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Abstract
In hard-winter wheat (Triticum aestivum L.) breeding, the evaluation of end-use
quality is expensive and time-consuming, being relegated to the final stages of the
breeding program after selection for many traits including disease resistance, agronomic performance, and grain yield. In this study, our objectives were to identify
genetic variants underlying baking quality traits through genome-wide association
study (GWAS) and develop improved genomic selection (GS) models for the quality
traits in hard-winter wheat. Advanced breeding lines (n = 462) from 2015–2017 were
genotyped using genotyping-by-sequencing (GBS) and evaluated for baking quality.
Significant associations were detected for mixograph mixing time and bake mixing
time, most of which were within or in tight linkage to glutenin and gliadin loci and
could be suitable for marker-assisted breeding. Candidate genes for newly associated
loci are phosphate-dependent decarboxylase and lipid transfer protein genes, which
are believed to affect nitrogen metabolism and dough development, respectively. The
use of GS can both shorten the breeding cycle time and significantly increase the
number of lines that could be selected for quality traits, thus we evaluated various
GS models for end-use quality traits. As a baseline, univariate GS models had 0.25–
0.55 prediction accuracy in cross-validation and from 0 to 0.41 in forward prediction.
By including secondary traits as additional predictor variables (univariate GS with
covariates) or correlated response variables (multivariate GS), the prediction accuracies were increased relative to the univariate model using only genomic information.
The improved genomic prediction models have great potential to further accelerate
wheat breeding for end-use quality.

Abbreviations: AACCI, American Association of Cereal Chemists International; AYT, advanced yield trial; BLUP, best liner unbiased predictor; G×E,
genotype × environment; GBLUP, genomic best liner unbiased predictor; GBS, genotyping-by-sequencing; GS, genomic selection; GWAS, genome-wide
association study; KIN, Kansas Interstate Nursery; KSU, Kansas State University; LD, linkage disequilibrium; LMW, low molecular weight; LTP, lipid
transfer protein; multiGS, multivariate genomic selection; PC, principal component; PYT, preliminary yield trial; rrBLUP, ridge-regression best liner
unbiased predictor; SNP, single-nucleotide polymorphism; uniGS, univariate genomic selection with GBS data only; uniGS.Covar, univariate GS with GBS
data and a secondary trait as a covariate.
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INTRODUCTION
Core Ideas

Driven by a growing population, there is an increasing
demand for food crops, particularly wheat (Triticum aestivum
L.). This demand is projected to rapidly increase over the coming decades, not only because of a larger global population
but also because of improved diets (Godfray et al., 2010).
With added focus on improved nutrition, there is impetus for
strong selection on end-use quality. However, improving enduse quality in wheat is a considerable challenge for breeders,
as it is a complex trait, expensive to evaluate, and is often negatively correlated with yield (Laidig et al., 2017; Michel et al.,
2019; Payne, 1987; Simmonds, 1995; Yao et al., 2018).
Wheat is known for the viscoelastic properties of its
glutenins and gliadins, the native storage proteins in the kernel endosperm. During the mixing with water, glutenins and
gliadins form a gluten matrix that gives wheat dough its special properties (Peña, 2002). The properties of the dough are a
complex combination of the type and amount of glutenins and
gliadins, other minor proteins, the complex interaction among
these proteins, the type of starch and the starch matrix, and
other minor cell wall polysaccharides (Peña, 2002; Wrigley
et al., 2006). The formation of the gluten matrix is achieved
through the development of hydrogen and hydrophobic interactions and disulfide bonds formed during mixing (Wrigley
et al., 2006). The glutenin and gliadin protein type is under
genetic control and therefore an important target of selection for breeders (Payne, 1987; Payne & Lawrence, 1983;
Radovanovic et al., 2002; Ragupathy et al., 2008). The amount
of protein is also under genetic control though also heavily
influenced by environment (Payne, 1987).
The multiallelic glutenins are encoded on the wheat Group
1 chromosomes. The loci for high molecular weight (Glu-A1,
Glu-B1, and Glu-D1) and low molecular weight (LMW; GluA3, Glu-B3, and Glu-D3) subunits are located on the long and
short arms, respectively (Delcour et al., 2012; International
Wheat Genome Sequencing Consortium, 2018; Payne, 1987;
Payne & Lawrence, 1983). Also located on the short arm of
Group 1 chromosomes, are the lower molecular weight γ and
ω gliadins at the Gli-A1, Gli-B1, and Gli-D1 loci, which are
tightly linked to the cluster of LMW Glu-A3, Glu-B3, and GluD3 (International Wheat Genome Sequencing Consortium,
2018; Payne et al., 1982). The α and β gliadins are located
on the short arm of Group 6 chromosomes at the Gli-A2, GliB2, and Gli-D2 loci (International Wheat Genome Sequencing Consortium, 2018; Payne, 1987). All together the Glu and
Gli loci with multiple alleles form a complex assortment of
many combinations of glutenin and gliadin proteins, leading
to a vast array of type and quality of wheat products (Delcour
et al., 2012; Shewry et al., 2003). Therefore, wheat quality is
a complex interplay of matching genetically determined seed
characteristics with the unique requirements of different enduse products (Peña, 2002).

∙ GWAS for baking quality in KSU hard-winter
wheat breeding programs revealed new associations.
∙ Secondary traits were leveraged in multivariate GS
models to improve prediction for quality.
∙ Prediction ability of multivariate GS in forward
prediction can be higher than cross-validation.

Genome-wide association study (GWAS) has been widely
used to identify genetic variants underlying complex traits.
Marker density and the extent of linkage disequilibrium (LD)
in a mapping population largely affect the power and resolution of GWAS (Mackay & Powell, 2007). End-use quality
traits in wheat are complex quantitative traits. The genetic
architecture of some of these traits has recently been studied with GWAS (Battenfield et al., 2018; Bordes et al., 2011;
Breseghello & Sorrells, 2006; Jernigan et al., 2018; Reif
et al., 2011; Tadesse et al., 2015). Dough mixing properties
measured by computerized mixograph, a quick and accurate
small-scale test in the early breeding stage, have not yet been
investigated with GWAS.
Currently in hard-winter wheat breeding, the major end-use
quality product is yeast-leavened bread. However, the selection for this quality profile is typically relegated to the final
stages of the breeding program (Battenfield et al., 2016). This
is due to two major reasons. First, the evaluation of end-use
quality requires large amounts of flour, and it is expensive and
time-consuming; therefore, the selection scalability is limited.
Second, grain yield has a high priority and needs rigorous tests
at advanced generations. Even though there is considerable
genetic variation for protein levels and composition (Payne,
1987; Wrigley et al., 2006), the population size and remaining
genetic variance for end-use quality is significantly reduced
after the selection for yield. To bring this together, breeders
face a conceptual challenge of developing improved wheat
cultivars with not only more bushels per acre but more loaves
per acre.
Genomic selection (GS) in wheat is a promising breeding approach that uses genome-wide DNA markers to generate prediction models that capture the total additive genetic
variance of breeding lines (Meuwissen et al., 2001; Lorenz
et al., 2011). One of the most widely used GS models is the
genomic best liner unbiased predictor (GBLUP) where the
additive relationship matrix is estimated from genome-wide
markers (Meuwissen et al., 2001; Habier et al., 2007). The
GBLUP model is equivalent to the ridge-regression BLUP
(rrBLUP) model (Habier et al., 2007) and to Bayesian models
that assume Gaussian priors for marker effects (e.g., Bayesian
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ridge regression) (VanRaden, 2008). These models calculate
genomic estimated breeding values by summing up all marker
effects that were estimated assuming a normal distribution of
marker effects with a common variance. The high predictive
ability and simple implementation make them very popular to
predict quantitative traits in wheat breeding programs.
For implementation of GS with a well-trained prediction
model, phenotypes of interest can be predicted into new
generations, enabling selection for complex traits early in
the breeding cycle before phenotypic evaluation (i.e. yield
testing or baking-quality profiling) (Battenfield et al., 2016;
Heffner et al., 2010; Lorenz et al., 2011). In addition, compared with the assessment of quality, whole-genome genetic
profiling with approaches such as genotyping-by-sequencing
(GBS) is much cheaper and has a much higher capacity
(Poland et al., 2012a, 2012b). Therefore, early generation
selection assisted by genomic prediction models with highdensity markers holds great potential for accelerating the
improvement of wheat end-use quality by considerably reducing breeding cycle time and enabling selection on much larger
number of breeding lines. Genomic selection applied in this
context allows the breeder much higher selection intensity
while removing poor performing lines prior to considerable
investment in end-use quality evaluations.
Strong theoretical and empirical evidence support the use
of secondary traits in assisting selection for complex or
difficult-to-measure traits in breeding. The secondary trait is
often correlated with the target trait but has a higher heritability and is easier and cheaper to evaluate. Even though the secondary trait is not the breeding target, a much higher selection
intensity on the correlated secondary trait can improve gain
for the primary selection target (Falconer & Mackay, 1996).
This indirect selection approach has recently been extended
to genomic selection through leveraging the additive genetic
correlation among traits and the additive genetic relationship
among individuals in multivariate GS models (Crain et al.,
2018; Hayes et al., 2017; Lado et al., 2018; Pszczola et al.,
2013; Rutkoski et al., 2016; Sun et al., 2017). Alternatively,
these secondary traits can be fitted as predictors along with
the kinship matrix in the GS model. However, thus far, limited research has been conducted in investigating this.
Kansas State University (KSU) has a long history of winter wheat breeding and releasing improved cultivars. With
the implementation of whole-genome profiling and genomic
selection, KSU–Manhattan and KSU–Hays breeding programs routinely genotype ∼3,000 F5 –derived or doubledhaploid lines using GBS (Figure 1). These lines are grown
as individual plant short rows (IPSRs) and selected ones are
advanced to the preliminary yield trial (PYT) the following
year. Following PYT evaluation, approximately 30–40 lines
are then selected for the advanced yield trial (AYT) the year
following PYT, and ∼10 lines are then selected and enter the
Kansas Interstate Nursery (KIN) the next year. Selected PYT,
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AYT, and KIN lines are routinely profiled for end-use quality. Genomic and end-use quality profiles of the advanced
lines from 2015 to 2017 were used in this study to develop
and implement an integrated approach to accelerate the breeding process for improved end-use quality in hard-winter wheat
by (a) identifying genetic variants underlying end-use quality
traits through GWAS and (b) developing improved GS models
with correlated secondary traits.

2
2.1

MATERIALS AND METHODS
Germplasm

A total of 462 KSU advanced breeding lines (F5 –derived)
from 2015–2017 were genotyped through GBS and profiled
for various end-use quality traits depending on the stage in the
breeding program (Table 1; Supplemental Table S1). Breeding lines were tested at multiple locations for 1 to 3 yr, depending on the breeding stage and how far the line was advanced.
Therefore, this was an unbalanced dataset from cycles of
advancement found in a breeding program. Each of the KSU
breeding programs tested their PYT lines in their targeted
environments using an augmented incomplete block design
with two to six checks. Each breeding program had one AYT
testing its lines and another AYT testing the lines from the
other program under the same environments. Additionally,
lines advanced from the AYTs from both programs were further tested in the KIN. All AYTs and KINs were planted with
checks in randomized complete block design with two or three
replications within each location. Only lines preselected for
grain yield at each advancement stage were profiled for enduse quality. Given the limited capacity in the quality lab, only
one replication of those preselected lines within each location
could be profiled for end-use quality. Selected lines were phenotyped repeatedly across years while going through advancement. Therefore, most lines (n = 312) were evaluated once in
a single environment, while promising lines (n = 150) were
evaluated in multiple environments across years.

2.2

Phenotypes

All breeding lines were measured for grain moisture with a
HarvestMaster weigh system (Juniper Systems, Ltd.) on the
combine at harvest. Test weight was measured after grain was
cleaned using a Dickey-John GAC 2100 (Dickey-John Co.).
At the advanced breeding stage, selected PYT, AYT, and KIN
lines were evaluated for nine end-use quality assays, including characteristics of grain (grain protein), flour (flour yield
and flour protein), dough rheology (mixograph absorption and
mixograph mixing time), and baking (bake absorption, bake
mixing time, loaf volume, and bake score). As baking traits
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F I G U R E 1 Kansas State University wheat breeding program diagram and end-use quality traits evaluated at different stages. GBS,
genotyping-by-sequencing

TA B L E 1

Year

Advanced breeding lines preselected for grain yield and profiled for end-use quality in each year of 2015–2017

Triala

No. of
locations

No. of
selectionsb

Within-location
reps—selections
(profiled)c

Experiment
designd

No. of
checkse

Within-location
reps—checks
(profiled)f

2015

PYT

1

182

1

AIBD

4

4

2015

AYT

2

26

1

RCBD

3

1

2015

KIN

3

15

1

RCBD

7

1

2016

PYT

1

125

1

AIBD

3

3

2016

AYT

2

29

1

RCBD

3

1

2016

KIN

3

15

1

RCBD

7

1

2017

PYT

1

127

1

AIBD

4

3

2017

AYT

4

33

1

RCBD

3

1

2017

KIN

6

11

1

RCBD

7

1

a

PYT, preliminary yield trial; AYT, advanced yield trial; KIN, Kansas Interstate Nursery.
The number of lines preselected for grain yield were sent to the quality lab for end-use quality profiling.
c Due to the limited capacity in the quality lab, within each location, only one biological replication was profiled for end-use quality. Therefore, for AYT and KIN where
randomized complete block design was applied; biological replications were across locations.
d
AIBD, augmented incomplete block design; RCBD, randomized complete block design.
e The number of checks averaged over trials from each breeding program.
f The number of replications of the checks within each location, averaged over trials from each breeding program. Checks were replicated multiple times in augmented
incomplete block design.
b

are the primary target traits for assessing yeast leavened bread,
the rest of the end-use quality traits were considered as secondary traits during the selection process.
Grain protein and flour protein were measured using a
calibrated Perten Inframatic 9500 near infrared reflectance
following the American Association of Cereal Chemists
International (AACCI) Approved method 39-11.01 (AACC
International, 2010a). Grain samples were tempered to 15%
moisture overnight and milled using a Brabender Quadrumat

Senior laboratory mill. Each mill product was weighed to
determine fraction yield on a total product basis, and flour
yield was calculated for each sample. After milling, water
absorption and dough mixing time were determined by computerized mixograph according to AACCI approved method
54-40.02 (AACC International, 2010b). White pan bread was
baked as pup loaves according to AACCI approved method
10-10.03 (AACC International, 2010c) straight dough procedure using 90-min fermentation. The bread formula contains
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100 g (14% mb) flour, 6 g sucrose, 3 g shortening, 2 g instant
dry yeast, 1.5 g salt, 0.005 g ascorbic acid, and optimum water
absorption. Dough was mixed to optimum development. The
optimum water absorption and mixing time were recorded as
bake absorption and bake mixing time. Loaf volume was measured immediately after baking using rapeseed displacement
AACCI approved method 10-05.01 (AACC International,
2010d). Crumb grain was scored visually using AACCI
approved method 10-12.01 (AACC International, 2010e) as
a guideline. All flour samples were baked in duplicate and
triplicate as needed if duplicate samples were not consistent.

2.3

Phenotypic analyses

Best linear unbiased prediction (BLUP) of each genotype for
each trait was estimated with the following mixed model:
𝑦𝑖𝑗 = μ + 𝑔𝑖 + 𝑒𝑗 + ε𝑖𝑗

(1)

where yij was the phenotypic value of the ith genotype in jth
environment (year–location combination), μ was the overall
mean, gi was the random effect of genotype i, ej was the random effect of environment j, and εij was the residual error
for genotype i in environment j, with 𝑔𝑖 ∼ 𝑁(0, σ2g ), 𝑒𝑗 ∼
𝑁(0, σ2e ), and ε𝑖𝑗 ∼ 𝑁(0, σ2ε ). From this model, BLUPs were
estimated with the lme4 R package (Bates et al., 2014). With
σ2g (the variance of the genotypes) and σ2e (the variance of
the environments) estimated from Equation 1, the broad-sense
heritability was calculated with harmonic mean (H.mean) of
environments tested from this unbalanced dataset, with each
year–location evaluated as a unique environment.
𝐻2 =

2.4

σ2g
σ2g +

σ2e
H.mean

(2)

DNA extraction and GBS

Using a modified CTAB protocol (Saghai-Maroof et al.,
1984), DNA was isolated from bulked leaf tissue of five plants
per genotype. Following the protocol in Poland et al. (2012b),
the GBS library was prepared and sequenced on the Illumina
platform. Sequence tags were mapped to the ‘Chinese Spring’
reference genome, RefSeq v1.0 (International Wheat Genome
Sequencing Consortium, 2018), and single-nucleotide polymorphism (SNP) variants called using TASSEL 5 GBSv2
pipeline (Glaubitz et al., 2014). Imputation was performed
with Beagle 5.0 (Browning & Browning, 2007) after removing SNPs that had >90% missing data. The SNPs were filtered
for minor allele frequency of 0.05 and heterozygosity of 20%.
The SNPs were coded numerically in R (R Development Core
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Team, 2018) as −1, 0, 1, representing minor allele, heterozygote, and major allele, respectively.

2.5

Linkage disequilibrium

Pair-wise LD was estimated as the squared allele frequency
correlation (r2 ) using PLINK 1.9 (Purcell et al., 2007). The
SNPs were filtered for minor allele frequency >0.05 before
the pair-wise LD calculation to reduce the variation of LD
estimates caused by the rare alleles (Chao et al., 2010). The
LD (r2 ) values were plotted against physical distance (Mb)
within each subgenome using nonlinear regression in the
LDDist() function in the synbreed package (Wimmer et al.,
2012). The LD decay distance threshold was determined when
r2 = 0.2. For each chromosome, in addition to the LD decay
plot, the LD matrix (pair-wise LD calculated from PLINK)
was plotted as a LD heatmap using the LDheatmap() function
in the LDheatmap package (Shin et al., 2006). A chromosome
segment with at least 100 SNPs in strong LD (r2 > 0.4) with
each other is marked with the SNPs at the beginning and the
end of the interval on a LD heatmap.

2.6

GWAS

The kinship matrix was calculated from the SNP genotype
matrix by the A.mat function in the rrBLUP package (Endelman, 2011). Univariate GWAS of each end-use quality trait
was performed with the mixed linear model:
𝐲 = 𝐗𝛂 + 𝐏𝛃 + 𝐙𝐮 + 𝛆

(3)

in the rrBLUP package, where y is the vector of phenotypic
BLUP values of a single trait, X is the SNP marker matrix, α
is a vector of marker effects to be estimated, P is a matrix consisted of the eigenvectors of the first two axes of the principal
component (PC) analysis matrix, β is the vector of fixed population structure effects (regression coefficients) to be estimated, Z is the identity matrix with 1s on the diagonal (representing each individual) and 0s off-diagonal, u is the vector
models the polygenic background of each individual as a random effect with Var(u) = 2KVG where K is a n × n matrix of
relative kinship coefficients that define the degree of genetic
covariance between a pair of individuals, ε is the vector of
residual effects with Var(ε) = RVR where R is a n × n identity matrix relating each individual to the residual variance,
where VG is the genetic variance and VR is the residual variance (Yu et al., 2006). Best linear unbiased estimates of α and
β (fixed effects) and best linear unbiased predictions (BLUP)
of u (random effects) are obtained by solving the mixed model
Equation 3. False discovery rate (FDR of 0.05) was used as
the significance threshold and plotted as the horizontal line
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where y1 is an end-use quality assay measurement, y2 is either
grain protein or flour protein measurement, I1 and I2 are identity matrices, μ1 and μ2 are the intercepts of the two traits,
Z1 and Z2 are the design matrices that relate genotypes with
phenotypes, g1 and g2 are genomic breeding values for the
two traits, and ε1 and ε2 are vectors of random residuals for
𝐠
the two traits. It was assumed that [ 1 ] ∼ MVN(0, 𝐆 ⊗ 𝐓),
𝐠2
σ2g1 σg12
where 𝐓 = [
], the variance–covariance matrix of
σg21 σ2g2
F I G U R E 2 Diagram of model types tested for end-use quality
traits. (a) standard univariate genomic selection (GS) (uniGS)
implementation; (b) univariate GS with correlated secondary traits
fitted as covariates (uniGS.Covar); (c) multivariate GS using secondary
traits as correlated response variables (multiGS). ‘G’ represents
genotype data. Each ‘P’ represents phenotype data of a trait

in the Manhattan plots (Endelman, 2011). It was calculated
using the qvalue R package (Storey & Tibshirani, 2003). The
p value of a q value/(false discovery rate) of 0.05 was determined by interpolation.

2.7

GS models

Three different GS approaches were evaluated with the
GBLUP model in ASReml-R (Butler et al., 2009) (Figure 2).
The first approach was the standard univariate GS implementation (uniGS):
𝐲 = μ + 𝐙𝐠 + 𝛆

(4)

where y is the vector of BLUP values of a single trait, μ is
the overall mean, Z is the design matrix that relates genotypes with BLUP values, g is the additive genomic relationship matrix estimated from marker data and ε is the vector of
residual errors. The second approach was the univariate GS
with correlated secondary traits fitted as fixed effect covariates (uniGS.Covar):
𝐲 = μ + 𝛃𝐱 + 𝐙𝐠 + 𝛆

(5)

where all the terms are the same as Equation 4 with the addition of x as a vector of the BLUP values of a secondary trait
(grain protein or flour protein) and β as the fixed effect of the
secondary trait.
The third approach was the multivariate GS including secondary traits as correlated response variables (multiGS):
[ ] [
𝐈
𝐲1
= 1
𝐲2
0

0
𝐈2

] [ ] [
𝛍1
𝐙
+ 1
𝛍2
0

0
𝐙2

𝐞
the two traits, G is the genomic relationship matrix, and [ 1 ] ∼
𝐞2
2
σ σ
MVN(0, 𝐈 ⊗ 𝐑), where 𝐑 = [ e1 e12
]. Variance compoσe21 σ2e2
nents were estimated with the ASReml-R package (Butler
et al., 2009).
Prediction ability was calculated as the correlation coefficient between predicted genomic estimated breeding values and BLUP values of each trait. For each model, prediction abilities were calculated from both cross-validation and
forward prediction. Cross-validation was performed on all
entries across years with 20% randomly masked as the validation population; this process was repeated 100 times. Forward
prediction was performed by using 335 entries from 2015 to
2016 to predict 127 new entries in 2017. In particular, for the
multiGS model, only the target trait was masked in the validation population as the secondary trait is considered easier,
faster, and lower cost to measure and therefore contributes to
the increase of prediction ability through the genetic correlation with the target trait.

][ ] [ ]
𝐠1
𝛆
+ 1
𝐠2
𝛆2

(6)

3
3.1

RESULTS AND DISCUSSION
Phenotypic analyses

Environment plays an important role impacting end-use quality. This was seen as lines from different years clustered
together according to the PC analysis on the raw phenotypic data (Figure 3). Because of the large year effect, most
of the end-use quality phenotypes were not normally distributed (Supplemental Figure S1a). To remove the environment (year–location) effect, BLUPs were calculated for each
entry for each trait. Subsequently, with adjusted (BLUP) phenotypes, most traits had close to normal distributions (Supplemental Figure S1b). Broad-sense heritability estimates ranged
from 0.05 to 0.67 (Supplemental Table S1). The low heritabilities likely are due to the limited genetic variance in
the advanced materials, the variable environments, the limited replication, and the large genotype × environment (G×E)
interaction present in the multiple environment evaluation. It
has been reported that the heritability of end-use quality traits
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F I G U R E 3 Principal component (PC) analysis of raw phenotypic data of end-use quality traits of breeding lines tested across different years
with 95% confidence interval of eclipse. The first two PCs are shown

correlated with flour protein (r = 0.8), since the majority of
grain protein is stored in the endosperm (Delcour & Hoseney,
2010). Bake absorption was highly correlated (0.86) with
mixograph absorption reflecting that the mixograph absorption was used as a guide for baking and water was adjusted
to reach the optimal dough handling. Similarly, bake mixing time had a 0.86 correlation coefficient with mixograph
mixing time. Mixograph and bake absorptions were highly
correlated (0.63–0.83) with both grain and flour protein as
expected because higher protein content requires more water
to form the gluten matrix. Loaf volume had correlation of
0.28–0.4 with bake and mixogragh absorption and also grain
and flour protein. These observations confirm that no single
secondary trait is a substitute for loaf volume measurement.
These low-to-intermediate correlations between loaf volume
and secondary traits were also reported by Battenfield et al.
(2016).
F I G U R E 4 Pairwise Pearson’s correlation coefficients among
best linear unbiased predictions of end-use quality traits. TestWT, test
weight; G_Pro, grain protein; F_Pro, flour protein; MixoAb, mixograph
absorption; MixoMT, mixograph mixing time; BakeAb, bake
absorption; BakeMT, bake mixing time; Volume, loaf volume

are low to intermediate in previous studies (Battenfield et al.,
2016; Kuchel et al., 2006; Lado et al., 2018).
The different quality traits followed generally known correlations (Figure 4). As expected, grain protein was highly

3.2

Genotypic analyses

A total of 41,340 high-quality SNPs were called from the 462
advanced breeding lines. Estimates of LD decay distance for
subgenomes A, B, and D were 12, 5, and 2 Mb, respectively,
when r2 = 0.2 (Figure 5). The LD decay and LD heatmap on
each chromosome are shown in Supplemental Figure S4. A
few chromosomes (e.g., 2A, 4A, 3B) have large LD blocks,
likely a result of selection in low recombination regions of
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F I G U R E 5 Linkage disequilibrium (LD) (r2 ) decay within each subgenome. The LD decay distance when r2 = 0.2 was plotted with green dash
vertical line and indicated in mega base pair (Mb) on the top of the plot. The x axis is the physical distance in Mb; y axis is the squared allele
frequency correlation, r2

the genome, which likely gave rise to the higher LD found in
subgenomes A and B than in D.
Population structure was evaluated with a PC analysis
and the first two PCs showed two nonexclusive clusters of
germplasm (Supplemental Figure S3). These were found to
highlight lines derived from the two different breeding programs, which is consistent with the two programs developing
independent populations and breeding lines with some shared
germplasm and target two different environments in Kansas:
central Kansas and western Kansas.

3.3

GWAS

The first two PCs of the population structure were used as
fixed effects in the GWAS analyses (Equation 3), as lines
from the two breeding programs can be well distinguished

by the first two PCs (Supplemental Figure S3). Significant
SNPs from the GWAS analyses of mixograph mixing time
and bake mixing time were detected (Table 2, Figure 6).
Most of the association signals from the two traits colocalized and reside within or in tight linkage with high molecular weight glutenin Glu-D1, LMW glutenin Glu-A3, Glu-B3
(International Wheat Genome Sequencing Consortium, 2018;
Payne & Lawrence, 1983), and LMW gliadins Gli-A1, Gli-B1,
and Gli-A2 (Wrigley & Shepherd, 1973; International Wheat
Genome Sequencing Consortium, 2018).
In addition to these known genes, four new loci were
detected. A significant SNP association on chromosome
2A resides within a gene encoding pyridoxal phosphatedependent decarboxylase (TraesCS2A02G298800), which
plays important metabolic roles during nitrogen metabolism
(Kumar, 2016). Nitrogen metabolism directly affects the
amount and composition of glutenins and gliadins, thus

MixoMT & BakeMT 2A

91,068,761

91,068,761

20,339,180

23,063,202

MixoMT & BakeMT 5B

MixoMT & BakeMT 5B

6A

BakeMT

MixoMT & BakeMT 6D

NA
Gli-A2f

1.15 × 10−5
3.92 × 10−6
1.45 × 10−5

1.38 × 10−5
–
2.10 × 10−5
NA/Gli-D2g

NA

1.15 × 10−5

1.38 × 10−5

NA

–

7.58 × 10−5

NA

Glu-D1

Gli-B1 /
Glu-B3

NA

Gli-A1 /
Glu-A3

Gli-A1 /
Glu-A3

Known
Glu/Gli locus

3,019,865–6,562,683

3,019,865–6,562,683

bp

Locus or gene positionb

Probable lipid transfer

NA

Lipid transfer protein
DIR1

1B_6678732

1B_4536001

1A_6152825

1A_6152825

90,988,334–90,988,654

23,010,297–23,014,816

24,921,651–25,582,017

91,112,112–91,112,432

6D_22102592

NA

5B_91927744

5B_91108947

5B_90988512

514,746,239–514,747,952 2A_514746581

0.901

NA

0.645

0.814

0.918

1

1

1

0.385

1

0.371

SNP in or near
the locus or gene c LD (r2 )d

412,160,786–412,219,631 1D_412169869

4,843,142–22,186,797

Nonspecific lipid transfer 91,108,881–91,109,198
protein

Lipid transfer protein
DIR1

Pyridoxal-dependent
decarboxylase
conserved domain

NA

NA

Nonspecific lipid transfer 4,549,817–4,550,131
protein GPI anchored

NA

NA

Candidate genea

960,610

NA

858,983

40,186

45,931

0

0

0

1,938,599

0

4,505,269

bp

Distancee

b

candidate gene that is not a known glutenin or gliadin gene.
Physical position of the known glutenin/gliadin locus or the candidate gene.
c
GBS SNP in or near the known glutenin/gliadin locus or the candidate gene.
d The LD (r2 ) between the significant SNP and the SNP listed in the column ‘SNP in or near the locus or gene.’
e
The distance between the significant SNP and the SNP listed in the column ‘SNP in or near the locus or gene.’
f
No GBS SNP in the Gli-A2 locus was found to be in strong LD with the two significant SNPs on chromosome 6A. Those two significant SNPs are 4.5 Mb upstream of Gli-A2 locus. The estimated LD decay distance on chromosome
6A is 5 Mb; therefore, likely the signal detected on chromosome 6A is associated with the Gli-A2 locus.
g The significant SNP on chromosome 6D is also possibly linked with the Gli-D2 locus, which was assembled to chromosome unknown in the Chinese Spring reference genome (International Wheat Genome Sequencing Consortium,
2018).

a The

90,942,581

5B

MixoMT

10−5

10−5
2.27 ×

4.72 × 10−5

412,169,869 3.27 × 10−9

MixoMT & BakeMT 1D

514,746,581 7.07 ×

3.22 × 10−6

4.94 × 10−7

6,678,732

MixoMT & BakeMT 1B

2.15 × 10−5

1.81 × 10−5

6,474,600

MixoMT & BakeMT 1B

1.02 ×

10−6

P value
(BakeMT)

–

6,152,825

1A

MixoMT

1.44 ×

10−8

P value
(MixoMT)

2.41 × 10−5

1,647,556

bp

Chr Position

Significant SNP

A subset of single-nucleotide polymorphism (SNPs) significantly associated with mixograph mixing time (MixoMT) and bake mixing time (BakeMT)

MixoMT & BakeMT 1A
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F I G U R E 6 Manhattan plots from the genome-wide association study analyses of mixograph mixing time (MixoMT) and bake mixing time
(BakeMT). The −log10 of the p values are plotted against the physical position of each chromosome. The horizontal line indicates the genome-wide
significance threshold, false discovery rate = 0.05

would be a favorable candidate affecting gluten matrix
formation and dough development. One significant SNP
on chromosome 1B is in LD with a nonspecific lipid
transfer protein (LTP) gene (TraesCS1B02G008952) that
is outside of the Gli-B1–Glu-B3 cluster. The novel signal on chromosome 5B is in high LD with three LTP
genes arranged in a tandem repeat (TraesCS5B02G076000;
TraesCS5B02G076100; TraesCS5B02G076200). The novel
signal on chromosome 6D is also in high LD with a LTP
gene (TraesCS6D02G048200). The LTPs enhance the intermembrane transfer of lipids (Kader, 1996; Douliez et al.,
2000). Lipids play an important role during dough mixing,
not only interacting with glutenin and gliadin proteins during
the formation of gluten matrix but also influencing the formation of bubbles and thus the gas holding capacity of dough
(MacRitchie, 1984; Chung, 1986; Carr et al., 1992; Douliez
et al., 2000).
It is also possible that some of the five LTPs are
new gliadin or LMW glutenin genes that have not been
reported before. Those LTPs share the same InterPro annotation (https://www.ebi.ac.uk/interpro/) with the gliadins and

LMW glutenin genes such as ‘DOMAIN # Bifunctional
inhibitor/plant lipid transfer protein/seed storage helical
domain (IPR016140)’ (Supplemental Table S2). This domain
is known from foam-forming soluble proteins and has previously been identified in wheat gluten proteins (Rasheed et al.,
2014). DNA sequences of LMW glutenin and gliadin genes
were mined from the Chinese Spring reference genome RefSeq v1.0 (International Wheat Genome Sequencing Consortium, 2018) and compared with that of these five LTP genes.
The phylogenic tree shows the five LTP genes share sequence
similarities to LMW glutenin and gliadin genes (Supplemental Figure S5), suggesting they may possibly be new gliadins
or LMW glutenin genes.
Because of incomplete assembly anchoring, the significant
SNPs on chromosome 6D are possibly linked with the GliD2 locus instead of the LTP gene (TraesCS6D02G048200).
In the Chinese Spring reference genome RefSeq v1.0 (International Wheat Genome Sequencing Consortium, 2018), the
Gli-D2 locus was anchored to Chromosome Unknown. The
Gli-D2 locus was assembled successfully on chromosome
6D in ‘Norin 61’, ‘Mace’, and ‘Stanley’ genome assemblies
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F I G U R E 7 Prediction ability of different genomic selection (GS) approaches for each end-use quality trait in cross-validation. TestWT, test
weight; G_Pro, grain protein; F_Pro, flour protein; MixoAb, mixograph absorption; MixoMT, mixograph mix time; BakeAb, bake absorption;
BakeMT, bake mix time; Volume, loaf volume. Grain protein or flour protein was used as the secondary trait in uniGS.Covar and multiGS models
when predicting an end-use quality trait

(Walkowiak, S., et al., 2020). When comparing the Gli-D2
locus and its surrounding region of Norin 61, Mace, and Stanley to that of Chinese Spring, the missing region in Chinese
Spring is ∼4.64 Mb, starting at 26,307,806 bp. The Gli-D2
locus is ∼0.7 Mb into this missing region. The closest significant SNP at 23,063,202 bp is 3.2 Mb upstream of this missing region. Furthermore, in that 3.2-Mb upstream region, it
appears there are some large (>10 kb) rearrangements (real
or assembly error) that could be interfering with the ability to
detect significant associations. There are 11 SNPs in this 3.2Mb upstream region; of those, SNP at 24,484,257 bp appear
to have some association with mixograph mixing time (P =
.00022) and bake mixing time (P = .0017) (Supplemental
Table S3).

3.4

Genomic selection

Three different genomic selection approaches were evaluated with both cross-validation and forward prediction. These
include univariate GS (uniGS) using only the target trait for
model training, univariate GS with a secondary trait as a
covariate (uniGS.Covar), and multivariate GS (multiGS). For
the latter two, the secondary trait used was grain protein or
flour protein. Grain protein in particular can be quickly and
cheaply measured in the early breeding stages using near
infrared reflectance.
In cross-validation, prediction ability from the uniGS
model, which was using genomic data to predict the trait
of interest, ranged from 0.25 to 0.55 for different end-use
quality traits (Figure 7; Supplemental Table S4). Reflecting
the power of incorporating secondary traits, the uniGS.Covar
and multiGS models performed similarly across the traits and
oftentimes much better than the uniGS model. For traits hav-

ing a high correlation coefficient with the secondary trait (e.g.,
mixograph absorption/bake absorption with flour protein),
prediction abilities were significantly boosted using either the
uniGS.Covar or multiGS model. However, the performance of
both models are comparable with the prediction using the secondary trait only (essentially by genetic correlation). In contrast, for traits having low correlation with the secondary trait
(e.g., mixograph mixing time/bake mixing time with grain and
flour protein), the performance of the three models was similar indicating no significant additional information from the
secondary trait. Previous work also showed increased prediction accuracy using highly correlated traits but not with low
correlated traits (Calus & Veerkamp, 2011; Jia & Jannink,
2012; Lado et al., 2018). Noticeably, for traits with an intermediate correlation with the secondary trait (e.g., loaf volume
with grain/flour protein), both kinship matrix and traits correlation contributed to the improvement of prediction ability in
uniGS.Covar and multiGS models. For example, the prediction ability of loaf volume was increased from 0.34 to 0.48
even though the observed correlation was only 0.36 between
loaf volume and flour protein.
Considering forward prediction, which is the situation
where GS is applied in a breeding program, the prediction
ability of the uniGS model is usually lower than that in crossvalidation. The cross-validation is not impacted by G×E interactions and new breeding lines having different relationship to
the training population, which lowers the performance of this
model in forward predictions. Battenfield et al. (2016) also
reported this overinflation in prediction ability from crossvalidation and explained this overinflation was likely caused
by the leverage of information from relatives and lack of
G×E interactions in cross-validation. In contrast to the uniGS
model, the uniGS.Covar and multiGS models perform better in forward prediction (Figure 8; Supplemental Table S5)
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F I G U R E 8 Prediction ability of different genomic selection (GS) approaches for each end-use quality trait in forward prediction, where 335
entries from 2015–2016 were used to predict 127 new entries in 2017. G_Pro, grain protein; F_Pro, flour protein; MixoAb, mixograph absorption;
MixoMT, mixograph mixing time; BakeAb, bake absorption; BakeMT, bake mixing time; Volume, loaf volume. Grain protein or flour protein was
used as the secondary trait in uniGS.Covar and multiGS models when predicting an end-use quality trait. Test weight and bake score were not
measured in 2017

than in cross-validation and have the highest prediction ability when the correlation between the target trait and secondary trait in the new testing year is similar to the one
calculated from the historical data (which was used in the
training population) (Supplemental Table S6). Similarly, for
traits with high correlation with secondary traits (e.g., bake
absorption with grain and flour protein), the uniGS.Covar
model and the multiGS model perform comparably with the
prediction by secondary trait only. For traits having moderate correlation with a secondary trait in the new generation,
both uniGS.Covar and multiGS models improve the prediction ability greatly by leveraging information from the secondary trait and the kinship matrix. For example, the prediction ability of loaf volume increased from 0.24 to 0.62 when
incorporating grain protein, which has an observed correlation of 0.52 to loaf volume. This finding has its significance as
the prediction of loaf volume, which is the final target trait for
end-use quality in hard-winter wheat, can be greatly improved
by using grain protein as a secondary trait in the early breeding
stage. The measurement of grain protein is rapid and inexpensive, which enables screening breeding populations in a large
scale for loaf volume with wide genetic variation in early generations by uniGS.Covar or multiGS models. Using current
costs of approximately US$100–200 per sample for full quality evaluation and US$10 per sample for GBS and measuring for grain protein, the expected gain from running 10 times
more samples through genomic selection would be 1.4–2.7
times higher than the gain from selection with phenotyping in
the quality lab (Battenfield et al., 2016).
We also evaluated the uniGS.Covar and multiGS models for
predicting loaf volume with including more than one correlated trait (grain protein, flour protein, mixograph absorption,

and bake absorption), but the increase in the prediction ability was not significant (data not shown). It is likely because
most of the other traits are correlated with grain and flour protein, therefore, the inclusion of these traits is not as helpful.
This is also observed by Lado et al. (2018), who concluded
that “the use of only one correlated trait in the model was the
most effective way to increase the predictive ability with fewer
resources.”

4

CONCLUSIONS

In hard-winter wheat breeding, there is a challenge for
addressing end-use quality that will nourish the growing population. End-use quality is typically assayed six or more years
after an initial breeding cross, requiring a considerable investment of time and resources prior to and during the evaluations. We found multiple SNP variants associated with mixograph mixing time and bake mixing time that could be used in
marker-assisted selection to accelerate the breeding process.
In addition, through the implementation of genomic prediction models, breeders will be able to predict quality traits and
select on a large number of lines in the early breeding stage.
In this study, the uniGS.Covar and multi.GS models demonstrated GS leveraging secondary traits that can be easier and
cheaper to measure (e.g., grain protein) than full quality evaluation. These models then have sufficient accuracy for selections or culling inferior materials prior to advanced testing.
Furthermore, yield can also be predicted with GBS data in
early stages, and superior progenies with high yield and high
quality can be identified to increase the leveraging and utility
of the genotyping investment (Belamkar et al., 2018; Haile
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et al., 2018; He et al., 2016). Although often negatively correlated (Laidig et al., 2017; Michel et al., 2019; Simmonds,
1995; Yao et al., 2018), the relatively low negative correlation supports that variation does exist to permit simultaneous
improvement of yield and quality if given larger population
sizes, effective selection tools, and proper selection weighting. Furthermore, near-zero or positive correlations between
yield and quality can be found in some biparental crosses
through simulations coupled with genomic selection to effectively select for the best crosses to simultaneous improving
yield and quality (Yao et al., 2018). Together, early generation
testing and a much larger number of lines afforded by integrative genomic prediction models with grain or flour protein
hold potential to greatly increase the efficiency for breeding
high quality and high yield wheat varieties.
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