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derived for 19 end-use quality traits in 398 accessions, and 
were then assayed in 2420 diverse wheat accessions. The 
accessions were grown out in multiple locations and multi-
ple years, and were genotyped for 51208 SNP. Incorporat-
ing NIR and NMR phenotypes in the multi-trait approach 
increased the accuracy of genomic prediction for most qual-
ity traits. The accuracy ranged from 0 to 0.47 before the 
addition of the NIR/NMR data, while after these data were 
added, it ranged from 0 to 0.69. Genomic predictions were 
reasonably robust across locations and years for most traits. 
Using NIR and NMR predictions of quality traits overcomes 
a major barrier for the application of genomic selection for 
grain end-use quality traits in wheat breeding.

Introduction

Grain end-use quality traits, such as milling yield, dough 
rheology, baking, and noodle traits are among the most 
important in wheat breeding. However, these traits are dif-
ficult to breed for as their assays require flour quantities 
that can only be obtained late in the breeding cycle, and 
are expensive. These traits are therefore an ideal target for 
genomic selection, where traits are predicted for candidate 
wheat lines early in the breeding cycle using genome-wide 
marker effects for such traits (e.g. Guzman et al. 2016). As 
for other traits, the key parameters determining the accuracy 
of genomic predictions for grain end-use quality traits will 
be the size of the reference (or training) population where 
the marker effects are estimated, the extent of linkage dise-
quilibrium between markers and the mutations (QTL) affect-
ing the trait, and the heritability of the trait (Daetwyler et al. 
2008; Goddard 2009). Traits with low heritability require 
much larger reference populations to achieve the same accu-
racy of prediction as traits with moderate or high heritability.
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The heritability of grain end-use quality traits in wheat 
that have been reported encompass a wide range. For exam-
ple, O’Brien and Ronalds (1987) reported broad-sense herit-
abilities in Australian wheat varieties from 0.15 for farino-
graph measured dough development time, to 0.88 for grain 
hardness, with an average heritability of 0.54 across 15 traits 
measured. Pearson et al. (1981) reported that, in early seg-
regating generations (F2, and F3) of a genetically diverse 
wheat population, pearling resistance, Pelshenke time and 
1000 kernel weight had high heritabilities (0.72–0.80), flour 
yield had an intermediate heritability (0.57) while grain pro-
tein content had a low heritability (0.19). Baker et al. (1971) 
assessed the heritability of 25 grain end-use quality traits 
in Canadian hard red spring wheat cultivars. Heritabilities 
ranged from 0.26 for diastatic activity to 0.89 for pigment 
content, with average heritabilities of milling, flour, farino-
graph, extensograph and baking traits of 0.66, 0.69, 0.71 and 
0.72, respectively. All these estimates are broad-sense herit-
abilities, while the key parameter for determining the accu-
racy of genomic selection for cumulative additive genetic 
gain, is the narrow-sense (additive component) heritability. 
By using a diallele cross of parents and assessing grain end-
use quality characteristics in their F2 progeny, Barnard et al. 
(2002) were able to determine narrow-sense heritabilities for 
a range of traits, and compare these to broad-sense heritabil-
ity estimates. Narrow-sense heritability estimates were on 
average half that of the broad-sense heritabilities, and ranged 
from 0 for falling number to 0.71 for 1000 kernel mass. The 
average narrow-sense heritability was 0.3. While lower 
than broad-sense heritabilities, 0.3 is more than sufficient 
to derive genomic breeding values with useful accuracy, as 
has been demonstrated in species ranging from loblolly pine, 
rice, cassava, meat and wool sheep and dairy cattle (Resende 
et al. 2012; Spindel et al. 2015; Ly et al. 2013; Daetwyler 
et al. 2012; Wiggans et al. 2011).

While the heritability of grain end-use quality traits is 
unlikely to be the limiting factor in genomic prediction of 
end-use quality, small reference population size may be. This 
size of reference set required depends on the genetic diver-
sity, or effective population size of the selection candidates. 
If the goal is to predict within bi-parental populations, quite 
small reference populations may be sufficient. Heffner et al. 
(2011) compared the phenotypic and genomic prediction 
accuracy of genetic value for nine different grain quality 
traits within two bi-parental soft winter wheat (Triticum 
aestivum L.) populations, with only 96 lines in each popu-
lation. They observed accuracies in cross-validation ranging 
from 0.36 for softness to 0.68 for pre-harvest sprouting, with 
an average of 0.52 across traits, using a BLUP method of 
genomic prediction (e.g. Meuwissen et al. 2001). This is 
a useful level of accuracy; however, genomic predictions 
derived from one bi-parental population are very unlikely 
to work in another, that is the prediction equation will be 

unique to each set of crosses. In order to derive genomic pre-
dictions that are accurate across more diverse material, much 
larger reference sets will be required. For example, Batten-
field et al. (2016) assessed the accuracy of genomic predic-
tion for grain end-use quality traits in advanced lines of the 
CIMMYT spring bread wheat breeding program. Using a 
much larger reference population (reference set = 3659 lines 
grown from 2009 to 2014, validation set = 1345 lines grown 
in 2014), they achieved similar accuracies, which ranged 
from 0.26 for grain hardness to 0.65 for mixograph mix time.

Assembling large reference sets for grain end-use quality 
traits is particularly challenging, due to their assays requir-
ing large amounts of flour and being expensive. Historically, 
such data have been collected only on a limited number of 
lines. Consequently, predictors of grain end-use quality, 
such as near infrared (NIR) (e.g. Delwiche et al. 1998) and 
nuclear magnetic resonance (NMR) (e.g. Chambers et al. 
1989) may provide a solution. These techniques require 
much smaller quantities of flour and can have substantially 
lower cost. One potential approach to building a reference 
set large enough for accurate genomic predictions of end-use 
quality would be to develop predictions for these traits based 
on NIR and/or NMR, assess a large number of lines with 
these assays, and combine with available end-use quality 
data (from industry standard assays) in a multi-trait analysis.

Our aim was to assess the accuracy of genomic predic-
tion for end-use quality (19 traits) that could be achieved 
with this approach, using as a reference a large number of 
diverse wheat accessions, grown across multiple sites and 
multiple years, that had either industry end-use assays (398 
accessions), or NIR and NMR predictions of these traits 
(2076 accessions).

Materials and methods

Germplasm

The reference population for genomic predictions included 
2076 bread wheat accessions from

• bread wheat accessions representing worldwide germ-
plasm from Australian, Canadian and USA varieties with 
known end-use characteristics,

• Australian released varieties from the Australian winter 
cereal collection with known grain quality and end-use 
characters,

• Dow AgroSciences breeding germplasm, and
• a number of synthetic derivatives (derived from back-

crossing a subset of the primary synthetics, described in 
van Ginkel and Ogbonnaya 2006, to adapted Australian 
wheat varieties) lines for T. aestivum × Aegilops triun‑
cialis crosses.
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In 2012–2013, 920 accessions from the above were grown 
in rows under rain-fed field conditions at Horsham, Victo-
ria, Australia. In 2013–2014, 1500 accessions were grown 
under irrigated and rain-fed conditions at Horsham Victoria, 
Australia.

The validation set for genomic predictions included sub-
sets of the above (defined below), as well as separate valida-
tions released varieties grown in national National variety 
trials (NVT, http://www.nvtonline.com.au/). The NVT trails 
included multiple evaluation sites across Australia.

The location and number of lines included in the refer-
ence and validation at each location are presented in Fig. 1.

Genotypes

All accessions in the reference set were genotyped with 
the Illumina 90 K wheat array, as described in Wang et al. 
(2014). After filtering to remove SNP with high missing 
data, low minor allele frequency control, filtering on quality 
score, and assessment of accuracy of imputation of missing 
genotypes, 51 208 genetically mapped SNP remained for 
genomic predictions. Missing genotypes (10% of the data) 
were imputed with Beagle v3 (Browning and Browning 
2009). Default parameters were used, and the map used for 
the Beagle imputation was the genetic map described by 
Wang et al. (2014). Missing genotypes were imputed with 
an average r2 of 0.85.

Phenotypes

End‑use quality traits

398 accessions were evaluated for 19 end-use quality assays, 
including grain traits, milling traits, dough rheology traits, 
and baking traits, Table 1. The traits were evaluated using 
the methods described in Panozzo et al. (2014) and AACC 
76-21 (AACC International Approved Methods, General 
Pasting Method for Wheat or Rye Flour or Starch Using the 
Rapid Visco Analyser (2000)), and CCD 07-06 (2010) Yel-
low Alkaline Noodles, Supplement Official Testing Methods 
of the Cereal Chemistry Division. The accessions evaluated 
included the varieties obtained from the Australian National 
Variety Trials, and a subset of the accessions grown at Hor-
sham. Collectively, these accessions covered the spectrum 
of wheat quality classes.

NIR traits

The grain samples were cleaned over a 2.0-mm sieve. The 
reflectance spectra, Log (1/R), were collected on the clean 
grain using a NIR Systems XDS (Foss Pacific Pty Ltd, 
Denmark) equipped with transport module. Spectra were 
recorded across a range of 400–2498 nm with 0.5-nm wave-
length increment. Diffuse reflectance readings of a ceramic 
tile were referenced before and after the sample scan. The 
wheat samples were equilibrated to 21 °C for 24 h prior to 
analysis.

The collected Vis–NIR spectra were corrected for scat-
ter with standard normal variance (SNV) and de-trending. 
Mathematical treatments included the following: for the 
grain and milling traits, first-order derivative with gap of 
four and smooth size of four data points on NIR spectra; 
for dough rheology and baking traits, second-order deriva-
tive with gap of five and smooth size of five data points 
on NIR spectra; for flour colour and noodle colour stability 
traits, first-order derivative with gap of four and smooth size 
of four data points on Vis–NIR spectra. Calibrations were 
developed by using modified partial least squares (mPLS) 
algorithm and cross-validation technique. WinISI software 
V 4.6.11.14874 (Infrasoft International LLC, USA) was 
used for all data processing. The r2 of the NIR prediction 
equation, assessed with cross-validation, and standard errors 
in the reference population, is given in Table S1.

NMR traits

Grain samples (50 individual undamaged seed) were 
ground (and a subsample (25 mg) extracted in deuterated 
solvent  [CD3OD–D2O (1 mL, 80:20, v/v)]). The sample 
was vortexed, then sonicated for 10 min and centrifuged at 
13,000 rpm for 5 min at 20 °C. The supernatant (600 μL) 

Fig. 1  Location of grow-out for accessions evaluated for end-use 
quality traits. Sites other than Horsham were Australian National 
Variety trial sites. The size of the circle at each location and in each 
colour represents the number of accessions evaluated in that year. 
Actual numbers of accessions at each site in each year are given in 
Supplementary Table 1

http://www.nvtonline.com.au/
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Table 1  End-use quality traits and description, broad-sense heritabil-
ity (H2), proportion of total variation explained by genotype by loca-
tion interaction (GxL), the narrow-sense heritability (h2) estimated 

with the SNP, and the proportion of genetic variation that is additive 
compared to total genetic variation (h2/H2)

nc not converged

Trait group Trait Abbreviation Description H2 GxL h2 h2/H2

Grain traits Test weight TW Grain bulk density 0.62 0.01 0.46 0.75
Grain weight GWT 1000 grain weight 0.64 0.00 0.50 0.78
Grain hardness SKCS_Hard SKCS hardness index nc 0.00 0.13
Grain protein content GP Grain protein percentage 0.69 0.00 0.56 0.81

Milling traits Falling number FN Alpha amylase activity 0.69 0.02 0.55 0.80
% Screenings SCR % Weight below a 2-mm sieve 0.80 0.01 0.55 0.69
Milling yield MY % Flour yield 0.90 0.01 0.83 0.93
Flour protein FProtein Flour protein percentage 0.21 0.00 0.17 0.81
Ash content Ash Furnace method 0.54 0.00 0.43 0.79
Flour brightness L_FI Colorimeter measurements 0.82 0.00 0.73 0.89
Flour red/greeness a_FI Colorimeter measurements 0.83 0.00 0.76 0.92
Flour yellow/blueness b_FI Colorimeter measurements 0.95 0.00 0.93 0.97
Starch damage SD % Damaged starch granules from milling 0.74 0.04 0.66 0.88

Dough rheology Water absorption WA Farinograph 0.77 0.00 0.69 0.90
Dough development time DDT Farinograph 0.74 0.00 0.61 0.82
Dough stability Stability Farinograph 0.69 0.00 0.56 0.81
Dough breakdown DB Farinograph 0.81 0.00 0.71 0.88
Extensibility EX Extensograph 0.65 0.00 0.51 0.79
Maximum resistance RM Extensograph 0.84 0.00 0.74 0.88
Area under the curve AREA Extensograph 0.81 0.00 0.69 0.84
Pasting viscosity RPV Rapid Visco Analyser 0.83 0.00 0.74 0.89
Amylose percentage extracted starch Amylosepent Amylose percentage extracted starch 0.59 0.00 0.40 0.67
% a-type starch granules apercent % a-type starch granules 0.78 0.01 0.69 0.89
% b-type starch granules bpercent % b-type starch granules 0.78 0.01 0.70 0.89
% c-type starch granules cpercent % c-type starch granules 0.70 0.00 0.59 0.85

Noodle traits 0-h Noodle brightness yan0_L Colorimeter measurements 0.82 0.00 0.73 0.89
0-h Noodle red/greeness yan0_a Colorimeter measurements 0.72 0.00 0.59 0.81
0-h Noodle yellow/blueness yan0_b Colorimeter measurements 0.83 0.00 0.74 0.88
24-h Noodle brightness yan24_L Colorimeter measurements 0.81 0.01 0.71 0.87
24-h Noodle red/greeness yan24_a Colorimeter measurements 0.57 0.00 0.42 0.73
24-h Noodle yellow/blueness yan24_b Colorimeter measurements 0.77 0.02 0.63 0.82
Colour difference brightness yanDiff_L Calculation 0.75 0.04 0.63 0.84
Colour difference red/greeness yanDiff_a Calculation 0.36 0.06 0.25 0.68
Colour difference Yellow/blueness yanDiff_b Calculation 0.58 0.00 0.43 0.73

Baking traits Mixing time MixTime baking 0.65 0.00 0.52 0.80
Loaf volume LoafVol Bread 0.68 0.04 0.53 0.78
Loaf texture Texture Softness nc 0.00 0.22
Crumb structure Structure Bread 0.16 0.13 0.32
External appearance ExtApp Bread 0.11 0.00 0.10 0.92
Crumb colour CrumbCol Bread 0.72 0.00 0.59 0.82
Crumb brightness Lstar Colorimeter measurements 0.61 0.01 0.40 0.66
Crumb red/greeness aStar Colorimeter measurements 0.83 0.02 0.74 0.89
Crumb yellow/blueness bStar Colorimeter measurements 0.80 0.00 0.71 0.89
Total bake score TotalScore Texture + structure + ext app + crumb col 0.47 0.00 0.40 0.84
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was transferred to an NMR tube. Proton spectra were 
obtained on a Bruker 700 MHz instrument equipped with a 
cryoprobe. A Bruker pulse sequence was used 18 ppm spec-
tral range with 80 scans collected after 8 dummy scans. A 
line broadening of 0.3 Hz was applied to all spectra prior 
to Fourier transformation. Spectra were manually phased, 
and baseline corrected in Topspin 3.1. Samples were refer-
enced to residual methanol (3.31 ppm). Data were analysed 
in MATLAB R2014b (The Mathworks, Inc.) using PLStool-
box (Ver 9.2, Eigenvector Research). The data were pre-pro-
cessed removing solvent signal and normalising to total sig-
nal area prior to genetic algorithm variable selection, using 
the align peaks and align spectra packages. Calibrations 
were developed from the lab quality set (398 accessions) 
using partial least squares regression (SIMPLS package) on 
autoscaled data with venetian blinds cross-validation (using 
the crossval package in the PLStoolbox). The venetian blinds 
cross-validation procedure divides the data up into n folds, 
then runs n cross-validations with a fold left out at each 
point. Predictions were tested against 20% of the calibration 
data which was withheld from initial modelling (e.g. fivefold 
cross-validation). Mean square error was the criteria used to 
assess predictions. Permutation testing (50 iterations) was 
also employed to ensure statistical robustness (using the Per-
mutetest package). Resultant calibrations were then applied 
to the spectra from the remaining accessions to predict end-
use quality data. The spectra were complex, containing a 
mix of both small and large water-soluble carbohydrates, 
organic acids, amino acids and phenolics. Starch was not 
extracted using this methodology. The r2 of the NMR predic-
tion equation, assessed with cross-validation, and standard 
errors in the reference population, is given in Table S2.

Genomic heritability and genotype by environment 
interactions

The model fitted to the end-use quality data was

where y is a vector of quality phenotypes, 1n is a (number of 
phenotypes × 1) vector of ones, daysheading, daysgrain filling, 
daysphysiological maturity, were fixed effects (covariates), 
respectively, representing the number of days the accession 
took to flower in the location and year the phenotype was 
measured in, the number of days the accession took to com-
plete grain filling in the location and year the phenotype was 
measured in, and the number of days the accession took to 
reach physiological maturity in the location and year the 
phenotype was measured in, location is a fixed effect for the 

(1)
y = 1n� + ����������� + ������������������������� + ���������������� + ��������

+ ���� + ���� �� ���� + �������� × ���� + ��������� + ��������� × ��������

+ ��������� × ���� + ��������� × �������� × ���� + �,

location of growing, year is the fixed effect for year (2011, 
2012 or 2013) the accession was grown in, hard or soft is a 
fixed effect for hard versus soft wheats, and e is a random 
error term. Accession, accession × location, accession by 
year, and accession × location × year were fitted as random 
effects, assumed normally distributed with a mean of zero, 
and variance the genetic variance (�2

G
) and genotype × loca-

tion variance (�2

G×L
), genotype by year variance (�2

G×Y
), and 

genotye by location by year variance (�2

G×L×Y
). The 

co(variances) between accessions were assumed to be zero 
in the first analysis, to calculate broad-sense heritabilities, 
and G in the analysis to estimate genomic heritabilities. The 
(accession × accession) matrix G was constructed from the 
51208 SNP genotypes as described by VanRaden (2008). 
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E
 were estimated assuming no covari-

ance between accessions (Holland et al. 2003), and L, Y and 
R are the number of lines, number of years and R is the 
number of replications. The genomic heritability was esti-
mated in the same way, but �2

G
 was calculated assuming the 

relationships among the accessions were G (with an additive 
model of SNP action). Variance components were estimated 
with ASREML (Gilmour et al. 2009).

Multi‑trait analysis to incorporate NIR and NMR data

The NIR and NMR data were included by considering the 
predicted values for each quality trait from either NIR or 
NMR as a correlated trait with the quality trait as measured 
by industry end-use assay. NIR and NMR data were consid-
ered separately. The model fitted was

where y1 and y2 are phenotypes (trait 1 is end-use quality 
assay measurement, trait 2 is either the NIR or NMR predic-
tor of the trait), I1 and I2 are identity matrices, µ1 and µ2 are 
the vector of intercepts of end-use quality assay and NIR or 
NMR predictor, respectively, X1 and X2 are design matrices 
for fixed effects, b1 and b2 are vectors of fixed effects relat-
ing to each trait (e.g. days heading, days physiological matu-
rity, days grain filling, location and year), Z1 and Z2 are the 
design matrices that relate accessions with phenotypes, g1 
and g2 are genomic breeding values for accessions for 
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end-use quality assay and NIR or NMR predictors, respec-
tively, and e1 and e2 are vectors of random residuals for end-
use quality and NIR or NMR predictors. It was assumed that 
[

g�
g�

]

 ∼ MVN(0,GT), where T  = 

[

��
g�

�
g��

�
g��

��
g�

]

, the vari-

ance–covariance matrix of end-use assay and NIR or NMR 
predictor, G is the genomic relationship matrix between 
a c c e s s i o n s  a s  d e s c r i b e d  a b o v e ,  a n d 
e�
e�

∼ MVN(�, I⊗ R), where R =

[

𝝈�
e�

𝝈
e��

𝝈
e��

𝝈�
e�

]

 and MVN is 

multi-variate normal. Variance components were estimated 
with ASREML (Gilmour et al. 2009).

Genomic predictions

For the single-trait analysis (end-use assay data only, 
measured using industry standard assays), the accuracy of 
genomic prediction was assessed in two ways. First, the 
accessions grown at Horsham in 2013 (116 with end-use 
quality data) were excluded from the reference set. Genomic 
estimated breeding values (GEBV) were calculated for these 
accessions using model (1) above (that is their trait data 
were not included in the analysis, but genomic estimated 
breeding values for these accessions were estimated as they 
were included in the genomic relationship matrix). The cor-
relation of the GEBV and phenotype (corrected for fixed 
effects, y*) was taken as the accuracy of genomic prediction. 
This correlation was performed for hard wheats (n = 74 in 
the validation) and soft wheats (n = 42) separately, to avoid 
a high correlation due to just predicting hard or soft wheat 
type. This approach calculates the accuracy of genomic pre-
diction for a single location in a single year.

A second approach aimed to assess how robust the accu-
racy of genomic prediction was across years and locations. 
For each of the Australian national variety trials (which test 
elite varieties each year, and defined by year and location) 
in Fig. 1, phenotypes for each trait for all accessions in that 
trial were predicted (for more information on national vari-
ety trials, including which lines were grown in each loca-
tion and in each year, see http://www.nvtonline.com.au). The 
numbers of accessions at each site in each year are given in 
Supplementary Table 1. When each trial was predicted, data 
for accessions in that trial were completely omitted from 

the reference used to calculate the genomic breeding values, 
such that the validation sets were always independent of the 
reference set.

For multi-trait predictions, the validation set was always 
the accessions grown at Horsham in 2013 with end-use 
quality data (116 accessions). Genomic estimated breed-
ing values (GEBV) for end-use quality were calculated for 
these accessions using model (2) above. The NIR data or 
NMR data contributed through the genetic correlation with 
the end-use quality data, and NIR and NMR data for other 
accessions—the NIR and NMR for the 116 validation lines 
were completely excluded from the analysis. This correlation 
was performed for hard wheats (n = 74 in the validation) and 
soft wheats (n = 42) separately, to avoid a high correlation 
due to just predicting hard or soft wheat type. A potential 
source of over prediction is that the 116 accessions were 
included in the derivation of the NIR and NMR prediction 
equations. To assess the impact of this, we performed addi-
tional analyses (accuracy of GEBV) with NIR data from 
2012 only, that did not include the 116 accessions in the 
derivation of the prediction equation.

Even though we attempted to correct for the effect of 
phenology in our model by fitting heading date, grain fill-
ing period and age at physiological maturity, it could be 
argued that with such a wide range of phenology, part of 
the accuracy of our genomic predictions is actually derived 
from predicting phenology and its subsequent effect on end-
use quality, rather than the variation in end-use quality that 
would be expected in lines with similar phenology. To test 
this, we calculated the accuracy of genomic prediction, r 
(GEBV, y*), in subsets of lines that were within 10 days of 
flowering of one other.

Results

Broad‑sense heritabilities, genomic heritabilities 
and G × L

The proportion of variance in the end-use quality traits cap-
tured by accession was high (0.60–0.80) for most classes 
of traits (Table 1). The proportion of variance explained 
by accession × location (G × L) effects was generally low 
(0.0–0.13), and none were significantly different to zero.

The SNP captured 10–93% of the total phenotypic vari-
ance, and 66–95% of the accession variance (Table 1). It is 
important to note that this is close to an estimate of the total 
genetic variance that is additive genetic variance, not an esti-
mate of the proportion of additive genetic variation captured 
by the SNP. We cannot easily estimate the latter as is done in 
human populations (e.g. Yang et al. 2010) because our popu-
lation includes a significant number of related individuals, so 

Fig. 2  Accuracy of genomic prediction (a). Validation set is only 
hard and soft wheats in 2013 Horsham trial, and (b). Accuracy of 
the average across validation set where each trial is a validation set 
(either Horsham 2012 or 2013, or National Variety trials in 2011 and 
2012). Accuracies were calculated within wheat type (hard or soft) 
then averaged. Error bars denote standard errors, calculated as the 
standard deviation of the accuracy across locations divided by the 
square root of the number of locations

◂

http://www.nvtonline.com.au
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the heritability will be more like the heritability that would 
be estimated from a pedigree (de los Campos et al. 2015).

Genomic predictions for quality traits

When the reference population included only the acces-
sions evaluated for end-use quality using industry standard 
assays, the accuracies of genomic prediction were quite 
variable (compare Fig. 2a from Horsham 2013 validation 
only with Fig. 2b, averaged across NVT and Horsham 
sites). Accuracies in both validations were highest for bak-
ing traits and noodle traits, and lowest for traits such as 
starch damage and ash content. Accuracy of prediction was 
similar for hard and soft wheats (for example, averaged 
across traits, accuracy of prediction with the Horsham 
2013 trial as the validation was 0.19 for hard wheats and 
0.23 for soft wheats).

Multi‑trait genomic predictions including NIR data

Two sets of NIR-predicted trait values were used, one 
from 2012 only, and one from predictions derived with 
combined 2012 and 2013 data. There is a potential issue 
of confounding with the predictions from the combined 
2012 and 2013 data, as the validation accessions (116 from 
Horsham 2013 field trial) were included in the derivation 
of the NIR prediction equation (but not the genomic pre-
diction equation). However, the 2012 data alone obviously 
have many fewer accessions in the reference population 
than the 2012 and 2013 data (950 versus 1500 accessions). 
Even with only the 2012 NIR and end quality assay data 
used as a reference (which has no confounding due to cali-
bration of the NIR prediction equation in the validation 
set), the accuracy of genomic predictions for nearly all 
end-use quality traits was increased, compared with a ref-
erence based on just the end-use quality measured using 
industry standard assays (146 accessions in this reference), 
Fig. 3. It is important to note that there was still consider-
able variability across traits in how much the accuracies 
were improved with the addition of the NIR prediction 
data. When the 2012 and 2013 data were used as a refer-
ence (excluding the validation set data), the increase was 
even greater, although a proportion of this increase may 
be due to the confounding mentioned above. The increase 
in accuracy of genomic predictions as a result of includ-
ing the NIR data in the reference set reflected the genetic 
correlations between the NIR trait predictions and the trait 
itself (Table 2). For example, for grain protein, the genetic 
correlation between the NIR-predicted values and assayed 
grain protein was 0.81, and therefore, there was a large 
increase in the accuracy of genomic prediction when the 
NIR data are included. In contrast, for Maximum strength, 

the genetic correlation between the NIR-predicted val-
ues and assayed trait was 0.2, and including NIR did not 
improve the accuracy of genomic prediction.

Multi‑trait genomic predictions including NMR data

The increase in accuracy of genomic prediction as a result of 
including the NMR predictions was greatest for grain protein 
and loaf volume, 20 and 21% increase, respectively (Fig. 4). 
Including NMR data increased the accuracy of prediction by 
on average 6.5% for hard wheats (Fig. 4a) and 6.7% for soft 
wheats (Fig. 4b).

The increase in accuracy of genomic prediction from 
including either NIR or NMR data was similar (Table 3), 
although the subset of traits predicted was slightly differ-
ent (Table 2). The average accuracies for grain traits, dough 
rheology traits and baking traits are at useful levels for wheat 
breeding programs, as discussed below.

We did run a tri-variate analysis for some traits, including 
NIR prediction, NMR prediction and end-use quality assay 
as separate traits, however, this did not improve the accuracy 
of genomic prediction (data not shown).

Analysis within phenology groups

For the validation set grown at Horsham in 2013 with end-
use quality data (116 accessions), phenology was very varia-
ble (261–313 days). It could be argued that with such a wide 
range of phenology, part of the accuracy of our genomic 
predictions is actually derived from predicting phenology 
and its subsequent effect on end-use quality, rather than 
the variation in end-use quality that would be expected in 
lines with similar phenology. We calculated the accuracy of 
genomic prediction, r (GEBV, y*), in subsets of lines that 
were within 10 days of flowering of one other, Table 4. The 
average accuracy from these subsets was quite close to the 
accuracy calculated across the lines, suggesting that the 
model is correctly removing the effect of phenology on the 
trait, and that the GEBV for end-use quality are reasonably 
independent of phenology.

Discussion

Grain end-use quality traits are among the most important 
determining the farm-gate value of a wheat variety, and 
therefore are a major target of wheat breeding programs. 
However, they are also among the hardest traits to improve 
because their assays are typically expensive, require large 
amounts of flour, and cannot be measured until late in the 
breeding cycle. Here, we have demonstrated that useful 
accuracies of genomic prediction can be obtained for dough 
rheology, baking and grain traits, using reference 
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Fig. 3  Accuracies of genomic prediction for quality traits for acces-
sions in the 2013 Horsham field trial validation, using end-use trait 
data only, NIR predictions of trait phenotype derived from 2011 to 
2012 data only, and NIR predictions of trait phenotype derived from 
2011, 2012 and 2013 data (multi-trait analysis). Accessions in the 
validation that were evaluated in other locations and in other years 

were removed from the reference set, that is they were unique to the 
validation. a For hard wheats, and b for soft wheats. Standard errors 
on the accuracies are approximately 0.11 for hard wheats and 0.15 
for soft wheats. In some cases, accurate NIR predictions of an end-
use quality trait could only be made using combined 2011, 2012 and 
2013 data, so prediction for 2011 and 2012 data is missing
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populations that have been evaluated for these traits with 
NIR and NMR. Using NIR and NMR predictions of quality 
traits overcomes a major barrier for the application of 
genomic selection for grain end-use quality traits in wheat 
breeding—namely that the size of reference populations that 
can be assembled for these traits has been limited by the cost 
of these end-use assays. The accuracy of genomic predic-
tions reported here is sufficiently high (greater than 0.5 for 
many traits) to allow breeders to select for many quality 
traits earlier in the breeding cycle to accelerate genetic gain. 
It is worth noting that we have measured accuracy here as 
the correlation of GEBV and phenotype in the reference 
population. As the GEBV only attempt to predict the genetic 
component (breeding value) of the phenotype, the upper 
bound of these accuracies for each trait is the square root of 
their genomic heritabilities (Table 1). So the accuracies of 
predicting breeding value r(GEBV,y

∗)
√

h2
, are in many case sub-

stantially higher than the accuracy of predicting 
phenotype.

The accuracies of genomic prediction we observed are 
broadly similar to those that have been previously reported 
for quality traits in wheat when both the reference population 
and validation population included diverse sets of acces-
sions (although the diversity of the validation set is unlikely 
to have been as diverse as ours). For example, Battenfield 

et al. (2016) reported an average across quality traits of 0.5, 
which is similar, though higher than our 0.4 when our ref-
erence set included NIR- or NMR-predicted phenotypes. 
Charmet et al. (2014) reported accuracies of 0.7 for grain 
test weight within populations, though this dropped to zero 
when across population prediction was attempted (reduced 
accuracy of genomic prediction across locations compared 
within a location was also reported for Fusarium head blight 
resistance in wheat, Rutkoski et al. 2013). Our results for 
across population prediction for grain test weight were 0.36 
(Fig. 2b). The fact that we observed better across population 
prediction may reflect the fact that we had a greater number 
of locations and years in the reference population (Fig. 1) in 
the reference set (e.g. 9 compared with 3 in Charmet et al. 
2014). The relative robustness of our predictions across loca-
tions and across years for most traits (see standard errors in 
Fig. 2b) may also reflect this composition of our reference 
population (multiple locations, multiple years). Lado et al. 
(2013) also observed that the best predictions between envi-
ronments were obtained when data from different years were 
used in the reference sets, for prediction of yield, thousand-
kernel weight, number of kernels per spike, and heading 
date for wheat varieties. The accuracies we observed for 
genomic prediction of end-use quality traits are lower how-
ever than reported by Heffner et al. (2011), in which a bi-
parental mapping population was considered. The higher 
accuracy of prediction in that study likely reflected the fact 
that within a bi-parental population, there is a very high 
degree of relationship, and limited variation, between refer-
ence and validation sets.

The reference set we used here encompassed a very broad 
range of germplasm, from current elite varieties to acces-
sions representing world-wide germplasm and synthetic 
wheats. It could be argued that the results of genomic pre-
diction in such material would not be representative of what 
could be achieved in current breeding programs with elite 
germplasm. However, we have validated our genomic pre-
dictions in material from the National Variety Trails (NVT), 
in which only elite current varieties are represented, and 
demonstrate that there is still reasonable accuracies in these 
validations. So, we consider the results of these validations 
(NVT) to be indicative of what could be achieved in breed-
ing program with elite germplasm.

One question is where does the accuracy of our genomic 
predictions come from? Accuracy of genomic prediction can 
be derived from markers in high linkage disequilibrium (LD) 
with QTL, where the linkage disequilibrium persists across 
the reference and validation populations, or it can be derived 
from linkage, where large chromosome blocks from parents 
in the validation, for example, are passed onto progeny, or 
some combination of linkage disequilibrium and linkage 
(e.g. Habier et al. 2013). We investigated the extent of link-
age disequilibrium in our population, and found that there 

Table 2  Genetic correlations between end-use quality assays and 
NIR or NRM predictors

Missing cells indicate that there was no NIR or NMR prediction for 
that trait

Trait NIR NMR

Test weight 0.79 0.69
Grain hardness 0.79
Grain protein content 0.81 0.64
Milling yield 0.35 0.77
Falling number 0.58
Ash content 0.25 0.47
Starch damage 0.69 0.44
Flour brightness 0.74
Flour red/greeness 0.88
Flour yellow/blueness 0.89
Amylose percentage extracted starch 0.43
Dough development time 0.29
Water absorption 0.59 0.44
Extensibility 0.39 0.85
Area under the curve 0.98
Pasting viscosity 0.45
Maximum resistance 0.20
Mixing time 0.62
Loaf volume 0.57 0.77
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Fig. 4  Accuracies of genomic prediction for quality traits for acces-
sions in the 2013 Horsham field trial validation, using end-use trait 
data only, and NMR predictions of trait phenotype derived from 
2011, 2012 and 2013 data (multi-trait analysis). Accessions in the 

validation that were evaluated in other locations and in other years 
were removed from the reference set, that is they were unique to the 
validation. a For hard wheats and b for soft wheats
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was significant LD that extended over several centimorgans, 
Fig. 5. This is consistent with other studies investigating 
the extent of LD in wheat, and with a relatively small effec-
tive population size for this crop (Chao et al. 2010). This 
extensive LD will contribute substantially to the accuracy 
of genomic predictions observed here, although the small 
proportion of close relatives in the reference and validation 
population would undoubtedly contribute as well.

For a small number of quality traits, the accuracy of our 
genomic predictions was limited (e.g. Dough Breakdown, 
Dough Stability, Starch Damage, % Screenings). One 
possible explanation for these observations could be low 

heritability, and/or that the proportion of genetic variation 
explained by the SNP was limited. However, this was not the 
case—the genomic heritabilities for these traits were 0.61, 
0.56, 0.67 and 0.74, respectively. Another possibility is that 
there are several QTL of large effect for these traits, and 
these QTL are segregating in some validation populations 
and not others (since our validation and reference sets are 
very diverse). For these traits, even larger reference popula-
tions may be required, such that the reference populations 
capture all segregating QTL in a range of validation popula-
tions, and these reference populations are sufficiently large 
that the QTL effects are estimated accurately (particularly if 
they have low minor allele frequencies). It is interesting to 
note that the addition of NIR and NMR did improve accura-
cies of genomic prediction for these traits (Figs. 3, 4), so an 
expanded reference set of NIR or NMR predictions would 
be useful to improve accuracies for these traits.

Here, we have focussed on the use of NIR/NMR predic-
tions of quality phenotypes to enlarge the reference popula-
tion for genomic predictions. This is a useful approach if the 
aim is to select plants at a very early stage in their develop-
ment for future breeding—that is a large number of seeds 
are produced from crossing, DNA is extracted from the seed 
or seedlings, and those with the highest genomic breeding 
values are selected to breed the next generation. An alter-
native application is to combine the NIR/NMR predictions 
with the genomic prediction to come up with a joint predic-
tion of performance of a particular variety. Many authors 
have pointed out this possibility, in both crops and other 
species, and in some cases demonstrated an improvement 

Table 3  Accuracy of genomic predictions, averaged across trait 
groups and with NIR- or NMR-predicted trait phenotypes included in 
a multi-trait prediction

* Only quality data in 2011–2012 (207 lines) used to derive NIR-pre-
dicted phenotypes, validation set excluded
** All quality data (398 lines) used to derive NIR-predicted pheno-
types

End-use 
assays 
only

End-use assay and NIR End-use 
assay and 
NMR2011–

2012 
NIR*

2011–2012–
2013 NIR**

Grain traits 0.14 0.21 0.39 0.34
Milling traits 0.10 0.14 0.16 0.12
Dough rheology 

traits
0.28 0.29 0.33 0.29

Baking traits 0.20 0.28 0.32 0.35

Table 4  Accuracies of genomic 
prediction for quality traits for 
accessions in the 2013 Horsham 
field trial validation, using 
end-use trait data and NIR 
predictions of trait phenotype 
derived from 2011, 2012 and 
2013 data (multi-trait analysis), 
across all validation lines and 
within phenology groups

To obtain the accuracy within phenology groups, the average accuracy, r (GEBV, y*), with subsets of vali-
dation lines that flowered within 10-day intervals. There were five intervals of flowering, these were 265–
274, 275–284, 285–294, 295–304, 305–315 days

Trait Hard wheats Soft wheats

Across all lines Within phenol-
ogy groups

Across all lines Within 
phenology 
groups

Total weight 0.35 0.34 0.56 0.65
Grain hardness 0.18 0.25 0.40 0.27
Grain protein 0.47 0.43 0.39 0.46
Milling yield 0.29 0.24 0.19 0.34
Ash 0.04 0.12 −0.07 0.11
Starch damage 0.25 0.22 0.25 0.27
Flour brightness 0.06 0.08 0.47 0.60
Flour red/greeness 0.63 0.60 0.69 0.39
Flour yellow/blueness 0.48 0.50 0.51 0.40
Water absorption 0.24 0.23 0.44 0.62
Dough extensibility 0.38 0.38 0.36 0.50
Dough strength maximum 

resistance
0.14 0.25 0.40 0.28

Loaf volume 0.35 0.32 0.30 0.40
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in accuracy of prediction, particularly using metabolomics 
data (Gartner et al. 2009; Vazquez 2016; Ward et al. 2015; 
Guo et al. 2016; Riedelsheimer et al. 2012; Xu et al. 2016). 
In our case, the NIR/NMR predictions were based on small 
quantities of flour, so making such combined predictions 
was not as useful as if the NIR/NMR predictions of quality 
could be made from single seeds. Potential to do this will be 
explored in future work.

In the approach used here, the NIR and NMR spectra 
were first processed to obtain a prediction for each qual-
ity trait, then these predictions were used as phenotypes in 
a multi-trait genomic prediction (where these phenotypes 
were considered to be different traits to the actual quality 
trait, but potentially with a correlation between the actual 
trait and NIR/NMR-predicted trait). An alternative would 
be to use features of the NIR/NMR data directly as predic-
tors. This approach is appealing, as a SNP may be associated 
with a large effect on a spectra feature (but a smaller effect 
on the actual quality trait), making it easier to detect, and 
include in the genomic prediction model. However, a very 
large number of traits might have to be analysed simultane-
ously, although dimension reduction techniques such as PLS 
(as used here) should be useful. These approaches will be 
explored in future work.

We have demonstrated that assembling reference popu-
lations with NIR and NMR predictions of end-use quality 
traits will be a cost effective way to derive genomic predic-
tions for selection candidates with useful accuracy for wheat 
breeding programs. How should these genomic predictions, 
and the NIR/NMR predictions, be applied in wheat breed-
ing programs? With genomic prediction accuracies of 0.4 
for many traits, one strategy would be to use the genomic 
predictions to remove 50–60% of progeny that result from 
crossing from further evaluation at an early stage (from 

testing seedling or even seed prior to sowing). Then very 
accurate predictions for quality traits could be made for the 
remaining lines at harvest by combining the genomic predic-
tions and NIR or NMR predictions of quality, for example, 
in the F2s. Only those F2s with excellent predicted quality 
would be continued in further generations of selfing, at each 
stage of which quality could again be predicted with NIR 
or NMR.

The predicted quality traits, and the genotypes of the 
lines, could be added back into the reference population for 
deriving genomic predictions at each stage, further increas-
ing the accuracy of predictions for the quality traits. At some 
stage in the future, accuracies may be high enough to confi-
dentially select a small set of lines for evaluation as potential 
release varieties. However, a very large reference population 
of lines with NIR- or NMR-predicted quality phenotypes 
would be required to achieve this.

Finally, it is worth pointing out that a major advantage 
of the genomic selection approach is that in the near future 
wheat breeders will have access to predictions of perfor-
mance for a new cross for quality, yield (e.g. Lado et al. 
2013; Poland et al. 2012) and disease resistance (e.g. Rut-
koski et al. 2013; Daetwyler et al. 2014), simultaneously, 
from the same DNA test, enabling wheat cycle times to be 
substantially accelerated.
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