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Gene based markers improve precision of genome-wide
association studies and accuracy of genomic predictions
in rice breeding
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It is hypothesized that the genome-wide genic markers may increase the prediction accuracy of genomic selection for quantitative
traits. To test this hypothesis, a set of candidate gene-based markers for yield and grain traits-related genes cloned across the rice
genome were custom-designed. A multi-model, multi-locus genome-wide association study (GWAS) was performed using new
genic markers developed to test their effectiveness for gene discovery. Two multi-locus models, FarmCPU and mrMLM, along with a
single-locus mixed linear model (MLM), identified 28 significant marker-trait associations. These associations revealed novel
causative alleles for grain weight and pleiotropic associations with other traits. For instance, the marker YD91 derived from the gene
OsAAP3 on chromosome 1 was consistently associated with grain weight, while the gene has a significant effect on grain yield.
Furthermore, nine genomic selection methods, including regression-based and machine learning-based models, were used to
predict grain weight using a leave-one-out five-fold cross-validation approach to optimize the genomic selection model with genic
markers. Among nine prediction models, Kernel Hilbert Space Regression (RKHS) is the best among regression-based models, and
Random Forest Regression (RFR) is the best among machine learning-based models. Genomic prediction accuracies with and
without GWAS significant markers were compared to assess the effectiveness of markers. The rapid decreases in prediction
accuracy upon dropping GWAS significant markers indicate the effectiveness of new genic markers in genomic selection. Apart
from that, the candidate gene-based markers were found to be more effective in genomic selection programs for better accuracy.
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INTRODUCTION
The primary and ultimate goal in any rice breeding program is to
develop high-yielding varieties with acceptable-quality grains to
meet the global demand for food and achieve nutritional security
(Xu et al., 2014). Among the many correlated traits contributing to
overall yield in rice, grain weight, measured as the weight of one
thousand grains, is considered the most critical (Weng et al., 2008).
Grain weight improvement in rice requires special attention as it is
quantitatively inherited and is influenced by the growing
environment. Rice breeders have made significant efforts for
decades to improve the trait through phenotype-based selection
(Ahmar et al., 2020; Chen et al., 2021; Li et al., 2021). However, the
genetic gain achieved through phenotype-based selection
approaches is negligible (Chakraborti et al. 2021). A revolution in
DNA marker technology provided new vistas for improvement of
quantitative traits like grain weight by acting as surrogates to
select in early generations (Katara et al., 2021). With the
application of molecular markers and linkage mapping
approaches, several determinants of grain weight have been
identified and fine mapped by several rice research teams (Huang
et al., 2013; Zhang et al., 2016; Gao et al., 2016; Feng et al., 2018). In
recent times, genome-wide association studies (GWAS) have

proven promising for identifying major and minor causative
alleles for complex traits like grain weight. Upon identification of
major and minor quantitative trait loci (QTL), a few consensus
genomic regions or meta-QTL regions accommodating QTL
cumulatively contributing to grain weight have also been
identified (Anilkumar et al., 2022b). While the grain weight trait
is inherited through multiple minor genes distributed across all 12
rice chromosomes, marker-assisted selection (MAS) is ineffective
to improve this trait significantly (Chen et al., 2021). However,
genomic selection (GS) or genomic prediction, a complement to
MAS for improving complicated quantitative characteristics like
grain weight, shows promise in crops like rice (Ahmadi et al., 2021;
Anilkumar et al., 2022a; Azharudheen et al., 2022).
Rapid advancements in genotyping platforms have facilitated

the effective implementation of GS in field crops such as rice to
accelerate genetic gain for quantitative traits (Meuwissen et al.,
2001; Bernardo and Yu, 2007). The performance of an individual is
predicted using genome-wide distributed markers that capture
the impacts of major and minor alleles/genes contributing to the
complex trait based on its genomic-estimated breeding values
(GEBVs). Research on plant breeding has demonstrated that GS
increases prediction accuracy compared to pedigree-based
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selection for traits with low to moderate heritability (Crossa et al.,
2010, 2014; Hickey and Gorjanc, 2012; Pérez-Rodríguez et al., 2012;
Xu et al., 2018). Hence, GS accounts for a greater proportion of the
genetic variation of the trait as compared to MAS, where only
major alleles associated with the trait are used for selection and
introgression. With the implementation of GS, which saves
resources and time, it is now possible to predict an individual’s
genetic worth in an early generation by estimating additive effects
for the targeted trait (Beyene et al., 2015; Vivek et al., 2017). In this
connection, focusing on the prediction of genotypes using GS will
also help in the identification of superior parents for hybridization
and combining more desirable alleles for a complex trait. Broadly,
two approaches in GS have been identified based on their utility.
The first approach uses individuals as random effects, and uses
genetic relationships among these individuals and a variance-
covariance matrix from the predicted population to estimate the
breeding values following an iterative method (Li et al., 2018). This
is often called the direct method of predicting the breeding values
of an individual. The second approach, which is also called the
indirect approach, is where marker effects are estimated on a
reference group and then the breeding values of individuals in the
testing set are estimated based on the marker effect combined
with genotype information from the testing set (Misztal and
Legarra, 2017).
In order to improve the accuracy of prediction, several GS

models have been developed and tested for suitability under
different circumstances. Based on the broad statistical background
of the models, two classes of models have been identified. First,
parametric models such as genomic best linear unbiased
prediction (GBLUP) (VanRaden, 2008), Bayesian models including
Bayes A, Bayes B, and Bayes C (González-Recio and Forni, 2011),
the partial least squares (PLS) model (Geladi and Kowalski, 1986),
and the least absolute shrinkage and selection operator (LASSO)
model (Tibshirani, 1996). The second class includes nonparametric
models such as random forest approaches (Svetnik et al. 2003),
neural network methods (NN) (Ehret et al., 2015), support vector
machine models (SVM) (Maenhout et al., 2007), and a semi-
nonparametric model, kernel Hilbert space regression (RKHS) (de
los Campos et al., 2010). Further, these models are classified as
regression-based and machine-learning-based models. The pre-
dictive efficiency of these models is tested by many researchers
across different crops using empirical and simulation datasets
(Riedelsheimer et al., 2012; Howard et al., 2014; Wang et al., 2015).
Only a limited amount of literature is available for comparison of
the prediction accuracy of these models in rice (Onogi et al., 2015;
Spindel et al., 2015; Grenier et al., 2015; Dreisigacker et al., 2021).
Some genomic prediction programs conducted on hybrid rice
resulted in the identification of promising candidates based on
genomic estimated breeding values (GEBVs) derived from
different models (Spindel et al., 2015; Grenier et al., 2015). Thus,
genomic prediction is the most reliable approach in rice breeding
to achieve maximum genetic gain.
GS assumes at least one marker will always be in linkage

disequilibrium with at least one of the genes or QTL associated
with the target trait (Sorrells, 2015). Hence, using genome-wide
dense markers for prediction is considered a prelude. Advances in
sequencing technology reduced the genotyping cost, which
allowed the abundant use of single nucleotide polymorphic
(SNP) markers in different crops. However, considering genome-
wide coverage of markers is preferred over marker type (Juliana
et al., 2019), on the other hand, single sequence repeats (SSR) are
considered highly informative and can retrieve more genome
information with modest genome coverage (Vieira et al., 2016;
Anilkumar et al., 2022c). Comparing the efficiency of retrieving
genome information, a few hundred of SSR markers can perform
on par with thousands of SNP markers (Vieira et al., 2016). If the
SSR markers are derived from well-characterized gene sequences
(candidate gene SSR or cgSSR), they can offer additional chances

of increasing the accuracy of predictions (Molla et al., 2019). Nayak
et al. (2022) reported the significance of using candidate gene
derived SSR (cgSSR) markers for the identification of genomic
regions for grain size traits in rice. Hence, exploiting genome-wide
gene-derived markers is expected to increase the precision of
predictions for quantitative traits (Singh et al., 2018).
In order to determine the effectiveness of genome-wide

candidate gene-derived SSR markers for exploiting GS in rice
breeding, a set of genome-wide cgSSR markers was deployed on a
diverse population to evaluate the performance of different GS
models for predicting rice grain weight. To effectively identify
makers associated with grain weight, GWAS was performed using
one single locus model and two multi-locus models. To enhance
the accuracy of phenotype data, the population was evaluated
over two seasons, and the best linear unbiased predictors across
seasons were used for prediction purposes. The hypothesis of the
study was to evaluate the effectiveness of new cgSSR markers for
prediction-based rice breeding, and it was tested by performing a
genome-wide association study and genomic predictions for grain
weight using different models. Further, the influence of trait-
associated markers on genomic prediction accuracy was also
investigated. The results of this study have significant implications
for practical rice breeding.

MATERIALS AND METHODS
Experimental genetic material
A total of 189 ‘indica’ rice genotypes that comprised 60 advanced breeding
lines, 123 varieties released across different eastern and north-eastern
states of India, and six germplasm accessions collected from eastern states
of India were used in the study (Supplementary File S1). Many of these
experimental genotypes are either released or targeted for cultivation in
different ecologies, including irrigated, upland, and lowland rice-growing
conditions. Seeds of released varieties and germplasm were collected from
the ICAR-National Rice Research Institute gene bank, and advanced
breeding materials from the Crop Improvement Division of ICAR- NRRI,
Cuttack, India, were utilized. After collecting the experimental material, it
was maintained by selecting true-to-type panicles from a single plant per
genotype, similar to nucleus seed maintenance (Sahu et al. 2020), for two
cropping seasons before the start of experimentation.

Experimental site and phenotyping
The experimental genotypes were planted in a randomized complete
block design with three replications at the experimental plots of ICAR-NRRI,
Cuttack, India (20.4537° N, 85.9338° E). The field experimentation was
conducted initially during the wet season of 2020 and repeated during the
wet season of 2021. Each genotype was planted in a 4 m2 area with 15 cm
between plants and 20 cm between rows to establish the optimum crop
stand. Appropriate agronomic practices were followed to raise a healthy
crop. At maturity, the grains from each genotype were harvested
separately, placed in cloth bags, and dried under the sun for two days.
Further, the seeds were oven dried to reduce the moisture content to
12 ± 1 %, which is the recommended moisture content before storage for
rice grains. Five random samples of one thousand grains were drawn from
each genotype in each replication and weighed on a precision analytical
balance to record the thousand-grain weight (TGW).

Candidate gene-based marker designing
We selected genes after an extensive review of reports on candidate genes
for yield-related traits and grain dimension traits identified and validated
through RT-PCR, map-based cloning, or transgenic approaches. Every care
was taken to cover all 12 rice chromosomes while considering the genes
for marker development. Further, one round of confirmation on the
functional characters of selected genes was done with the help of the
OGRO database (Yamamoto et al., 2012) and Oryzabase (Kurata and
Yamazaki, 2006). The gene sequences for selected candidate genes were
retrieved from the rice genome annotation project database (Ouyang et al.,
2007) (http://rice.plantbiology.msu.edu/) and the National Centre for
Biotechnology Information (NCBI) gene bank database (https://
www.ncbi.nlm.nih.gov/genbank/). The online SSR identification tool
(Temnykh et al., 2001) was utilized to select potential repeat sequences
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to develop microsatellites from the gene sequences. Primer 3 software
(Rozen and Skaletsky, 1999) was used to identify and pick the potentially
polymorphic microsatellites from gene sequences. All the standard
measures of primer length (20–25 bp), annealing temperature (55–60 °C),
GC content (40–60), and the amplifiable size ranged between 100 bp and
300 bp were considered while designing the primers. The detailed
procedure for developing cgSSR markers is shown in Supplementary Fig.
S1. A total of 1200 cgSSR markers were derived from different genic
sequences across all 12 rice chromosomes. A subset of these markers was
tested in genome-wide association studies (GWAS) for plant-type
characters (Azharudheen et al. (2022)) and grain characters (Nayak et al.
2022) and was found effective in the identification of significant QTL. From
1200 cgSSR markers, markers with proper amplification, polymorphism,
and distribution on all chromosomes and bi-allelic on a subset of
genotypes in the study population were considered for use in the present
study. In the present study, a subset of 254 highly polymorphic markers
distributed across all 12 chromosomes of rice (Supplementary Fig. S2) was
used for GWAS and genomic prediction (GP) for thousand-grain weight.

Genomic DNA isolation and genotyping
The genomic DNA of all the genotypes in the population was isolated from
the young leaves following the Cetyl Trimethyl Ammonium Bromide
(CTAB) method (Doyle and Doyle, 1987). The quality of isolated DNA was
tested using electrophoresis using 0.8% agarose and the quantity was
measured using a Nanodrop spectrophotometer (Thermo Fisher Scientific,
USA). A total of 307 SSR markers, including 254 cgSSR markers and 53
random SSR (rSSR) markers, were used for genotyping the population
(Supplementary Fig. S2). The polymerase chain reaction mixture is
constituted with 1 μL of each forward and reverse primer of the marker,
1 μL of 20 ng/μL genomic DNA, 4 μL standard premix, and 3 μL of nuclease
free water to make up the final volume of 10 μL. Following initial
denaturation at 94 °C for 4 minutes, 40 cycles of denaturation at 94 °C for
40 seconds, annealing temperature was adjusted depending on the primer
for 40 seconds, primer elongation at 72 °C for 2 minutes, and final
extension at 72 °C for 7 minutes, and genomic DNA was amplified using
a 384 well thermocycler (Agilent technologies® Surecycler 8800).
Amplicons were separated using 3.5% agarose electrophoresis and
documented with Zenith (Gel.Pro CCD gel doc, Biozen Laboratories, India)
documentation set up. Gel images were scored using CLIQS software
(Totallab®) to reduce the manual scoring errors.

Statistical analysis
Phenotype analysis. The thousand grain weight recorded on five samples in
each replication for each genotype was subjected to META-R software
estimation of the best linear unbiased prediction (BLUP) (Alvarado et al.,
2020). The BLUPs were estimated for both years separately and also across
the years to shrink the phenotype data recorded over samples, replications,
and years to minimize the experimentation error (Piepho et al., 2008). The
BLUP values were considered for the estimation of descriptive statistics of
the population with respect to grain weight using RStudio version 1.4.17.
The measures of central tendency, along with third- and fourth- degree
statistics, skewness, and kurtosis, were also estimated to ensure the best
suitability of the population for further genome-wide association analysis
and genomic prediction. The Shipiro-Wilk’s ‘p’ was estimated to make sure
that the grain weight is normally distributed in the population.

Analysis of allele diversity and population structure. The allelic diversity,
polymorphic information content, and allele frequency for cgSSR and rSSR
markers in the study population were estimated using PowerMarker V3.25
(Liu and Muse, 2005). Population structure was assessed using four
different approaches. First, principle component analysis (PCA) was
performed to identify possible subgroups based on marker allelic
compression using the ‘factoextra’ package in R software (Kassambara
and Mundt, 2017). Second, STRUCTURE software (Pritchard et al., 2000)
with 100000 burn-in periods was performed to identify subpopulations
within the population. Subpopulations within the population were
identified following ΔK value (Evanno et al., 2005) obtained by harvesting
the STRUCTURE results in structure harvester, an online tool (Earl and
vonHoldt, 2012). Third, genetic distance between genotypes obtained by
the Neighbor-Joining method using DARwin software was depicted as an
unrooted tree with clusters, developed using the iTOL software (Letunic
and Bork, 2021). Fourth, genetic relatedness between individuals in the
population was calculated following the VanRaden kinship algorithm

(VanRaden, 2008) and represented as a familial relatedness heatmap using
the GAPIT package in R software (Lipka et al., 2012).

GWAS and GP analysis. Genome-wide association analysis was performed
between thousand grain weight BLUP values estimated across years and
genome-wide marker information generated on the panel. Analysis was
performed using the GAPIT package in the R software following three
different models: (1) single locus mixed linear model (MLM), (2) multi-
locus random mixed linear model (mrMLM) and (3) Fixed and random
model Circulating Probability Unification (FarmCPU) model, were used
to test the efficiency of new cgSSR markers in identifying associations
between traits and markers. The MLM and FarmCPU models were
accessed directly from GAPIT package, while mrMLM v4.0.2 was used to
analyze mrMLM model (Zhang et al., 2020). Multi-locus models were
used to overcome the limited efficiency of single-locus models (MLM) in
detecting the marginal QTL effect in polygenic backgrounds (Wang
et al., 2016). Multi-locus models scan the genome in multiple
dimensions and simultaneously estimate marker effects to detect the
association (Cui et al., 2018). The GAPIT package helps in the
identification of marker-trait associations while simultaneously correct-
ing the population structure and kinship of the population (Yu et al.,
2006). Considering the importance of candidate gene-derived markers,
threshold marker P < 0.05 (raw p-values instead of corrected p-values) in
MLM and FarmCPU and, LOD value >3 in mrMLM was considered for the
identification of significant marker-trait associations. Further, consider-
ing the multi-season evaluation data, to account for QTL-by-
environment interactions, the three-variance multi-locus random effect
mixed linear model (IIIVmrMLM) (Li et al., 2022a) was performed
following the methodology described in (Li et al. 2022b).
Genomic prediction analysis was performed by developing seven

regression-based models [Bayes A, Bayes B, Bayes C, Bayes ridge
regression (BRR), LASSO, ridge regression BLUP (rrBLUP), and RKHS] and
two machine learning models [support vector regression (SVR) and
random forest regression (RFR)]. The differentiating features of these
models are listed in Supplementary File S2. The basic model considered
for developing these models is described as the following:

Y ¼ Xβþ
Xm

k¼1

Zkγk þ ε

where, Y= vector of n observations, X=matrix of genotype information,
β= vector of fixed effects, m = number of markers, Zk= vector of
genotype indicator variable, γk= vector of marker effects, and ε= vector
of residual error.
The genomic predictions were performed using the G2P package in R

software (https://github.com/cma2015/G2P). The genomic predictions
were obtained by following the 5-fold cross validation approach. The
complete population was divided into 5 mutually exclusive subsets.
Following the leave-one-out approach, one subset was used as a testing
set and the remaining 4 subsets as training sets. With ten inclusive
iterations, prediction values were obtained for all the genotypes in the
population. Prediction accuracy was calculated following Pearson’s
correlation coefficients between predicted and observed phenotype for
all the models, and the model with highest prediction accuracy was used
to calculate GEBVs of genotypes in the population for thousand grain
weight. In parallel, prediction analysis was also performed by excluding
markers identified as significantly associated with trait by different models
in GWAS. This provides the effect of identified significant loci and also the
effectiveness of associated markers on prediction accuracy.

RESULTS
Phenotype variation
A wide range of significant grain weight variation was observed
over different samples and across the years. During the wet
season of 2020, the grain weight ranged between 11.06 g and
32.30 g, with a mean thousand grain weight of 23.20 g. During the
wet season of 2021, the minimum grain weight was 11.70 g and
the maximum was 32.25 g, with an average of 22.86 g. The grain
weight across year BLUP values ranged between 11.67 g and
31.86 g, following an average of 23.18 g (Table 1). The average
broad sense heritability coefficient of the trait across three
datasets was considerably high (h2= 0.78). There was however,
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no significant difference in grain weight, as indicated by a modest
difference in sample variance and standard error estimated over
the years. Skewness, a third-degree statistic, was negligible while
the kurtosis, a fourth-degree statistic, was platykurtic for all the
environments. Third and fourth degree statistics supported the
quantitative inheritance of the trait involving minor genes with
additive effects. The estimate of Shapiro-Wilk’s ‘P’ values was non-
significant, indicating a normal distribution of grain weight
variation in the population. Variation in grain weight in different
type of genetic material in the population was compared and
found a significant difference between material types, further,
breeding lines and released varieties showed higher grain weight
compared to germplasm accessions in the population. Similarly,
grain weight variation was compared between genotypes
grouped under different cultivation ecologies and no significant
difference was noticed in mean grain weight (Supplementary Fig.
S3). Material-wise differences in grain weight may be attributed to
the intended selection of genotypes for higher grain weight in
breeding material and released varieties, and negligible differ-
ences among genotypes of different ecologies indicate a lack of
relationship between growing ecology and grain weight.

Allele diversity and population structure
All 189 individuals in the population were genotyped with 254 cgSSR
markers and 53 rSSR markers. A total of 905 alleles were amplified in
the population, with a range of two to six alleles per marker. Major
allele frequencies ranged between 0.37 and 0.99, and gene diversity
explained by the markers ranged between 0.01 and 0.66. The
informativeness of the markers was tested by estimating poly-
morphic information content (PIC), which is the function of allele
frequency in the population. The PIC value estimated ranged
between 0.01 and 0.59, and a PIC value >0.5 was considered
significantly higher (Supplementary File S3). The parameters
estimated for the population were compared between cgSSR and
rSSR markers and are presented in Table 2. The comparison of PIC
values and genetic diversity explained by two marker types is
presented in Fig. 1. The cgSSRs were found more informative than
rSSR based on average PIC value. Different approaches are used to
delineate population structure in order to identify the presence of
three subpopulations within the population. A total of three
subpopulations were identified within the population by PCA
estimate based grouping (Fig. 2A), STRUCTURE analysis (Fig. 2B),

unrooted Neighbor-Joining cluster analysis (Fig. 2C), and genetic
relatedness based heatmap analysis (Fig. 2D). The relatedness matrix
developed with the VanRaden kinship algorithm depicted as a
heatmap indicates low to moderate genetic relationships between
individuals in the population.

GWAS for grain weight
A total of 28 significant marker-trait associations (MTA) for across
year BLUP values of grain weight were identified with three
different models. The QTL identified by different methods were
different; however, few were consistent between methods (Table 3
and Fig. 3). Only two MTAs were identified with a single locus
model (MLM) alone, one on chromosome 1 and the other on
chromosome 7. Together, MLM and mrMLM identified 12 signifi-
cant MTAs on different chromosomes. Similarly, the multi-locus
model, FarmCPU alone identified 12 significant MTAs on various
chromosomes. However, all three models together identified a
major QTL on chromosome 1 with 8.57% phenotypic variance
explained (PVE) in MLM, 10.54% PVE in mrMLM and 11.53% PVE in
FarmCPU models. The marker, YD91, associated with this QTL was
derived from OsAAP3, an amino acid transporter gene important
for higher grain yield located at 119391 bp on chromosome 1.
Similarly, a QTL identified by RM5672 by two multi-locus methods
explained higher phenotypic variance located at 6379987 bp on
chromosome 7. Multi-environment joint GWAS analysis with
3VmrMLM was performed to detect QTL-by-Environment interac-
tions. There were no QTL-by-environment interactions recorded in
the present study (Fig. 3D). Among 28 QTL identified in the study,
only 5 were identified by rSSR markers and remaining 23 QTL were
by cgSSR markers.

Genomic predictions
Genome-wide marker-based prediction for grain weight was
performed with nine different models, which included regression-
based parametric models and machine learning based non-
parametric models. The predictions were performed following a
five-fold cross validation approach with a leave-one-out strategy.
Fold-wise cross validation predictions presented in Supplementary
File S4. Among different models used to predict the phenotype,
RFR, a machine learning model, produced the highest accuracy of
prediction compared to other models, and the least accuracy of
prediction was found in the LASSO model (Supplementary

Table 2. Population parameters explained by cgSSR and rSSR markers.

SSR Type Marker numbers Population size Number of
alleles in the
population

Major allele
frequency

Explained
gene diversity

Polymorphic
information
content (PIC)

Min Max Min Max Min Max Min Max

cgSSR 254 189 2 3 0.37 0.99 0.01 0.66 0.01 0.59

rSSR 53 2 6 0.41 0.99 0.01 0.64 0.01 0.56

Table 1. Descriptive statistics of grain weight recorded over two seasons.

Season Mean Range Sample
variance

Standard error Skewness Kurtosis Shapiro-
Wilk’s ‘p’

Significance
of ANOVA

Min Max

Wet
season 2020

23.20 11.06 32.30 15.62 0.28 −0.23 0.16 0.24 **

Wet
season 2021

22.86 11.70 32.25 16.00 0.29 −0.05 0.00 0.67 ***

BLUPs
across years

23.18 11.67 31.86 14.42 0.27 −0.22 0.14 0.27 --

**Significant at p= 0.05 and ***Significant at p= 0.01.
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Fig. S4A and Fig. 4). Prediction accuracies were estimated by
dropping GWAS significant markers and random markers to see
the impact of marker number and corresponding markers effects.
Prediction accuracy was drastically reduced upon excluding GWAS
significant markers from the prediction analysis (Supplementary
Fig. S4B and Fig. 4). The prediction accuracies with genome-wide
markers were greater than 0.6, which is considered higher

prediction accuracy for a quantitative trait. With the exclusion of
significant markers from GWAS, prediction accuracy dropped
significantly and reached below 0.5 in the case of the LASSO
model. Even though, random SSR markers almost double the
number of GWAS significant markers, dropping random SSR
markers did not altered the prediction accuracies significantly (Fig.
4). Hence, proved the reduction of prediction accuracies after

Fig. 1 Comparison between random SSR markers (rSSR) and candidate gene derived SSR markers (cgSSR) used in the study.
A Comparison of PIC values between rSSR and cgSSR markers (B) principle component analysis explaining contribution of cgSSR and rSSR
markers to the total genetic diversity of the panel.

Fig. 2 Population structure of the panel based on marker information. A Principle component analysis grouped the panel to three clusters.
B Structure analysis determined the presence of three subpopulations within the panel C Phylogenetic analysis classified the panel into three
clusters and D Heatmap of relationship coefficients among individuals of the panel determined the presence of three subpopulations in
the panel.
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dropping GWAS significant marker was not merely due to marker
numbers but due to marker effects. The GEBV values were
estimated using the RFR model and compared with observed
phenotypic values. A linear relationship between calculated GEBVs
from the RFR model and observed phenotypes was observed
(Supplementary Fig. S5). The GEBVs of genotypes differed
significantly in different material types, and fewer differences
were observed for the cultivation ecology based classification of
genotypes (Fig. 5). The observed grain weights of genotypes with
the top 10% GEBVs and the rest of the population were compared.
The top 10% genotypes with higher GEBVs recorded significantly
higher observed grain weights than the rest of the population.

DISCUSSION
For improving a quantitative trait, it is important to understand
the genetics and deploy it with a proper breeding strategy in the
breeding program. Enhancing the genetic gain for a quantitative
trait in the breeding material is an ultimate goal in crop
improvement. Selecting genetic stocks that carry a higher number
of positive alleles for a trait plays a significant role in achieving
higher rewards in crop improvement. The genomic selection
approach helps in selecting genotypes with higher genetic
potential for a trait by estimating GEBV using genome-wide
marker effects (Bernardo and Yu, 2007). Instead of using random
genomic markers for GS, utilizing candidate gene derived markers

for a quantitative trait increases the probability of selecting
genetic stock with higher genetic potential for the trait (Sah et al.,
2022). Hence, in the present study, the effects of new cgSSR
markers derived from well characterized yield, yield-related traits,
and grain morphology-related traits were evaluated for their utility
for GWAS and genomic selection for grain weight in rice.
The cgSSR marker performed equally efficient in explaining

population parameters as that of the rSSR markers used in the
study. The number of alleles available in the population explained
the abundance of genetic diversity in the population with limited
gene outflow and this was in agreement with previous reports
obtained using rSSR and RAPD markers (Rahman et al., 2007; Raju
et al., 2016). The PIC values of the new cgSSR markers were slightly
higher than those of rSSR markers, indicating their usefulness in
QTL identification and genomic predictions (Fig. 1A). Apart from
that, new cgSSR markers explained more genetic variation in the
population than rSSR markers, suggesting their effectiveness in
genetic analyses (Fig. 1B). The reports of Molla et al. (2019) and
Nayak et al. (2022) support the use of cgSSR markers for genetic
dissection of quantitative traits. On the other hand, these cgSSR
markers along with rSSR markers explained the relatedness of
individuals in the study population by delineating population
structure. A total of three subpopulations were identified as
having moderate genetic relatedness. The results were on par with
the earlier reports (Zhang et al., 2013; Wang et al., 2014) in rice.
Proper understanding of population structure is a prerequisite for

Table 3. Summary of significant marker-trait associations/QTL identified using different models.

QTL Marker name Related gene Chr. No Position Model P-valuea/LODb PVE (%)

qTGW1.1 Marker 95 OsH6 1 11166948 MLM 0.0025 0.17

qTGW1.2 GY39F40R Gn1a 1 5270103 MLM/mrMLM 0.0007/5.36 0.04/0.13

qTGW1.3 YD79 OsVP1 1 39726988 MLM/mrMLM 0.0058/7.12 0.59/1.26

qTGW1.4 YD91 OsAAP3 1 119391 MLM/mrMLM/ FarmCPU 0.0001/12.30/0.0009 8.57/10.54/11.53

qTGW1.5 RM466 – 1 17276801 FarmCPU 0.0035 0.61

qTGW2.1 RM3340 – 2 386110 MLM/mrMLM 0.0040/4.05 0.23/0.08

qTGW2.2 SC4 SDG725 2 20899808 MLM/mrMLM 0.023/3.02 0.004/0.001

qTGW2.3 YD27 SMG1 2 33443948 FarmCPU 0.0003 2.18

qTGW2.4 YD54 OsLpa1 2 35175254 FarmCPU 0.0009 0.38

qTGW3.1 Marker 78 OsSUT1 3 3804132 MLM/mrMLM 0.0032/3.45 0.07/0.09

qTGW3.2 Sdi6 OsFBK12 3 3833954 MLM/mrMLM 0.0432/3.50 0.07/0.09

qTGW3.3 YD57 OsMIK 3 30247380 MLM/mrMLM 0.0073/4.12 0.016/0.11

qTGW4.1 Marker 55 SHO1 4 25489003 FarmCPU 0.0013 0.33

qTGW4.2 RM3643 – 4 19948112 FarmCPU 0.0037 0.48

qTGW4.3 YD104 OsAAP7B 4 33658337 FarmCPU 0.0124 0.19

qTGW5.1 Sdi21 RSR1 5 1160267 MLM/mrMLM 0.0016/4.02 0.10/0.11

qTGW6.1 Sd13 WX1 6 1766194 MLM/mrMLM 0.0007/4.65 0.06/0.13

qTGW7.1 Marker 29 OSH15 7 1566064 MLM 0.0017 0.23

qTGW7.2 YD72 Sdr4 7 23796611 MLM/mrMLM 0.0002/6.35 0.25/0.30

qTGW7.3 GY72F74R Ghd7 7 9152402 FarmCPU 0.0026 0.76

qTGW7.4 YD69 Sdr4 7 23796611 FarmCPU 0.0014 0.05

qTGW7.5 YD70 Sdr4 7 23796710 FarmCPU 0.0104 0.17

qTGW7.6 RM5672 – 7 6379987 mrMLM/FarmCPU 11.24/0.0002 10.64/11.02

qTGW8.1 GY109F110R SPIKE 8 19178080 MLM/mrMLM 0.0038/4.56 0.08/0.17

qTGW8.2 YD12 GW8 8 26501167 MLM/mrMLM 0.0073/3.01 0.015/0.001

qTGW8.3 SC27 OsISA1 8 25900576 FarmCPU 0.0019 0.18

qTGW8.4 YD73 PDS1 8 3240183 FarmCPU 0.0018 3.83

qTGW11.1 RM332 – 11 2840211 FarmCPU 0.0028 0.35
aP-values for MLM and FarmCPU models, bLOD score for mrMLM model.
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the discovery of causative loci for quantitative traits and also for
genomic prediction studies.
Among 28 significant marker-trait associations identified using

three different approaches, a greater number of associations
resulted from multi-locus models. Considering the importance of
the markers used in genomic selection, the probability threshold
of significant QTLs was set loosely in genome-wide association
studies. Only a few significant MTAs were identified with very low
explained phenotypic variance in single-locus method. Moreover,
MTAs with higher PVE% were identified mostly using multi-locus
models, indicating the efficiency of these models in association
analysis. Among the 28 markers associated with thousand grain

weight, only five markers were rSSR and the remaining 23 markers
were cgSSRs derived from different yield-related genes and grain
morphological trait-controlling genes in rice. These results suggest
the efficiency of cgSSR markers in the identification of multiple
causative loci for grain weight. One major QTL, qTGW1.4,
identified by all three models with a maximum PVE of 11.53%,
was associated with marker YD91 derived from the OsAAP3 gene
on chromosome 1. The gene is reported to have a significant role
in amino acid transporter activity that improves grain yield (Lu
et al., 2018), and regulating arginine transporter activity that
enhances grain yield and nitrogen use efficiency (Wei et al., 2021),
respectively. Another major QTL, qTGW7.6, identified by two

Fig. 3 Manhattan plots and Quantile-Quantile plots for markers associated with grain weight across the genome. In Manhattan plots,
x-axis represents 12 rice chromosomes and –log(p) values on Y-axis indicates significant associations. Quantile-Quantile plots show deviation
of observed –log(p) values from that of expected –log(p) values for significant marker trait associations. A Manhattan and Q-Q plots for
FarmCPU, BManhattan and Q-Q plots for mrMLM, CManhattan and Q-Q plots for MLM models and DManhattan plot for QTL-by-Environment
interactions.
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multi-locus models, was identified by rSSR marker RM5672 on
chromosome 7. The allelic association of YD91 indicated 242 bp
allele associated with higher grain weight and 300 bp allele
associated with lower grain weight (Fig. 6A). Similarly, for marker
RM5672, 175 bp alleles were associated with higher grain weight
and 182 bp alleles with lower grain weight (Fig. 6B). Many of the
cgSSR markers that established association with the TGW trait
were derived from yield and grain related genes in rice. For
instance, marker YD27, derived from the SMG1 gene, was
identified to be associated with grain weight by two multi-locus
models. The gene SMG1 is reported to influence the grain size in
rice (Duan et al., 2014). The marker trait associations identified
using cgSSR markers have significant scope in combining multiple
causative alleles for grain weight in rice. These results also
unraveled the efficacy of new cgSSR markers in the genetic
dissection of a quantitative trait like grain weight in rice. The
multi-environment joint GWAS analysis results no QTL-by-
Environment interactions owing to evaluation of association of
panel in the same location and same season over years,
suggesting the low environmental variance and high narrow
sense heritability of the phenotype data recorded. However, the
size of association mapping population was only 189 and the
number of markers was also limited in the present study. This may
be one important reason for a few trait-marker associations,
especially, the conclusion in this study should be further validated.
The predicted grain weight differed with different models of

genomic selection suggesting the differences in predictive ability
of various models. The differences in predictive accuracy of
different models suggest the continuous improvement of

genomic selection models over time to optimize the computa-
tional efficiency and accuracy of predictions (Robertsen et al.,
2019). Many previous studies reported that no single model can
be used for all quantitative traits; however, model optimization for
specific traits is critical (Yu et al., 2022). From the present study,
the RKHS model was found superior among regression-based
models and the RFR model among machine learning models for
prediction and selection of grain weight trait in rice. The
prediction accuracies with repeat sequence (SSR/cgSSR) markers
were on par with that obtained from SNP markers for grain weight
in rice by Yu et al. (2022). Further, reduced prediction accuracies
upon excluding GWAS significant markers evidenced the effec-
tiveness of new cgSSR markers in trait identification and
prediction-based breeding programs. Thus, trait-associated mar-
kers should be considered for genomic selection in plant breeding
programs for higher prediction accuracy (He et al., 2019). The
GEBVs estimated using the RFR model showed a linear relation-
ship with observed grain weight, indicating the effectiveness of
the model in predicting the performance of genotypes. Higher
GEBVs of breeding lines followed by released varieties and lower
GEBVs of germplasm accessions suggest the intended selection of
genotypes for higher grain weight in breeding programs. Further,
genotypes with top 10% GEBV values were found with higher
observed grain weight compared to the rest of the population.
This is not only evidence the accuracy of the prediction model but
also suggest its utility in increasing genetic gain.
This investigation aimed to understand the effectiveness of

candidate gene-derived markers for genomic selection in plant
breeding programs. At the same time, we explored the

Fig. 4 Comparison of prediction accuracies of all the models considering all markers used in the study and dropping significant markers
associated with grain weight identified in GWAS. The difference in prediction accuracies indicates the effectiveness of the identified markers
associated with grain weight in predicting the grain weight.

Fig. 5 GEBVs of genotypes for grain weight estimated using RFR model. A Comparison across different material type in the panel,
B comparison across different cultivation ecologies, and C comparison of observed grain weight among genotypes with top 10% GEBVs and
rest of the population.
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appropriate model for the discovery of genomic regions for grain
weight and their effect on the selection of candidates for future
breeding through genome-wide marker effects. The superior
performance of multi-locus models in the identification of all
possible casual alleles for rice grain weight has significant scope in
dissecting other quantitative traits. Similarly, superior prediction
performance of machine learning models over Bayesian models
eases the determination of complex interactions between
predictors and responses by providing better outputs (Sandhu
et al., 2021). For quantitatively inherited traits, Bayesian models
might not be effective as several minor alleles contribute to their
expression. Hence, multi-locus models for allele discovery and
machine learning models with candidate gene-derived markers
would ensure better rewards in genomic selection in plant
breeding programs for improving quantitative traits.

CONCLUSION
A set of 307 markers, including 254 cgSSR and 53 rSSR markers,
were used on a population of 189 genotypes to discover the
causative alleles for thousand grain weight in rice. The results
identified a total of 28 significant marker-trait associations
following single and multi-locus GWAS approaches. Among the
markers associated with the trait, 23 out of 28 markers were cgSSR
markers, and only 5 rSSR markers were associated. The results
suggested the effectiveness of the cgSSR marker in the discovery
phase of breeding to identify genomic regions for quantitative
traits. Further, genotypic information was utilized to predict the
grain weight using genomic selection models. Among nine
models used in the study, RFR, a machine learning model, was
found to be highly effective with greater prediction accuracies for
the trait. The results of this study demonstrated the optimization
of the genomic selection model for grain weight could be used in
genomic selection-based rice breeding programs. Apart from that,
the candidate gene-based markers like cgSSRs were found to be
more effective in genomic selection in plant breeding programs
for better accuracy.
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