and provides comparatively higher
mapping resolution than the biparental linkage analysis (Zhu et al.,
2008). AM has been successfully employed in rice to identify MTA
for a range of traits, including yield and yield components (Agrama
et al., 2007), cold tolerance (Cui et al., 2013), grain quality, flower-
ing time (Ordonez et al., 2010) and harvest index (Li et al., 2012).
Many associated markers found in these studies were in regions
where QTL have previously been identified. The development of
several next generation sequencing platforms makes GWAS more
and more popular. Using shallow sequencing, a total of 80 MTA
for 14 agronomic traits were identified, explaining an average of
about 36% of the phenotypic variance (Huang et al., 2010). Among
these loci, six were close to known genes OsC1 (chromosome 6),
ALK (chromosome 6), Rc (chromosome 6), gSW5 (chromosome
5) and GS3 (chromosome 3), respectively. The same method was
applied to a larger collection of 950 worldwide rice varieties and

identified a total of 32 new loci for flowering time and 10 grain-
related traits (Huang et al., 2012). Zhao et al. (2011) performed
GWAS using a global collection of 413 rice accessions genotyped
using a high-quality custom-designed 44,100 SNP array and phe-
notyped for 34 traits including morphological, developmental and
agronomic traits over two consecutive crop seasons. Dozens of
common variants influencing numerous complex traits were iden-
tified.

AM is usually conducted using panels of diverse germplasm.
While maximizing the genetic diversity, which is beneficial for
identifying novel QTL and candidate genes that underlie traits of
interest, these panels may not be adapted to identifying relevant
variations directly useful in breeding programs (Bordes etal., 2014).
Any identified QTL should be validated in a breeding population
before they can be used in selection. AM in locally-adapted breeding
material should be of more practical benefit to breeders (Bernardo,
2008), since identified beneficial alleles could be incorporated into
the creation of new cultivars with limited deleterious effect (Pauli
et al.,, 2014). Empirical studies in wheat and barley demonstrated
that GWAS using elite breeding populations is an effective strategy
for integrating new genomic technologies into the development of
superior cultivars (Bordes et al., 2014; Mohammadi et al., 2015;
Pauli et al., 2014; Pozniak et al., 2012). Recently, GWAS performed
using a population of elite indica rice breeding lines from IRRI’s irri-
gated breeding program genotyped with GBS identified 52 QTL for
11 agronomic traits, with some QTL being co-localized with QTL
identified before (Begum et al., 2015). However, the genome-wide
reduction of genetic diversity caused by intensive selection during
breeding could reduce the efficiency of AM for some traits. A pop-
ulation mixing lines from several breeding programs, each led by
independent breeders with their own germplasm, could increase
the level of diversity for an efficient use of AM (Bordes et al., 2014).

The main objective of this study was to identify MTA/QTL
for GY and 10 related traits using the base breeding population
assembled for future indica rice breeding for irrigated ecosystem
at IRRI. More than 321k markers were generated by the newly
developed genotyping-by-sequencing (GBS) method and 76k high
quality markers with good genome coverage were used. Population
structure of the panel was studied using a model-based Bayesian
cluster analysis implemented in STRUCTURE (Falush et al., 2003;
Pritchard et al., 2000a), principal component analysis (PCA) and
nearest neighbour joining (NJ) methods (Saitou and Nei, 1987). LD
patterns of the whole populations and the inferred subpopulations
were investigated. To reduce false positives caused by population
structure and unequal relatedness among genotypes (lines) four
statistical models were compared using the QQ plot and mean
squared difference (MSD) between expected and observed p val-
ues from analysis proposed by Stich et al. (2008). The PK model
was chosen to detect MTA for all the trait environment combina-
tions. A total of 452 MTA that were delineated into 43 QTL were
identified for GY and seven related traits.

2. Materials and methods
2.1. Plant materials and phenotyping

Three hundred and ninety two rice varieties or advanced lines
developed for the irrigated lowland ecosystem were used in this
study to achieve a lagre amount of genetic diversity. The majority
of the lines were from IRRI (225). A good number of lines were
also from PhilRice (38), CIAT (19), China (14) and Vietnam (10)
(Supplementary Table S1). Phenotyping was conducted in Jiangxi
(JX) and Sichuan (SC) in China and IRRI headquarters (Los Bafios,
Philippines). The experiments in JX and SC were conducted in
one crop season in 2012. At IRRI, the experiments were carried
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Fig.1. Population structure analysis using STRUCTURE based on 1072 SNPs. (a) AKand LnP(D) as a function of the number of subpopulations (k), (b) population sub-structuring.
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out in both dry season (DS) and wet season (WS) of 2012. Three
nitrogen fertilizer application rates, no nitrogen, low (90kgha=1)
and high (180kgha~1), were used to create three artificial envi-
ronments in the DS, designated as DS1, DS2 and DS3, respectively.
Similarly, three nitrogen fertilizer application rates, no nitrogen,
low (45kgha~') and high (90kgha~1), were used to create three
artificial environments in the WS, designated as WS1, WS2 and
WS3, respectively. GY and 10 related traits including GN, PN, TGW,
SN, SR, PB, SB, TN, DTF and pH were measured. The traits measured
included GY, grain number per panicle (GN), panicle number (PN),
thousand grain weight (TGW), spikelets number per panicle (SN),
seed setting rate (SR), number of primary branches per panicle (PB),
number of secondary branches per panicle (SB), tiller number per
plant (TN), days to flowering (DTF) and plant height (pH). All 11
traits were measured in the experiments conducted at IRRI except
for DS2 with only DTF, pH, PN, GY and TGW being measured. GY,
DTF, GN, pH, PN, TGW and SR were measured in SC, while GY, DTF,
GN, pH and SR were measured in JX. Detailed trial description and
trait measurement were given in Liang et al. (2015).

2.2. Genotyping and GBS data analysis

Young leaf tissue of a single plant was collected from each
line. DNA extraction was performed using the commercial Qiagen
DNeasy 96 Plant kit (cat. no. 69181) following the manufacturer’s
protocol. Library preparation, sequencing, SNP discovery and call-
ing were performed using 384-plex GBS by the Cornell University
using the protocol described by Elshire et al. (2011). Imputation
of missing values in the unfiltered SNP data was performed using
the software TASSEL 3.0 with default settings. The algorithm works
by dividing the SNPs into small SNP windows, then identifying the
most similar inbred lines within each window to fill the missing
data. The algorithm takes advantage of small identical by decent
(IBD) regions shared between pairs of inbred lines in the collection.
If the window from the closest neighbour has more than 5% differ-
ence from the line being imputed, the data point is left as missing
(Romay et al., 2013). To further improve data quality, other checks
were carried out. SNPs with minor allele frequency (MAF) <5% or
heterozygosity rate >5% were discarded after imputation.

2.3. Statistical analysis

The number of lines used in population structure detection, LD
analysis and association analysis was 327 (Table S1), since 19 lines
confirmed to be tropical japonica, lines with low genotyping quality
and a few lines detected as outliners using STRUCTURE based on 50
evenly distributed SSR markers were removed.

2.3.1. Population structure

A subset of 1072 SNPs markers evenly distributed on the 12
chromosomes were chosen to detect population structure of the
association panel using a model-based Bayesian clustering analysis
method implemented in the software STRUCTURE 2.3.4 (Pritchard
et al.,, 2000a). An admixture model with correlated allele frequen-
cies was used. The number of groups (k) varied from 1 to 10, with
burn in 5000 followed by 100,000 MCMC (Markov Chian Monte
Carlo)iterations. Fifteen independent runs were conducted for each
k. The optimal number of subpopulations was determined based on
change of the LnP(D) and the Delta k method proposed by Evanno
et al. (2005). PCA was performed with all 76,452 SNPs using GAPIT
R package (Lipka et al., 2012). The first three principal components
were used to visualize the dispersion of the association panel in a
graph. PCA was also analyzed in the subpopultions derived from
the STRUCTURE anlaysis. The pairwise similarity coefficients were
calculated for all pairwise combinations of the 327 lines accord-
ing to the method developed by Nei and Li (1979) in the software

TASSEL v.5.2.11 (Bradbury et al., 2007). The NJ tree based on this
gentic similarity matrix was constructed accordingly. To display the
familial relationship, a heatmap of the kinship matrix was built up
in R (R Core Team, 2015).

2.3.2. Linkage disequilibrium analysis

Genome-wide LD analysis was performed for the whole panel
and the two subpopulations. LD was measured using squared allele
frequency correlations (r2) between marker pairs, which was cal-
culated using software TASSEL5.2.11 by setting the sliding window
size at 50. The loci was considered to be in significant LD when
p<0.001. The pattern and distribution of intra-chromosomal LD
within the whole population and each of the two subpopulaiton
was visualized and studied from LD plots generated for the whole
geome and each of the chromosomes using R (R Core Team, 2015).
To investigate the average LD decay in the whole genome signifi-
cantintra-chromosomal r2 values were plotted against the distance
(bp) between markers. The LD decay was measured as the physi-
cal distance (kb) at which r? dropped to half of its maximum value
(Huang et al., 2012).

2.3.3. Association analysis

Genotypic best linear unbiased estimations (BLUEs) obtained
from the single-site phenotypic analysis (Liang et al., 2015) was
used as phenotypes for association analysis. Kinship matrix (K)
which measured the genetic similarity between individuals as
the proportion of times a given pair of individuals had the same
genotype across all SNPs (IBS values) was calculated using TASSEL
v.5.2.11 (Bradbury et al., 2007). The following models implemented
in TASSEL were tested to choose the best model: (i) Q model, a gen-
eral liner model (GLM) including population structure coefficients
derived from STRUCTURE (Q matrix) as covariates; (ii) K model, a
mixed linear model (MLM) using K to account for unequal genetic
relatedness among genotypes; (iii) QK model,a MLM including both
QandK correcting for population structure and genetic relatedness;
(iv) PK model, a MLM including both the first three significant PCs
of a PCA of all SNPs as covariates and K. For model comparison, the
MSD between the expected and observed p values was computed
for each model. The model with the smallest MSD was selected
as the most appropriate model (Stich and Melchinger, 2009). For
each trait, positive false discovery rate (pFDR; q value) was calcu-
lated using the QVALUE in R (Storey and Tibshirani, 2003; Storey,
2002).Aqvalue cut off of 0.1 was used for declaring significant asso-
ciations. Significant markers with r2 higher than 0.1-0.2 (varying
among chromosomes) were delineated into a single QTL.

3. Results
3.1. Population structure and genetic relatedness between lines

Analysis using a model based approach implemented in STRUC-
TURE resulted in two optimal subpopulations based on the change
of delta k (Fig. 1a). LnP(D) value was an increasing function of k
for all the values observed. However, the biggest increase of LnP(D)
was observed when k increased from one to two (Fig. 1a). There-
fore, the association panel was grouped into two subpopulations
with 234 and 93 lines, respectively (Fig. 1b). Table S1 listed the lines
in each subpopulation and summarizes the number of lines from
different regions/programs of the two subpopulations. All the 93
lines in the subpopulation 2 were from IRRI's breeding programs.
All the lines from Pakistan (2), India (3), Africa Rice (4), Bangladesh
(6), Indonesia (6), Vietnam (10), China (14), CIAT (19) and PhilRice
(38) fell into subpopulation 1 along with 132 IRRI lines.

The PCA analysis showed that the first three PCs explained 15.3%,
3.9% and 2.6% of the total variance, respectively. The panel was
grouped into two subpopulations (Fig. 2a) according to the first
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Fig. 2. Population structure detection using a principal component analysis (PCA). (a) The whole panel of 327 lines, with two subpopulations clearly visible (b) Subpopulation

1 of 234 lines, (¢) Subpopulation 2 of 93 lines.

Table 1
Chromosome (Chr) size and SNP markers per Chr in the whole population and the
two subpopulations inferred by STRUCTURE.

Chr Size (Mb)  Whole population Subpopulation 1 Subpopulation 2

SNP kb/SNP  SNP Kb/SNP  SNP Kb/SNP
1 433 8610 5.0 5357 8.1 3252 133
2 35.9 8035 45 5342 6.7 2693 133
3 36.4 5041 7.2 3905 9.3 1136  32.0
4 35.5 8664 4.1 6862 5.2 1802 19.7
5 30.0 5977 5.0 4199 741 1778 16.8
6 31.1 5629 55 4091 7.6 1538  20.2
7 29.6 5207 5.7 3875 7.7 1331 223
8 284 7000 4.1 5094 5.6 1906 149
9 22.6 4908 4.7 3640 6.3 1267 178
10 22.8 5104 45 3346 6.9 1758 13.0
11 29.0 6663 44 4666 6.2 1997 145
12 274 5614 49 3811 7.2 1803 152
Total 372.1 76452 4.9 54188 6.9 22261 16.7

PC. The grouping of lines into two subpopulations was the same
as the STRUCTURE analysis. PCA analysis conducted within each
subpopulation found that the first three PCs explained 5.8% (7.4%),
4.0% (5.7%) and 2.6% (5.2%) of the total variance, respectively for
subpopulation 1 (subpopulation 2) (Fig. 2b and c). No obvious sub-
structure was found within either of the subpopulations.

Two distinct subpopulations were also resulted from the NJ tree
on the basis of the genetic similarity matrix (Fig. 3). There was
very slight difference in assigning genotypes to subpopulation com-
pared to STRCUTURE and PCA. Four lines in the subpopulation 1
derived from STRUCTURE and PCA analyses were assigned to the
subpopulation 2 by the N]J tree.

The kinship coefficients for all the pairwise combinations among
the 327 lines ranged from O to 2, with a mean of 0.58. There were
about 0.18% distantly related genotype pairs with kinship being
lower than 0.10 and 0.46% highly related genotype pairs with kin-
ship being higher than 1.50 (Fig. 4a). The majority of the genotype
pairs had kinship similar to half-sibs (kinship=0.5). Generally, the
relationship within a breeding population was greater than among
the breeding populations. The unequal familial relatedness among
genotypes could be easily seen in the heatmap (Fig. 4b).

3.2. Linkage disequilibrium

The numbers of markers used were 54,188 and 22,261 for sub-
population 1 and subpopulation 2, respectively (Table 1). In the
whole panel, the r? estimate was as high as 0.25 (Fig. 5a). The
mean r2 among the individual chromosome ranged from 0.21 to
0.34 (Fig. 5b). LD varied along individual chromosome with regions
of high LD interspersing with regions of low LD. As expected, the
r2 value declined with the increasing physical distance between

markers. The average r? for the whole genome decreased to half its
maximum value (0.25) within 200 kb in the whole panel (Fig. 5a).
The LD decay was slower for the chromosomes 8, 12, 1 and 6. The
average r2 dropped to half of its maximum within 250 kb for chro-
mosomes 8 and 12, and 210 kb for chromosomes 1 and 6 (Fig. 5b).
LD decay was faster for chromosomes 2, 9 and 10. The average r2
dropped to half of its maximum within 130 kb for chromosomes 2
and 9 and 150 kb for chromosome 10.

In subpopulation 1 the average r2 for the whole genome also
dropped to half of its maximum (0.36) within 190kb while it
dropped to half of its maximum value (0.65) within 350 Kb in
the subpopulation 2 (Fig. 5a). Similar to the whole panel, the LD
decay patterns differed among chromosomes within both of the
two subpopulations as well (Fig. 5b). The maximum r? for individ-
ual chromosome varied from 0.30 to 0.45 in the subpopulation 1
and from 0.59 to 0.76 in the subpopulation 2 (Fig. 5b). For sub-
population 1, the LD decay was slower for the chromosomes 12,
3, 4 and 6. The mean r? dropped to half of its maximum within
260kb for chromosome 12, 240 kb for chromosome 4, and 230 kb
for chromosomes 4 and 6, respectively (Fig. 5b). LD decay was faster
for chromosomes 9, 10, 11, 2 and 8 with the mean r? dropping to
half of its maximum value within 100 kb, 130 kb, 130 kb, 140 kb and
140 kb, respectively. For the subpopulation 2, a slower LD decay was
observed for chromosomes 1, 8, and 12, with r2 dropping to half of
its maximum value within 490 kb, 420 kb, and 400 kb, respectively
(Fig. 5b). For chromosomes 9, 5, and 10, the mean r? dropped to half
of its maximum within 170 kb, 180 kb and 260 kb, respectively.

3.3. Association analysis

3.3.1. Comparison of models

To choose the most appropriate model for association analysis
for all tested traits, four models were tested to detect associations
between SNP markers and selected traits from selected environ-
ments. Since significant population structure was present in our
association panel, only four models considering population struc-
ture and/or relatedness among the individuals including Q, K, QK
and PK models were tested. The four models were used to detect
the associations between SNP markers and DTF in the environ-
ments DS2, SC, WS1 and WS2 and DTF, GY, PN and TGW in DS2.
Model comparison was made using the QQ plot, which is based
on the observed and expected p values. The ideal distribution of
p values should follow a uniform distribution with less deviation
from the expected p values (Kang et al., 2008). Fig. 6a gave the QQ
plots for the associations between markers and DTF measured in
DS2, SC, WS1 and WS2. The p values of the Q model significantly
deviated from the Y=X line for the four environments. The K, QK
and PK models showed an improved fit for p values and the three
models behaved very similarly in the four environments. Fig. 6b
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Fig. 4. Distribution (a) and heatmap (b) of relative kinship coefficient across the 327 lines on 76,452 SNPs.

gave the QQ plots for the associations between markers and DTF,
GY, PN and TGW measured in DS2. The Q model showed a severe
extent of inflation of p values for the four traits, especially for PN.
For TGW, the p values of the Q model were close to the other three
models, especially at the high value level. The K, QK and PK mod-
els behaved very similarly for the four traits in DS2. The result

suggested that MLM using either kinship alone or both kinship and
population structure could sufficiently account for structure and
cryptic familial relatedness among the individuals in the current
association panel. Association analysis was then carried out for all
the traits in all the testing environments using the K, QK and PK
models. MSD indicated that the most appropriate model was the
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Fig. 6. Quantile-quantile (QQ) plots of Log p values. (a) Four models for GY in environments DS2, SC, WS1 and WS2; (b) Four traits including DTF, GY, PN and TGW in DS2.

PK model (Stich and Melchinger, 2009). Therefore only the results
from the PK model were presented.

3.3.2. Marker-trait associations

Wide variation was observed for all the tested traits within the
whole panel and the two subpopulations based on the average data
across the eight testing environments (Fig. 7 and Table 2). Using the
PK model, 452 significant MTA were identified for eight out of the
11 tested traits. The Manhattan plots and QQ plots for GY, DTF and
PN in DS2 were shown in Fig. 8 to demonstrate the quality of our
GWAS while those for other trait-environment combinations were
given in Supplementary Fig. S1-S15. The details of MTA were given
in Table S2. By delineating markers with r? higher than 0.1-0.2
(varying among chromosomes) into a single QTL, there were total
of 43 QTL (Tables 3-5).

For GY, three QTL, qGY-6, qGY-9, and qGY-12 were identified but
only in DS2 (Table 3). They were on chromosome 6, 9 and 12, and
explained 6.7%, 8.6% and 6.3% of the phenotypic variation, respec-
tively. There were 11 markers within these three QTL regions. The
peak SNP for gGY-6is a T/C polymorphism with the C allele increas-
ing GY. The peak SNPs for qGY-9 and qGY-12 are G/A polymorphisms
with the A allele increasing GY. A total of 19, 22 and 16 lines had
the increasing alleles, respectively. Four lines, 259, 31, 331 and 330
carry the increasing alleles of all three QTL. Line 259 ranked first in
DS2, and lines 31 and 331 ranked fifth and 23rd, respectively. The
yield data for line 330 in DS2 was missing due to rat damage.

Fourteen markers displayed significant associations with GN.
These markers were grouped into four QTL on chromosome 2, 4, 8
and 9, respectively (Table 3). gGN-2, qGN-4 and qGN-8 were iden-
tified in WS1 and explained 7.5%, 7.5% and 5.8% of the phenotypic
variation, respectively. gGN-9 was detected in WS3 and accounted
for 7.6% of the total phenotypic variation. The peak SNPs for the
four QTL are T/C, A/G, C/A and A/G polymorphisms with the T, G,
A and G alleles increasing GN, respectively. There were 264, 23, 33
and 19 lines carrying the GN-increasing alleles of the peak SNPs of
the four QTL, respectively. No line carries the increasing alleles of
the peak SNPs of all the four QTL. Four lines, 75, 124, 225 and 355
that carry the increasing alleles of three of the four QTL but gGN-9
ranked 22, 32, 35 and 100 in WS1, respectively.

Two QTL involving six markers were significantly associated
with pH (Table 3). These two QTL were on chromosome 1 and 9 and
explained 6.8% and 7.8% of the phenotypic variation, respectively.

The peak marker of gpH-1 is a G/T polymorphism with the G allele
increasing pH while the marker of gpH-9 is a C/G polymorphism
with the C allele being associated with increased pH .

Three markers on chromosome 9 were found to be associated
with SN. These three markers were delineated into two QTL, gSN-
9-1, and gSN-9-2 (Table 3). The QTL gSN-9-1 was identified in the
average environment and explained 7.0% of the phenotypic vari-
ation while gSN-9-2 was detected in the average environment
and WS3, explaining 7.9% and 8.0% of the phenotypic variation,
respectively. The peak markers for the two QTL are both G/A poly-
morphisms with the A allele of the former and the G allele of latter
increasing SN.

Twenty three markers on chromosome 11 were found to be
significantly associated with TGW but only in SC (Table 3). These
markers were delineated into two QTL explaining 5.9% and 7.5%
of the total phenotypic variation, respectively. The peak marker of
qTGW-11-1 is an A/G polymorphism with the A allele increasing
TGW while the peak marker of gTGW-11-2 is a G/T polymorphism
with the T allele increasing TGW. The number of lines carrying
increasing allele was 195 and 21, respectively. No line carries both
of the increasing alleles.

Twenty-six significantly associated markers in four QTL regions
were found for TN (Table 3). These QTL were on chromosome 2, 8,9
and 9. gTN-2 and qTN-8 were identified in WS3, explaining 8.9% and
6.3% of the phenotypic variation, respectively. qTN-9-1 and qTN-9-
2 were detected in WS2, explaining 6.2% to 8.7% of the phenotypic
variation, respectively. The peak marker of gTN-2 is a G/A polymor-
phism with the A allele increasing TN. The peak markers of gTN-8,
qTN-9-1 and qTN-9-2 are all A/T polymorphisms with the T allele
of the first two and the A allele of the last one increasing TN. The
number of lines carrying the increasing allele was 58, 289, 299 and
19, respectively.

For DTF, nine QTL were identified (Table 4). There
were 116 markers in the nine QTL regions. Three QTL
were located on chromosome 3. ¢DTF-3-1 was associ-
ated with DTF in DS2, WS1, WS2, and WS3, explaining
9.4%, 8.1%, 7.2% and 7.1% of the phenotypic variation,
respectively. The peak marker of gDTF-3-1 varied in the four
environments. gDTF-3-2 was associated with DTF in WSI1
and explained 4.9% of the phenotypic variation. The peak
marker for ¢DTF-3-2 is a G/A polymorphism with the A
allele being associated with earlier heading. gDTF-3-3 was
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Mean, standard deviation (SD) and range of yield and 10 related traits estimated in the whole population and the two subpopulations inferred by STRUCTURE.

Trait? Whole population Subpopulation 1 Subpopulation 2
Mean + SD Range Mean +SD Range Mean + SD Range

GY 687.6 +£84.4 429.8-982.9 675.6 £83.7 429.8-982.9 717.5+79.0 587.0-962.3
DTF 92449 79-104 91+0.04 79-103 944+4.0 85-104
GN 103.7+13.6 76-147 104.7 £ 149 76-147 101.3+9.5 82-125
PB 10.1+0.9 7-13 10.0+£0.9 7-12 10.5+0.8 9-13
pH 100.6+7.2 75.2-124.6 99.7+7.6 75.2-124 102.7+5.5 85.8-115.0
PN 9.1+1.7 6-20 8.8+1.6 6-14 9.6+1.9 7-20
SB 244+3.6 15-39 24.5+3.8 15-39 241+3.0 18-34
SN 12494169 88-200 125.3+18.7 88-200 23.7+114 98-151
SR 82.0+3.8 71.23-91.02 82.4+36 72.74-89.20 80.9+34.0 71.23-91.02
TGW 26.69+2.25 18.21-36.43 26.66 +£2.40 18.21-36.43 26.79+1.8 22.41-32.50
TN 8.7+13 5-16 8.6+1.4 5-16 8.8+1.1 7-14
2 See abbreviations list for trait descriptors.

Table 3

QTL for GY, GN, pH, SN, TGW, and TN identified by GWAS with q value less than 0.1.
Trait? Env® Marker Chre Pos¢ Interval(NM€) QTL q R2! Major? Minor" Effect!
GY DS2 S6.22641374 6 22641374 22.64(3) qGY-6 0.051 0.067 T C —295.01
GY DS2 $9.22230978 9 22230978 22.19-22.23(9) qGY-9 0.014 0.086 G A —335.09
GY DS2 $12.16504535 1 16504535 16.50(1) qGY-12 0.081 0.063 G A —320.08
GN Ws1 $2.6491433 2 6491433 6.44-6.56(9) qGN-2 0.016 0.075 T C 15.87
GN WS1 S4.33386030 4 33386030 33.35-33.39(2) qGN-4 0.016 0.075 A G -29.06
GN Ws1 $8.26716249 8 26716249 26.72(1) qGN-8 0.093 0.058 C A -16.24
GN ws3 $9.22503856 9 22503856 22.50(2) qGN-9 0.045 0.076 A G -30.44
pH DS1 $1.42469942 1 42469942 42.47-42.62(4) qpH-1 0.080 0.078 G T 4.53
pH DS1 $9.6666230 9 6666230 6.67-6.71(2) qpH-9 0.087 0.068 C G 5.44
SN Ave $9.19599366 9 19599366 19.60(1) qSN-9-1 0.044 0.070 G A -14.27
SN WSs3 $9.22503856 9 22503856 22.50(2) qSN-9-2 0.025 0.080 A G -32.66
SN Ave $9.22503857 9 22503857 22.50(2) qSN-9-2 0.023 0.079 A G -23.97
TGW Ne $11-20183569 1 20183569 20.00-20.33(22) qTGW-11-1 0.031 0.075 A G 229
TGW NG $11.26273587 1 26273587 26.27(1) qTGW-11-2 0.095 0.059 G T -2.68
TN WSs3 S2.31613390 2 31613390 30.98-31.75(7) qTN-2 0.013 0.089 G A -1.50
N Wws3 $8.26164899 8 26164899 26.16(1) qTN-8 0.083 0.063 A T -1.31
TN Wws2 $9.6918094 9 6918094 6.92(2) qTN-9-1 0.044 0.062 A T -1.23
TN WS2 $9.12223796 9 12223796 12.21-12.27(16) qTN-9-2 0.007 0.087 T A -1.77
2 See abbreviation list for trait descriptors.
b Env, environment in which the QTL was detected (see abbreviation list for environment descriptor).
¢ Chr, Chromosome.
d Pos, physical position (in bp).
¢ NM, number of significant SNP markers within the QTL interval.
f R2, variance explained by the marker.
& Major, major allele.
b Minor, minor allele.
i Effect, effect of the major allele of the most significant marker within the QTL interval.

Table 4

QTL for DTF identified by GWAS with q value less than 0.1.
Env? Marker Chr? Pos© Interval(NM?) QTL q R2¢ Major' Minor® Effect”
Ws1 $1.22687304 1 22687304 22.69(1) qDTF-1 0.058 0.052 C G -3.38
DS2 S3.550877 3 550877 0.26-1.40(204) qDTF-3-1 0.050 0.072 T G -5.71
WSs3 S3.885458 3 885458 0.26-1.40(204) qDTF-3-1 0.014 0.081 G T 539
WS2 S3.1166378 3 1166378 0.26-1.40(204) qDTF-3-1 0.051 0.071 C T -3.72
Ws1 $3.1166378 3 1166378 0.26-1.40(204) qDTF-3-1 0.003 0.094 C T -5.81
WS1 $3.1682760 3 1682760 1.68(1) gqDTF-3-2 0.071 0.049 G A 3.55
WS2 S3.34390019 3 34390019 34.39(1) qDTF-3-3 0.058 0.060 T C 447
DS2 $3.34390019 3 34390019 34.39(1) qDTF-3-3 0.091 0.053 T C 4.82
WSs3 S4.31516736 4 31516736 31.52(2) qDTF-4 0.013 0.085 T A —4.85
WS2 S4.31516736 4 31516736 31.52(2) qDTF-4 0.058 0.062 T A -3.80
Ws1 S4.31516736 4 31516736 31.52(2) qDTF-4 0.011 0.066 T A —4.00
WS2 $5.20558247 5 20558247 20.56(2) qDTF-5 0.062 0.058 T A -3.79
Ws1 $5.20558247 5 20558247 20.56(2) qDTF-5 0.006 0.077 T A -4.81
Ws1 S7-20665062 7 20665062 18.77-20.66(2) qDTF-7 0.033 0.057 C T 3.07
Ws1 $9.7844994 9 7844994 7.84(1) qDTF-9 0.052 0.051 C T 5.54
X $10.2734797 10 2734797 2.73-2.93(8) gDTF-10 0.067 0.083 T C 6.14

2 Env, environment in which the QTL detected (see abbreviation list for environment descriptor).

b Chr, Chromosome.
¢ Pos, physical position (in bp).

4 NM, number of significant SNP markers within the QTL interval.

¢ R?, variance explained by the marker.
f Major, major allele.
€ Minor, minor allele.

b Effect, effect of the major allele of the most significant marker within the QTL interval.
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Fig. 7. Box plots showing the distribution of average BLUEs (y axis) of GY, DTF, pH, GN, PN, PB, SB, SN, SR, TGW and TN within whole panel (whole), subpopulation 1 (sub1)
and subpopulation 2 (sub2) inferred by STRUCTURE.

detected in DS2 and WS2 and explained 6.0% and 5.3% of the peak marker of gDTF-3-4 is a T/A polymorphism with the T allele
phenotypic variation, respectively. The peak marker for gDTF-3-3 promoting heading. gDTF-3-5 was identified in WS1 and WS2,
is a T/C polymorphism with the C allele promoting heading. gDTF- explaining 7.7% and 5.8% of the phenotypic variation, respectively.
3-4 was associated with DTF in WS1, WS2, and WS3, explaining The peak marker of gDTF-3-5 is a T/A polymorphism with the T
6.6%, 6.2% and 8.5% of the phenotypic variation, respectively. The allele promoting heading. gDTF-3-7 and gDTF-3-9 were identified
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Fig. 8. Manhattan plots and QQ plots resulting from the GWAS for GY (a, d), DTF (b, e), and PN (c, f) in DS2.

in WS1 and explained 5.7% and 5.1% of the phenotypic variation,
respectively. The peak markers of gDTF-3-7 and qDTF-3-9 are C/T
polymorphism with the T allele promoting heading. In JX, one
QTL, gDTF-3-10, was identified to be associated with DTF and
explained 8.3% of the phenotypic variation. The peak SNP is a T/C
polymorphism with the C allele promoting heading. Combinations
of alleles promoting/delaying heading resulted much earlier/later
heading date. For example, for the latest two lines (DTF=104) in
WS1, six of the seven alleles of respective QTL were associated
with late heading.

For PN, 26 QTL containing 134 markers were identified on chro-
mosome 1, 2, 3,4, 6,7,9, 10 and 11 (Table 5). The percentage of
phenotypic variation explained ranged from 4.6% (qPN1-1 in DS2)
to 9.6% (qPN-6-3 in DS2). A single QTL was identified on chromo-
some 9 (qPN-9) and 12 (gqPN-12), respectively. gPN-9 and qPN-12
explained 8.0% and 4.9% of the phenotypic variation, respectively.

The peak marker for gPN-9 is a T/A polymorphism with the A allele
increasing PN. The peak SNP for gPN-12 is an A/C polymorphism
with the A allele increasing PN. Two QTL were identified on chro-
mosome 2 (qPN-2-1 and gPN-2-2), 4 (qPN-4-1 and gPN-4-2) and 10
(gPN-10-1 and gPN-10-2), respectively. gPN-2-1 was identified in
WS2 and WS3, accounting for 5.6% and 8.1% of the phenotypic vari-
ation, respectively. Different markers peaked in this QTL region in
the two environments. The peak SNP is an A/T polymorphism with
the T allele increasing PN in WS2, while is a G/A polymorphism with
the A allele increasing PN in WS3. gPN-2-2 was identified in DS2 and
explained 5.3% of the phenotypic variation. The associated SNP is
a C/T polymorphism with the T allele increasing PN. gPN-4-1 was
detected in DS2 and explained 4.7% of the phenotypic variation. The
peak marker is an A/G polymorphism with the G allele increasing
PN. gPN-4-2 was detected in WS2 and explained 5.8% of the pheno-
typic variation. The peak marker is a G/T polymorphism with the G
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Table 5

QTL for PN identified by GWAS with q value less than 0.1.
Env? Marker ChrP Pos© Interval(NM?) QTL q R2¢ Major' Minor® Effect”
DS2 S$1.7023757 1 7023757 6.19-7.02(2) gqPN-1-1 0.092 0.047 C T -3.13
DS2 S1.11793133 1 11793133 11.79(3) gPN-1-2 0.017 0.074 C T —-4.31
Ave S1.11793133 1 11793133 11.79(3) gPN-1-2 0.059 0.066 C T -1.77
DS2 S$1.13102888 1 13102888 13.10(1) gPN-1-3 0.091 0.048 A C -3.76
WS2 S$1.18835949 1 18835949 18.84(1) gqPN-1-4 0.032 0.071 T G -1.59
WS2 $2.31105099 2 31105099 31.11-31.61(2) gqPN-2-1 0.097 0.056 A T -1.07
WS3 $2.31613390 2 31613390 31.11-31.61(2) gqPN-2-1 0.037 0.081 G A -1.57
DS2 $2.35210846 2 35210846 35,21-35.24(2) gPN-2-2 0.085 0.053 C T —3.28
DS2 S$3.519551 3 519551 0.34-0.52(11) gPN-3-1 0.019 0.070 G T —-4.16
DS2 $3.3849936 3 3849936 3.85(5) gPN-3-2 0.085 0.053 G C -3.39
WS2 S$3.20032981 3 20032981 20.03(2) gPN-3-3 0.073 0.059 A G —-1.45
DS2 S4.456956 4 456956 0.46-0.56(4) qPN-4-1 0.095 0.047 A G —-3.34
WS2 S4.18880870 4 18880870 18.88(1) qPN-4-2 0.091 0.058 G T 1.21
DS2 S$6-658071 6 658071 0.47-0.66(4) gqPN-6-1 0.077 0.057 C T -3.80
DS2 S6.2174568 6 2174568 2.12-2.19(6) qPN-6-2 0.085 0.051 T C -3.16
DS2 S6.22641374 6 22641374 22.64(3) gqPN-6-3 0.001 0.096 T C —-4.90
Ave 56.22641374 6 22641374 22.64(3) qPN-6-3 0.013 0.080 T C -1.80
DS2 S6.26068703 6 26068703 26.07-26.16(15) qPN-6-4 0.085 0.053 A G —4.04
DS2 S7.858133 7 858133 0.86-1.16(17) gqPN-7-1 0.017 0.073 A G —-4.39
DS2 S$7.17450613 7 17450613 17.45(1) qPN-7-2 0.085 0.052 A G 4.19
DS2 S$7-21459811 7 21459811 21.41-22.14(4) gqPN-7-3 0.085 0.056 G C -3.89
DS2 S7.23435774 7 23435774 23.44(1) qPN-7-4 0.085 0.055 A T —3.65
WS2 $9.12223796 9 12223796 12.21-12.26(16) gqPN-9 0.020 0.080 T A -1.69
DS2 5102888145 10 2888145 2.83-3.0(13) gPN-10-1 0.045 0.064 T C —4.23
DS2 $10.14091112 10 14091112 14.09(1) gPN-10-2 0.085 0.048 T C -3.07
DS2 S11.7252823 11 7252823 7.25(1) gPN-11-1 0.085 0.050 C T —3.45
DS2 $11.20916392 11 20916392 20.92(1) gPN-11-2 0.022 0.070 A C —4.62
DS2 S$11.22242728 11 22242728 22.01-22.24(15) gPN-11-3 0.085 0.054 G C -3.90
DS2 $12.20919811 12 20919811 20.92(1) gPN-12 0.094 0.049 C A —3.187

Env, environment in which the QTL detected (see abbreviation list for environment descriptor).

Pos, physical position (in bp).

NM, number of significant SNP markers within the QTL interval.
¢ R?, variance explained by the marker.
f Major, major allele.
€ Minor, minor allele.

a
b Chr, Chromosome.
c
d

h Effect, effect of the major allele of the most significant marker within the QTL interval.

allele increasing PN. The two QTL on chromosome 10 were detected
in DS2 and explained 6.4% and 4.8% of the phenotypic variation,
respectively. The peak markers are T/C polymorphisms with the C
allele increasing PN. Three QTL were detected on chromosomes 3
(gPN-3-1, gPN-3-2 and gPN-3-3) and 11 (gPN-11-1, gPN-11-2 and
gPN-11-3). gPN-3-1 and gPN-3-2 explained 7.0% and 5.3% of the
phenotypic variation in DS2, respectively. For gPN-3-1, the peak
marker, is a G/T polymorphism with the T allele increasing PN. For
gPN-3-2, the peak SNP is a G/C polymorphism with C allele increas-
ing PN. gPN-3-3 was detected in WS2 and explained 5.9% of the
phenotypic variation. The peak marker is an A/G polymorphism
with the G allele increasing PN. The three QTL on chromosome
11 were detected in DS2 and explained 5.0%, 7.0% and 5.4% of
the phenotypic variation, respectively. The peak markers are C/T,
A/C and G/C polymorphisms with PN increasing allele being T,
C and C, respectively. Four QTL were identified on chromosome
1 (gPN-1-1, gPN-1-2, gPN-1-3 and gqPN-1-4), 6 (qPN-6-1, qPN-6-2,
gPN-6-3 and gPN-6-4) and 7 (qPN-7-1, gPN-7-2, gPN-7-3 and qPN-
7-4), respectively. gPN-1-1, qPN-1-2 and gPN-1-3 were identified
in DS2 and explained 4.7%, 7.4% and 4.8% of the phenotypic vari-
ation, respectively. The three corresponding peak markers are all
C/T polymorphisms with the T allele increasing PN. gPN-1-4 was
detected in WS2 and explained 7.1% of the phenotypic variation.
The peak SNP is a T/G polymorphism with the G allele increasing
PN. The four QTL on chromosome 6 identified in DS2 explained 5.1%
—9.6% of the phenotypic variation. gPN-6-3 was also detected in the
average environment and explained 8.0% of the phenotypic varia-
tion. The corresponding peak markers are all T/C polymorphisms
with the Callele increasing PN. The peak marker of gPN-6-4isan A/G
polymorphism with the G allele increasing PN. Four QTL on chro-

mosome 7 were identified in DS2 only, and explained 7.3%, 5.2%,
5.6% and 5.5% of the phenotypic variation, respectively. The peak
marker,isA/G, A/G,G/Cand A/T polymorphisms with the increasing
allele being G, A, C and T, respectively.

Multi-trait QTL were detected in many chromosome regions.
Their chromosome positions were shown with other trait-specific
QTL in Fig. 9. Clusters of QTL were identified on chromosomes 2,
3,6,8,9, 10 and 11. GY and PN had a common QTL on chromo-
some 6. GY also shared a QTL on chromosome 9 with GN and SN.
Traits DTF and PN shared a common QTL on chromosome 3. DTF
had a QTL in common with PN on chromosome 10. Traits PN and
TN shared two common QTL on chromosomes 2 and 9. A QTL region
on chromosome 8 was associated with GN and TN. There was a QTL
on chromosome 9 for pH and TN.

4. Discussion

4.1. Population structure and unequal familial relationship were
present

AM has emerged as a powerful approach for dissecting the
genetic basis of complex traits in plants and GWAS is becoming
more and more feasible with the advance of high throughput geno-
typing. However associations detected in AM are often spurious
because population structure and unequal relatedness among indi-
viduals in a given panel are still remaining a confounding factor
(Zhang et al., 2010). In order to reduce false positives, popula-
tion structure and familial relatedness should be carefully taken
into account in AM. The strong population structure and genetic
relatedness within plant samples might be affected by many fac-
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tors such as geographic origins, reproductive nature and artificial
selection (Atwell et al., 2010). In the present study, the lines used
were from different breeding programs in different parts of the
world, with most from IRRI and PhilRice. Although the association
panel was from one subspecies, indica, the subdivision within the
subspecies was still detectable and the population structure still
played an important role in QTL identification, as illustrated by the
association results from different models with or without popula-
tion structure coefficients as covariates (see next section). In our
study, two consistent subpopulations were detected by all three
of methods including STRUCUTRE, PCA and NJ tree. The presence
of population structure in populations of indica rice varieties has
been reported using different panels and marker types (Wangetal.,
2014; Xie et al., 2012; Zhang et al., 2013). The existence of popula-
tion structure within indica rice was not out of expectation. In fact,
for the majority of crop species and particularly self-pollinated crop
species, panels of varieties and advanced breeding lines have pop-
ulation structure and unequal familial relationship (Cockram et al.,
2010; Edae et al., 2014; Flint-Garcia et al., 2005; Pasam et al., 2012),
partially caused by the selection for local ecological environments,
spatial isolation and assortative mating (i.e. good x good) adopted
by breeders.

Big differences were found for the genetic relatedness (esti-
mated as relative kinship) between many pairs of lines (Fig. 4). This
was expected, since rice breeders usually mate a small number of
elite lines in many crosses. Moreover, unequal familial relation-
ship is another important confounding factor in AM using breeding
materials.

4.2. Linkage disequilibrium was comparable to other panels

Successful GWAS also depends on the extent of LD and the num-
ber and distribution of markers. It is recommended that the average
marker density should be higher than the LD decay in order to
achieve a successful GWAS (Wang et al., 2005; Zhu et al., 2008).
Significant LD was detected across the genome of the current rice
panel. The patterns of LD varied among chromosomes and sub-
populations. For the whole panel the maximum r% was 0.25 of
the whole genome and ranged from 0.21 to 0.34 among the indi-
vidual chromosome. Subpopulation 1 showed generally lower LD
(r2=0.36) than subpopulation 2 (r%=0.65) for the whole genome.
The genome-wide LD decay in the whole population was around
200 kb, while it was 190 kb in the subpopulation 1 and 350 kb in the
subpopulation 2. This was comparable to the estimates reported
previously using different indica rice panels (Kumar et al., 2015;
Mather et al., 2007; McNally et al., 2009; Phung et al., 2014; Xu
et al,, 2012). In a panel of 220 accessions which consisted mostly
of the indica accessions, the LD decayed to half of its maximum
value at around 300 kb, with the LD ranging from 69 kb on chro-
mosome 3-125kb on chromosome 8 and 12 (Kumar et al., 2015).
Significant differences in LD decay among chromosomes were also
found in the preset study, ranging from 130 kb for chromosomes
2 and 9-250kb for chromosomes 8 and 12. The differences in LD
were mainly caused by the difference in recombination rate, selec-
tion history or structural difference among populations/panels. An
uneven marker distribution and the difference in marker MAF cold
also contribute to the large variance associated with estimated LD
decay.

4.3. Familial relationship was more important than population
structure

Several models that were developed to reduce false associa-
tions in AM have been successfully applied in previous studies
(Price et al., 2006; Pritchard et al., 2000b; Yu et al., 2006). The most
commonly used ones in plant association studies are the Q, K, QK

and PK models. The Q model accounts for (large-scale) population
structure only while the K model takes into account of cryptic famil-
ial relatedness only. The QK and PK models are the most stringent
because they control both population structure and cryptic famil-
ial relatedness. Most of applied plant geneticists have used the QK
model, even though the QK model may reduce the power of detect-
ing associations in some cases due to a loss of degrees of freedom
(Yu et al., 2006). Indeed, there is not a universal best model for all
populations, traits and growing environments.

In the present study, the Q model was significantly worse than
the other three models, which behaved similarly. This observa-
tion was consistent to Yu et al. (2006) who reported that the GLM
approach with the Q matrix (Q model) was probably more sensitive
than the MLM approach (QK) in some cases (Stich et al., 2008). The
effects of Q matrix and K matrix for controlling false associations
were different for different rice panels. Shao et al. (2011) reported
that for their whole rice panel including red and black rice, the QK
model performed similar to the Q model, with only slightly fewer
significant markers identified than the Q model. In the white rice
panel, the QK model performed well with 60% reduction in signifi-
cant markers at different p values. Li et al. (2011) found that taking
the kinship into account did not improve the mapping QTL for GY
using the USDA rice mini-core collection. The K model performed
the worst. The PCA model, which controlled the effect of popula-
tion structure through PCA, showed the best approximation to the
expected cumulative distribution of p values, followed by the PK, Q
and QK models. This might be due to the fact that the accessions of
the mini-core collection were not genealogically related, since the
core-collection was developed by maximizing the genetic diver-
sity. In such cases, population structure was the main confounding
factor and as a result the models taking into account of popula-
tion structure performed better than K model which accounts for
unequal relatedness only.

For GWAS in rice, we expected that for association panels con-
sisting of breeding lines of a single subspecies/ecotype, unequal
relatedness among genotypes was the main confounding factor and
as a result the K model could be sufficient and for panels which
consisted of accessions from different subspecies, QK or PK mod-
els might be better since both population structure and cryptic
relatedness were likely to be important.

4.4. Novel QTL for grain yield and other traits were identified

Atotal of 43 QTL for eight out of 11 traits were identified with no
QTL being identified for PB, SB and SR. Those QTL were involved in
18 trait-environment combinations. The numbers of QTL detected
for various traits varied from two (pH, SN and TGW) to 26 (PN).
Four of the identified QTL in the present study were located in the
genomic regions where QTL for yield or related traits have been
reported previously. The DTF QTL gDTF-3-1 detected on chromo-
some 3 corresponds to the location of Hd9, a known QTL for heading
date (Lin et al., 2002). Another DTF QTL gDTF-4 identified on chro-
mosome 4 located within the region of previously reported gqGN4-1
for GN (Deshmukh et al., 2010). The PN QTL gPN-1-1 identified
on chromosome 1 was located in the region of known Gwi-1 for
TGW (Yu et al., 2008). The QTL region between 26.2 and 26.7 Mb
of chromosome 8, which affected GN and TN, contains the known
gene OsSPL16 (Wang et al., 2012), which is synonymous with GW8
and controls grain size and shape. OsSPL16 encodes a protein that
positively regulates cell proliferation. Over expression of this gene
promotes cell division and grain filling, with positive consequences
for grain width and GY (Wang et al., 2012). Further studies are
needed to find whether OsSPL16 is the underlying candidate gene
for GN and TN.

A total of 39 QTL were found in chromosomal regions where
none have been reported previously. Considering the large num-
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ber of trait-environment combinations in the present study this
number was small. Nevertheless, our results provided further
evident that novel QTL/MTA could be identified using breeding
population. This was the second rice GWAS study using a breed-
ing population as the association panel. Comparing to the first
study by reported Begum et al. (2015) using breeding popula-
tion as association panel, the lines in the present panel were
more diverse with two distinct subpopulations. Even though the
identified QTL accounted for a relatively small proportion of the
phenotypic variation (R?=4.7% to 9.6%), they should be effective
in breeding programs since they were identified from a hetero-
geneous population with relatively small numbers of lines being
from various breeding programs and a stringent statistical model
was used.

The current panel of 327 lines is small and has relatively low
genetic diversity (Liang et al., 2016), since the majority of its lines
were from IRRI’s breeding program. QTL with large effects might
have been fixed or their MAF were very low. For instances, there
were only 22 out of 327 lines that had the favourable allele for
gPN-6-3 which accounted for the largest proportion of the pheno-
typic variation (9.6%) among the detected QTL. For the largest effect
QTL for GY on chromosome 9, which explained 8.6% of the pheno-
typic variation in DS2, only 22 lines carried the favourable allele for
increasing GY. In some QTL regions, the LD between the markers
and the trait-controlling genes were low due to low marker density.
The QTL gPN-1-1 covered an interval of 0.83Mb on chromosome 1
with 329 markers within this region and the marker density was
about 2.5 kb/SNP. The QTL gPN-6-3 only contained three significant
markers and the marker density in the 0.83Mb interval was around
8.4 kb/SNP. Therefore, it is essential for increasing genetic diversity
of the base population (Liang et al., 2016) and for gene discovery
to add more diverse lines. One of the options for increasing genetic
diversity of the current panel (base breeding population) is to have
more lines from large indica breeding programs in the subtropical
regions such as China (Liang et al., 2016). However, increasing sam-
ple size by pooling samples from different breeding programs may
not necessarily increase the power to detect MTA, as demonstrated
in wheat (Mohammadi et al., 2015). MTA identifiable in one of the
population may become undetectable in the combined population.
Mohammadi et al. (2015) did identify new QTL using the combined
datasets of three programs. Our own study in rice in a slightly dif-
ferent context also found that many new MTA were identified by
using the whole population but not the subpopulations, although
some MTA were only identifiable in the subpopulations (Liang et al.,
2016).

4.5. QTL-by-environment interaction was significant

Testing environments showed significant effects on the associ-
ation analysis. Among the 43 QTL identified, 25 QTL were detected
in DS2, 11 in WS2, 10 in WS1, seven in WS3, two in DS1 and SC,
respectively, and one in JX. No QTL was detected in DS3. Only three
QTL were detected from the average values from all the environ-
ments. The medium nitrogen rate yielded the highest number of
significant QTL, which was 25 in DS2 and 11 in WS2, followed by
no nitrogen. The majority of the QTL for a trait of interest were iden-
tified only in one environment with none of them being identified
from all the testing environments. QTL-by-environment interac-
tion (QEI) has been reported in previously reported rice GWAS.
Zhao et al. (2011) found that only one of the 10 genomic regions
associated with candidate genes for flowering time was detected
in more than one location and that several GWAS peaks associ-
ated with candidate genes were significant in only a single year at
the same location. In a different GWAS conducted in two environ-
ments using the USDA rice mini-core subset, only six out of the 60
markers detected from two environments were significant in both

environments (Nawaz et al., 2015). The environment-specific QTL
could serve as the genetic variability that could be used to produce
optimal cultivars once the beneficial stable major genes have been
fixed in breeding programs (Pauli et al., 2014).

4.6. QTL affecting multiple traits were present

Eight of the identified QTL were associated with more than one
trait with five were associated with strongly correlated traits mea-
sured in the same or different environments. Most of the QTL for
DTF were located on a similar position to these for some of the yield
components (PN, GN and TN), suggesting that some maturity genes
may have significant effects on yield through pleiotropic effects on
yield components. The QTL for PN on chromosome 6 and QTL for GN
and SN on chromosome 9 were located at the same or similar posi-
tion to that for GY, thus selecting for these QTL should be effective
inimproving GY. They were the QTL region of 22.64 Mb on chromo-
some 6 (qGY-6 or gPN-6-3) affecting GY in DS2 and PN in average
environment, the genomic region between 31.08 Mb and 31.61 Mb
on chromosome 2 (qPN-2-1 or qTN-2) affecting PN in WS2 and WS3
and TN in WS3, the QTL region between 26.16 Mb and 26.71 Mb
of chromosome 8 (qGN-8 or qTN-8) affecting GN in WS1 and TN in
WS3, QTL region of 12.22 Mb on chromosome 9 (qPN-9 or qTN-9-2)
affecting PN and TN in WS2 and the QTL region between 22.23 Mb
and 22.50 Mb on chromosome 9 (qGY-9 or gGN-9) affecting GY in
DS2 and GN in WS3. Three QTL affected different traits with a low
correlation. They were QTL region between 0.52 Mb and 1.27 Mb
on chromosome 3 (qPN-3-1 or gDTF-3-1) affecting PN and DTF in
DS2, the genomic region between 6.70 Mb and 6.91 Mb on chro-
mosome 9 (qpH-9 or qTN-9-1) affecting pH in DS1 and TN in WS2,
and the genomic region between 2.73 Mb and 2.89 Mb on chromo-
some 10 (qDTF-10 or gPN-10-1) affecting DTF in JX and PN in DS2.
Multi-trait QTL were often identified in rice genetic studies. Most
of the traits sharing same QTL were closely related. For examples,
grain length, width, and length-breadth ratio (Begum et al., 2015);
surface area of unhusked seeds, length of unhusked seeds and TGW
(Yonemaru et al., 2014); filled grains, productive tillers, yield/plant,
percent spikelet fertility under stress and percent spikelet fertility
SSI (Kumar et al., 2015). Multi-trait QTL were also found for those
showing no obvious relationships, i.e. amylase content and flower-
ing time with blast resistance and flag leaf width (Zhao et al.,2011);
heading date with surface area of unhusked seeds (Yonemaru et al.,
2014). Pleiotropic effects of a single gene and linkage of QTL for
different traits are the biological mechanisms of multi-trait QTL.
Considering that the present panel consisted of lines from different
well established breeding program, linkage might be a more likely
mechanism. Rice breeders commonly make crosses between sim-
ilar phenotype (assortative mating) and as a result many linkage
blocks were formed and maintained. These linkage blocks also rep-
resent untapped genetic variability that could be utilized through
breakage of these blocks through recombination, and lead to new
genetic gain in populations with unfavourable linkage (Simmonds,
1979). Without cloning or mapping with extremely high resolution
it is impossible to tell which of the mechanism is responsible.

Both pleiotropic effects and linkage of the identified QTL can
be either beneficial or troublesome in plant breeding (Guo and
Ye, 2014). QTL alleles with favourable effects on different traits
are clearly beneficial. Similarly, favourable alleles linked in desir-
able phase form valuable linkage blocks that would be explored
more easily in practical breeding. On the other hand, for QTL linked
in undesirable phase more efforts are needed to break the link-
age, which is the main impediment of using QTL identified from
unadapted germplasmin breeding. An allele with favourable effects
on some target traits but unfavourable effects on other traits could
be utilized if its negative effects could be compensated. Attention
must be paid to the effects on multiple essential traits of the target
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QTL since transferring QTL even by well designed MAS is challeng-
ing and time consuming (Ye and Smith, 2010).

5. Conclusions

A panel of 327 indica rice varieties or advanced breeding lines
was genotyped by the GBS method and phenotyped for GY and 10
related traits in eight environments. The whole panel was divided
into two subpopulations. LD decay varied across chromosomes and
the subpopulations. LD decay in the genome was around 200 kb
in the whole population. GWAS based on a mixed linear model
which incorporates PCA and kinship matrix identified a total of 43
QTL for eight out of 11 measured traits but PB, SB and SR. A sig-
nificant interaction existed between QTL and environments with
the majority of the QTL being only identified in a specific envi-
ronment. Four QTL were located in the regions containing known
genes/QTL foryield related traits. Eight multi-trait QTL regions were
detected. The effects of identified QTL were relatively small with the
largest percentage of variance explained by a single QTL being 9.6%.
The present study demonstrated that MTA/QTL could be identified
in a heterogeneous population of breeding lines through GWAS
even if population structure and unequal familial relationship were
present.
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